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Abstract

In this paper, we perform an error analysis on
human and LLM annotation data from the re-
cent GUMBridge corpus for varieties of bridg-
ing anaphora. We explore the distribution of
precision and recall errors made by annotators
and how that distribution correlates with bridg-
ing subtypes. We find that while LLMs per-
form substantially worse than human annota-
tors, they are more balanced in their precision
and recall scores than humans, whose perfor-
mance strongly favors precision. With regard
to subtypes, we find that COMPARISON and
MERONOMY relations are easier to reliably an-
notate than the more broadly construed ENTITY
relations for both human and LLM annotators,
but that LLM errors are more distributed across
subtypes than human errors. Analyzing these
results, we provide insights for future annota-
tion projects on bridging anaphora.

1 Introduction

A “bridging anaphor” is a newly introduced entity
whose referent is inferable specifically due to its
relation to a previously introduced entity in the
discourse. Consider the following example:

(1) There is a house. The door is red.1

In the example above, the entity “the door” (the
bridging anaphor) is specifically understood to be
the door of the aforementioned “house” (the asso-
ciative antecedent).

Bridging has been shown to be a difficult phe-
nomenon to annotate, as it is dependent on the
annotator’s subjective understanding of entities and
entity relations in a discourse (Levine and Zeldes,
2025). Analyzing the different errors made by hu-
man and LLM annotators allows us to gain insights
into the strengths and limitations of each annota-
tion approach, which can be leveraged in future

1Bridging anaphora are marked in bold face, and their
associative antecedents are underlined.

efforts for the annotation of bridging anaphora, in-
cluding the formulation of prompts for LLM-based
approaches.

In this short paper, we investigate the following
questions to better understand the errors that occur
when annotating bridging:

RQ1 What types of errors (precision vs recall) dom-
inate human and LLM annotation of bridging
anaphora?

RQ2 How do sub-varieties of bridging anaphora
correlate with precision and recall errors in
human and LLM annotations?

2 Related Work

“Bridging” occurs when a discourse participant
constructs an implicature from the entity they are
currently processing back to an antecedent en-
tity (Clark, 1975). Bridging has been studied
from a variety of theoretical perspectives (e.g.,
Hawkins, 1978; Prince, 1981; Asher and Las-
carides, 1998; Baumann and Riester, 2012), and
linguistic resources have been constructed for var-
ious languages, including English (Markert et al.,
2012, Rösiger, 2018, Poesio and Artstein, 2008;
Uryupina et al., 2019), German (Schweitzer et al.,
2018, Eckart et al., 2012), Polish (Ogrodniczuk and
Zawisławska, 2016), and Czech (Nedoluzhko et al.,
2009). While there have been various neural and
rule-based systems for the identification of bridg-
ing instances (Rösiger et al., 2018, Yu and Poesio,
2020, Kobayashi et al., 2022), and other studies
of LLMs’ discourse capabilities (Li and Carenini,
2026), studies of LLMs’ abilities to detect bridging
anaphora are limited, with minimal benchmarks
available (Bu et al., 2025).

3 Data

For our investigation of errors in the annotation
of bridging anaphora, we leverage data from the



GUMBridge corpus, a recent effort to annotate sub-
varieties of bridging anaphora in English (Levine
and Zeldes, 2026a). Built on top of the multi-genre
GUM corpus (Zeldes, 2017), which includes pre-
existing entity mention and coreference annotations
(see Zeldes 2022 for detailed discussion), it uses an
information status based definition of bridging, and
a schema of sub-varieties with 3 main categories
for bridging relations: COMPARISON relations, EN-
TITY relations, and SET relations. The size of the
partitions of GUMBridge (in terms of tokens and
gold bridging instances) are shown in Table 1 (see
Levine and Zeldes 2026b for a descriptive analysis
of the corpus).

In order to investigate human errors in anno-
tation, we compare data from Levine and Zeldes
2026a’s existing inter-annotator agreement (IAA)
study on the annotation of the GUMBridge dev set
with the final adjudicated gold version of the dev
set. In the IAA study, the 32 documents in the dev
set (~30k tokens) were double annotated by pairs
of annotators. These annotators were provided with
extensive annotation guidelines and participated in
several hours of training prior to completing the an-
notation task. Please see Levine and Zeldes 2026a
for further details on the annotation procedure.

To investigate LLM errors in annotation, we
compare LLM predictions on the GUMBridge
test set with the corresponding gold annotations.
Levine and Zeldes 2026a provides several LLM
baselines for bridging resolution on the test set,
providing scores for several models. We use the
judgments from the best performing model, GPT-5,
for our error analysis. We also provide results for
another SoTA LLM, gemini-3.1-pro-preview,
using the same prompts/workflow as in Levine and
Zeldes 2026a, in order to have double annotated
SoTA LLM data to analyze. A brief summary of
this pipeline and the prompts used is included in
Appendix C.

All data analyzed in this paper is publicly avail-
able with the GUMBridge v1 release, including our
additional LLM annotations.2

4 RQ 1: Distribution of Error Types for
Human and LLM Annotators

Table 2 shows the performance of human and
LLM annotators on the identification of bridging in-
stances, i.e., the identifying the bridging anaphora

2GUMBridge data, code, and LLM results publicly avail-
able: https://github.com/lauren-lizzy-levine/gumbridge/

GUMBridge v1 Tokens Bridging
Instances

Bridging per
1k Tokens

Train 213k 4k 18.9
Dev 30k 732 24.5
Test 30k 562 18.6
Test2 18k 379 21.2

Total 291k 5.7k 19.6

Table 1: Distribution of bridging instances across GUM-
Bridge partitions.

Precision Recall F1-Score

Humans (dev)
Annotator 1 68.5 56.4 61.9
Annotator 2 67.2 44.8 53.8

Avg. 67.9 50.6 57.9

LLMs (test)
GPT-5 23.2 20.3 21.7
Gemini 27.6 28.9 28.2

Avg. 25.4 24.6 25.0

Table 2: Performance of human and LLM annotators
identifying bridging pairs (on dev and test respectively).

and correctly resolving it back to its associative
antecedent. Partial matches, i.e., correctly identi-
fying a bridging anaphor but not identifying the
correct associative antecedent, are counted as in-
correct. Avgerage and individual scores from the
double annotation of the dev set are reported, as
are the average and individual performances of the
2 LLMs on the test set. As one would expect, we
observe that the performance of LLMs is substan-
tially weaker than human annotators (avg. F1-score
∆ of 32.9). This aligns with recent work showing
that LLMs excel at tasks which are solvable by less
trained crowd workers, but often fail to reach the
level of skilled annotators on complex tasks (Kas-
ner et al., 2026). Additionally, we observe that the
precision and recall scores pattern differently for
humans and LLMs. Humans have notably higher
precision scores than recall scores (avg. ∆ of 17.3),
while the precision and recall scores of the LLM
baselines are much closer (avg. ∆ of 0.8).

To further explore the distribution of error types,
in Figure 1 we show the distribution of False Posi-
tive (FP) precision errors and False Negative (FN)
recall errors for humans and LLMs, including
whether one or both annotators made the same er-



Figure 1: Distribution of error types for human and
LLM annotators. FP and FN refer to errors committed
by a single annotator, while FPx2 and FNx2 refer to
errors committed by both annotators.

ror.3 The FP and FN categories are for instances
where an error was committed by only a single an-
notator, while the FPx2 and FNx2 categories are
for instances where the same error was committed
by both annotators. We once again see that human
annotators have a higher proportion of recall errors,
while the LLMs now have a higher proportion of
precision errors. This indicates that the two LLMs
were more varied in their False Positives than their
False Negatives, and that they are more likely to
over-generate than their human counterparts.

Additionally, we note that the human False Nega-
tives are roughly evenly split between being missed
by one annotator or both annotators, while the LLM
False Negatives are dominated by instances missed
by both models. This suggests that having multiple
human annotators will be more valuable than hav-
ing multiple LLM annotators when trying to have
broad coverage for identifying bridging anaphora,
as one human annotator is more likely than an LLM
to notice what another annotator has missed. How-
ever, variation in LLM errors suggests that query-
ing a broader range of models remains valuable,
as this diversity is essential for ensembling/voting
approaches to bridging anaphora identification.

5 RQ 2: Analysis of Subtype Errors for
Human and LLM Annotators

Every instance of bridging in the GUMBridge cor-
pus has a subtype annotation which contains one
or more subtype labels. These subtype labels fall
into three main categories:

3χ2 for error type (FP, FPx2, FN, FNx2) and annotator
type (human, LLM) is significant: X-squared = 212.09, df =
3, p-value < 2.2e-16

Figure 2: χ2 residuals for human error type (False Neg-
atives (FN), False Positives (FP), True Positives (TP))
and bridging subtype label. (X-squared = 168.73, df =
20, p-value < 2.2e-16)

COMPARISON Relations The anaphor is pre-
ceded by a descriptor which implies a comparison
to the antecedent (or vice versa) .

(2) I think her dog is nice, but I want to get a
bigger dog.

ENTITY Relations The anaphor is an attribute or
associated entity of the antecedent (or vice versa).

(3) There is a library around the corner. The
books are fantastic.

SET Relations There is a set/subset relation be-
tween the bridging anaphor and antecedent.

(4) My niece got several toys for her birthday.
Her favorite is the doll.

Within these three main categories, GUMBridge
distinguishes 10 sub-varieties, and there is an ad-
ditional OTHER category for a total of 11 sub-
varieties (see Appendix A for details).

In this section, we investigate whether the sub-
type(s) of a bridging instance influences whether
a human or LLM annotator will identify it. To do
this, we examine the distribution of bridging sub-
type labels and observed error types (including true
positives) for human and LLM annotators. Sub-
type labels for True Positives and False Negatives
are taken from the gold labels in GUMBridge dev
and test. The False Positive labels are taken from
annotator judgments.4 In Figure 2, we show the
residuals from a χ2 test for human error type and

4False Positives are not included in the LLM analysis be-
cause the LLM pipeline was divided into subtasks, and the
LLMs were not queried on subtype classification for FPs.



Figure 3: χ2 residuals for LLM error type (False Neg-
atives (FN), True Positives (TP)) and bridging subtype
label. (X-squared = 87.16, df = 10, p-value = 1.955e-14)

bridging subtype label, and in Figure 3, we show
the same for LLM error type.5

Looking at Figures 2 and 3, we see that both
human and LLM annotators have a higher propor-
tion of COMPARISON-RELATIVE, COMPARISON-
SENSE, and ENTITY-MERONOMY in their True
Positives, which indicates that these subcategories
are more reliably identified by both humans and
LLMs. This tendency likely reflects the fact that
these subtypes frequently have overt markers which
make them easier to recognize. For instance,
consider the following example of COMPARISON-
RELATIVE/COMPARISON-SENSE:

(5) I just had a piece of cake, and I want to
have another one.

In the example above, “another” is a compara-
tive marker which helps to identify the example as
an instance of COMPARISON-RELATIVE, and “one”
is a common lemma in instances of sense anaphora,
which helps to identify the example as an instance
of COMPARISON-SENSE. Both items appear in the
guidelines and in LLM prompt examples. Look-
ing at the False Negatives row, we also see that in-
stances labeled ENTITY-ASSOCIATIVE are the more
common ones to overlook for both humans and
LLMs. This is unsurprising, as associative entity re-
lations comprise the broadest sub-variety, covering
a variety of implicit relations which lack overt mak-
ers, such as relational nouns (e.g., a business →
the customer), implicit arguments (e.g., a murder
→ the victim), and prototypical associations (e.g.,
a wedding → the reception).

When we look at the human False Positives row
5The raw counts of the subtype labels that appear in each

error category are given in Appendix B

Figure 4: χ2 residuals for human and LLM False Nega-
tives and bridging subtype label. (X-squared = 61.472,
df = 10, p-value = 1.906e-09)

in Figure 2, we can see that COMPARISON-TIME

relations and the SET relations are more commonly
mistaken for bridging by human annotators. This
is likely because these semantic relations can occur
without being anaphoric (i.e., they can be inter-
preted without reference to the antecedent) but are
easily recognizable. As such, they may get flagged
by annotators even if they don’t fit the anaphoric
criteria for bridging anaphora. Consider the follow-
ing example:

(6) The 20th century was a time of rapid ad-
vancement. In particular, the 1960s were
an eventful period.

While the above is semantically an example of
a SET-SPAN-INTERVAL/COMPARISON-TIME rela-
tion, a discourse participant does not require “the
20th century” to interpret “the 1960s”, which is
understandable by itself (though by contrast, “the
60s” could bridge from a particular century).

While the general patterns for which subtype re-
lations are easier are relatively consistent between
LLMs and human annotators, we can also compare
the two directly by looking at the subtype label dis-
tribution of the False Negative occurrences for hu-
mans and LLMs. In Figure 4, we show the residuals
from a χ2 test for human and LLM False Negatives
and bridging subtype label. We see very clearly that
human errors of omission are concentrated on in-
stances of ENTITY-ASSOCIATIVE, while the errors
by LLMs are more spread across subtypes. How-
ever, a plurality of missed bridging instances for the
LLMs are ENTITY-ASSOCIATIVE (see Appendix
B), and as Figure 3 shows ENTITY-ASSOCIATIVE

is actually a difficult subtype category for LLMs,



just as it is for humans. As such, it is not the
case that LLMs perform very well on associative
bridging instances, just that their errors are more
spread across the subtypes, while humans are more
strongly concentrated on ENTITY-ASSOCIATIVE.

6 Conclusion: Takeaways for Future
Annotation Efforts

In this paper, we compared human and LLM errors
in the annotation of bridging anaphora. Looking at
the error distributions of human and LLM annota-
tors, we saw that:

• LLM annotators are worse overall

• Humans favor precision over recall, while
LLM are more balanced between the two

• Human variability can provide broader cover-
age of bridging than LLMs

Looking at the subtype distributions in the errors
of human and LLM annotators, we saw that:

• Human and LLM annotators find the same
bridging subtypes easier to identify

• Humans are prone to incorrectly identifying
SET relations as bridging instances

• Relative to humans, LLM errors are more dis-
tributed across bridging subtypes

Based on these findings, we see that for the time
being there is a clear advantage to using human an-
notators when creating data for bridging anaphora,
and that human annotation projects should focus
on finding a way to boost recall. In this regard,
LLMs may be useful for selecting candidates for
human annotators to consider as bridging anaphora.
LLMs may also be useful in flagging potential hu-
man errors due to inattention or misapplication
of guidelines (see Nahum et al. 2025; Chochlakis
et al. 2025). Finally, future annotation guideline
refinement should focus on further specifying the
ENTITY-ASSOCIATIVE subtype, as it is the most
difficult sub-variety for both human and LLM anno-
tators, as well as adding attention to non-anaphoric
set relations being mistaken for bridging anaphora.

Limitations

This effort focuses on performing error analysis
on annotation data produced by a previous paper.
As such, it is constrained by the limitations of the

data produced in that work (such as LLM False
Positives not having subtype annotations) and does
not create new bridging data besides an additional
LLM baseline. However, the comparison of hu-
man and LLM errors in the annotation of bridging
anaphora is previously unexplored, and we hope
the results of this analysis provide novel insights
for annotation work.
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COMPARISON-SENSE The type of the anaphor
is omitted but inferable via comparison to the an-
tecedent (e.g., a Chinese restaurant → the Italian
one).

COMPARISON-TIME The anaphor refers to a
specific time/time frame which is understandable
with reference to the time/time frame expressed by
the antecedent (e.g., Wednesday → yesterday).

ENTITY-MERONOMY The anaphor has a part-
whole relation with the antecedent, including
physical subparts, substance-portion, and re-
gions/subsections (e.g., a house → the door).

ENTITY-PROPERTY The anaphor is a physical
or intangible property of the antecedent, such as
smell, length, or style (e.g., a bouquet of roses →
the scent).

ENTITY-RESULTATIVE The anaphor is logically
inferable from the antecedent. This is often the re-
sult of a transformative/product producing process,
like cooking/baking (e.g., flour → the bread).

ENTITY-ASSOCIATIVE The anaphor is an at-
tribute or closely associated entity of the antecedent
(e.g., a library → the books).

SET-MEMBER The anaphor is an element of the
antecedent set. This includes group-member and
class-instance relations (e.g., several books → the
mystery novel).

SET-SPAN-INTERVAL The anaphor is a sub-span
of the spatial or temporal antecedent interval (e.g,
Sunday → the morning).

SET-SUBSET The anaphor is a subset of the an-
tecedent set (e.g., a group of students → the boys).

OTHER The OTHER category is for instances
which fit the information status based definition
of a bridging pair but do not fall into any of the
bridging subtype categories outlined above.

B Bridging Subtype Label Counts in
Error Classes

Table 3 gives the raw counts of the bridging sub-
type labels that occur in each error class (including
True Positives) for the human and LLM annotation
of bridging instances. No False Positive counts
are provided for the LLM annotations because the
LLM pipeline was divided into subtasks (anaphor
recognition, antecedent resolution, and subtype

Subtype Human LLM
TP FP FN TP FN

COMPARISON-RELATIVE 53 32 70 35 104
COMPARISON-SENSE 26 8 34 19 45
COMPARISON-TIME 17 36 28 1 49
ENTITY-ASSOCIATIVE 118 104 305 25 198
ENTITY-MERONOMY 29 24 24 32 30
ENTITY-PROPERTY 4 9 19 0 30
ENTITY-RESULTATIVE 8 17 11 1 27
SET-MEMBER 16 51 19 9 42
SET-SPAN-INTERVAL 7 20 7 2 18
SET-SUBSET 11 30 12 1 18
OTHER 1 11 4 1 8

Table 3: Human and LLM subtype label counts in the
different error classes: True Positives (TP), False Posi-
tives (FP), and False Negatives (FN).

classification), and the LLMs were not queried on
subtype classification for False Positives.

C LLM Pipeline and Prompts

In this appendix we provide a brief description of
the LLM pipeline used to create the bridging reso-
lution baseline data analyzed in this paper. Please
see Levine and Zeldes 2026a for further details.

The LLMs are queried individually for each
of the following bridging resolution subtasks: (1)
anaphora recognition, (2) antecedent selection, and
(3) subtype categorization. For each subtask, the
models are provided with a separate prompt which
gives a detailed explanation of the task based on the
GUMBridge annotation guidelines, with a series
of few-shot examples. For the anaphor recognition
subtask, the models are queried sentence by sen-
tence through the document. For the antecedent
selection subtask, the models are queried once for
each bridging anaphor in the gold annotations. For
the subtype categorization subtask, the models are
queried once for each bridging pair in the gold an-
notations. Prompt templates for each subtask are
included below.

C.1 Anaphor Recognition

You are a linguistic analyst whose job is to find cases of bridging anaphora:
mentions of newly introduced entities (noun phrases) in a text, for which a
reader would need to refer back to a previously mentioned, non-identical
entity to resolve their meaning. There are several classes of bridging
anaphors, any of which should be identified in the text being analyzed. In
the following examples, the bridging anaphor is surrounded by *asterisks*.

comparison-relative: The anaphor is preceded by a comparative
marker (other, another, same, more, ordinal modifiers, comparative
adjectives, superlatives, etc.) which implies a comparison to the
antecedent. For example: "The children... *another child*" (=another with
comparison to the aforementioned children); similar cases may be *similar
children*, *older children* (compared to the aforementioned children), etc.



comparison-sense: the semantic type of a phrase requires a previous
mention to identify it, for example "the Italian "estaurant... *a Chinese
one*" (we can’t know "a Chinese one" is a restaurant without referring
back to the Italian restaurant), or "*another one*", "*the others*" etc.

comparison-time: the anaphor refers to a specific time/timeframe which is
understandable with reference to the antecedent, for example: "Tuesday,
February 2nd ... *the following week*"

entity-meronomy: the anaphor is a subunit of the antecedent (part-
whole), including physical subunits, portion-substance relations, and
regions/subsections. For example: "the house ... *the door*" (=of the
house).

entity-associative: the anaphor is an attribute or closely associated
entity of the antecedent, including both prototypical and inducible
associations: "a wedding ... *the bride*" (=the bride at that wedding),
implicit arguments of a predicate or a verbal nominalization: "a play...
*the performance*" (=of the play), relational nouns: "a murder ... *the
victim*"

entity-property: the anaphor is a physical or intangible property of the
antecedent (e.g., smell, length, size, style, etc.): "the tea... *the sweet
aroma*"

entity-resultative: the anaphor is logically inferable from the antecedent
(e.g., result, transformation/transmutation, cause): "the dough ... *the
bread*" (=the dough becomes bread after baking)

set-member: the anaphor is an element of the antecedent set, including
groups-member relations and classes-instances: "the cars ... *the Mazda*",
additionally indefinite members to definite sets: "a candle on each
cupcake... *the candles*"

set-subset: the anaphor is a subset of the antecedent set: "the cars ... *the
Mazdas*" (not all Mazdas, just the subset among the aforementioned cars)

set-span-interval: the anaphor is a sub-span of a spatial or temporal
interval defined by the antecedent: "last week... *Wednesday*"
(=Wednesday of last week), "Sunday... *the morning* (=the morning
portion of that Sunday)"

other: the anaphor requires a previous entity for interpretation, but it
doesn’t fit into any of the above categories. This is a rare class.

There are also some exceptions which should NOT be identified as
bridging anaphora:

Coreference: If an entity has a previous mention, it cannot be an instance
of bridging. For instance, in "Catherine and Henry had their wedding last
week. The bride was very beautiful", even though there is an associative
relationship between the wedding and the bride, since "the bride" corefers
with "Catherine", which has already been introduced to the discourse, "the
bride" is not eligible to be an instance of bridging.

Bridging-contained: If the entity one would need to refer back to in order
to understand the bridging anaphor is a direct modifier in the noun phrase
of the potential bridging anaphor, e.g. "the focus of the story" or "two of
them", it should not be annotated as bridging. In other words, the previous
antecedent entity must be outside of the nominal phrase containing the
anaphor. An entity that is followed by a prepositional phrase or a relative
clause is sufficiently qualified and is thus NOT an instance of bridging.

Generics/Situational bridging: Entities that are accessible due to general
world knowledge or situational context are not considered instances of
bridging, i.e., if it doesn’t have a previous associated antecedent entity to
be bridging from, it cannot be bridging.

Possession with an explicit possessive: If the potential bridging anaphor
contains an explicit possessive which corefers with the associative
antecedent entity, no bridging relation is necessary. Explicit coreference
between the associative antecedent and the possessive is sufficient (e.g.,
[Mark]. . . [his] house → no bridging, coreference between "Mark" and
"his"). Contrast this with [the family] . . . *the house* → bridging, since
we cannot interpret which house it is (the house of the family) without
referring to "the family", which is outside of the anaphor phrase.

Here are 2 an examples of the task:

Please return a list all of the bridging anaphors in the following text in the
order in which they appear. Output the anaphor mention phrase exactly as
it appears in the text. If there are no bridging anaphors, return an empty list.

Text:

... with their friends to a picnic. The picnic was supposed to take place in

a grove, but the shade wasn’t enough, so they had to find a different place.
Conny started to say ...

Answer(s):

["the shade", "a different place"]

Please return a list all of the bridging anaphors in the following text in the
order in which they appear. Output the anaphor mention phrase exactly as
it appears in the text. If there are no bridging anaphors, return an empty list.

Text:

... making this technique the basis of training for all types of dance .
While dancing ballet takes dedication and requires serious training , you
can learn the basics to prepare yourself for further study . Learn to get
ready for practicing...

Answer(s):

["the basics", "further study"]

Please return a list all of the bridging anaphors in the following text in the
order in which they appear. Output the anaphor mention phrase exactly as
it appears in the text. If there are no bridging anaphors, return an empty list.

Text:

{text}

Answer(s):

C.2 Antecedent Selection
You are a linguistic analyst whose job is to select the associative
antecedent for of a bridging anaphor: mentions of newly introduced
entities (noun phrases) in a text, for which a reader would need to refer
back to a previously mentioned, non-identical entity (the antecedent) to
resolve their meaning. There are several classes of bridging instances,
defined by the associative relationship between the bridging anaphor
and its associative antecedent. In the following examples, the bridging
antecedent is surrounded by *asterisks* and the bridging anaphor is
surrounded by {{double curly brackets}}.

comparison-relative: The anaphor is preceded by a comparative marker
(other, another, same, more, ordinal modifiers, comparative adjectives,
superlatives, etc.) which implies a comparison to the antecedent.
For example: "*The children* ... {{another child}}" (=another with
comparison to the aforementioned children); similar cases may be
{{similar children}}, {{older children}}(compared to the aforementioned
children), etc.

comparison-sense: the semantic type of a phrase requires a previous
mention to identify it, for example "*the Italian restaurant* ... {{a Chinese
one}}" (we can’t know "a Chinese one" is a restaurant without referring
back to the Italian restaurant), or "{{another one}}", "{{the others}}" etc.

comparison-time: the anaphor refers to a specific time/timeframe which is
understandable with reference to the antecedent, for example: "*Tuesday,
February 2nd* ... {{the following week}}"

entity-meronomy: the anaphor is a subunit of the antecedent (part-
whole), including physical subunits, portion-substance relations, and
regions/subsections. For example: "*the house* ... {{the door}}" (=of the
house).

entity-associative: the anaphor is an attribute or closely associated entity
of the antecedent, including both prototypical and inducible associations:
"*a wedding* ... {{the bride}}" (=the bride at that wedding), implicit
arguments of a predicate or a verbal nominalization: "*a play*... {{the
performance}}" (=of the play), relational nouns: "*a murder* ... {{the
victim}}"

entity-property: the anaphor is a physical or intangible property of the
antecedent (e.g., smell, length, size, style, etc.): "*the tea* ... {{the sweet
aroma}}"

entity-resultative: the anaphor is logically inferable from the antecedent
(e.g., result, transformation/transmutation, cause): "*the dough* ... {{the
bread}}" (=the dough becomes bread after baking)

set-member: the anaphor is an element of the antecedent set, including
groups-member relations and classes-instances: "*the cars* ... {{the
Mazda}}", additionally indefinite members to definite sets: "*a candle*



on each cupcake ... {{the candles}}"

set-subset: the anaphor is a subset of the antecedent set: "*the cars*
... {{the Mazdas}}" (not all Mazdas, just the subset among the
aforementioned cars)

set-span-interval: the anaphor is a sub-span of a spatial or temporal
interval defined by the antecedent: "*last week* ... {{Wednesday}}"
(=Wednesday of last week), "*Sunday* ... {{the morning}}" (=the
morning portion of that Sunday)

other: the anaphor requires a previous entity for interpretation, but it
doesn’t fit into any of the above categories. This is a rare class.

Here are 2 an examples of the task:

Please return a single string for associative antecedent of the bridging
anaphor surrounded by {{double curly brackets}}. Output the
antecedent mention phrase exactly as it appears in the text. If
there is no associative antecedent, return "no antecedent". The an-
tecedent you are returning CANNOT be the same as the bracketed anaphor.

Text:

... with their friends to a picnic. The picnic was supposed to take place in
a grove, but {{the shade}} wasn’t enough, so they had to find a different
place. Conny started to say ...

Answer:

a grove

Please return a single string for associative antecedent of the bridging
anaphor surrounded by {{double curly brackets}}. Output the antecedent
mention phrase exactly as it appears in the text. If there is no associative
antecedent, return "no antecedent".

Text:

... making this technique the basis of training for all types of dance .
While dancing ballet takes dedication and requires serious training , you
can learn the basics to prepare yourself for {{further study}} . Learn to
get ready for practicing ...

Answer:

ballet

Please return a single string for associative antecedent of the bridging
anaphor surrounded by {{double curly brackets}}. Output the antecedent
mention phrase exactly as it appears in the text. If there is no associative
antecedent, return "no antecedent".

Text:

{text}

Answer:

C.3 Subtype Categorization

You are a linguistic analyst whose job is to select the subtype
classification for a bridging anaphor - antecedent pair: mentions of
newly introduced entities (the anaphor) in a text, for which a reader
would need to refer back to a previously mentioned, non-identical entity
(the antecedent) to resolve their meaning. There are several classes
of bridging instances, defined by the associative relationship between
the bridging anaphor and its associative antecedent. In the following
subtype examples, the bridging antecedent is surrounded by *aster-
isks* and the bridging anaphor is surrounded by {{double curly brackets}}.

comparison-relative: The anaphor is preceded by a comparative marker
(other, another, same, more, ordinal modifiers, comparative adjectives,
superlatives, etc.) which implies a comparison to the antecedent. For ex-
ample: "*The children* ... {{another child}}" (=another with comparison
to the aforementioned children); similar cases may be {{similar chil-
dren}}, {{older children}} (compared to the aforementioned children), etc.

comparison-sense: the semantic type of a phrase requires a previous
mention to identify it, for example "*the Italian restaurant* ... {{a Chinese
one}}" (we can’t know "a Chinese one" is a restaurant without referring
back to the Italian restaurant), or "{{another one}}", "{{the others}}" etc.

comparison-time: the anaphor refers to a specific time/timeframe which is
understandable with reference to the antecedent, for example: "*Tuesday,
February 2nd* ... {{the following week}}"

entity-meronomy: the anaphor is a subunit of the antecedent (part-
whole), including physical subunits, portion-substance relations, and
regions/subsections. For example: "*the house* ... {{the door}}" (=of the
house).

entity-associative: the anaphor is an attribute or closely associated entity
of the antecedent, including both prototypical and inducible associations:
"*a wedding* ... {{the bride}}" (=the bride at that wedding), implicit
arguments of a predicate or a verbal nominalization: "*a play*... {{the
performance}}" (=of the play), relational nouns: "*a murder* ... {{the
victim}}"

entity-property: the anaphor is a physical or intangible property of the
antecedent (e.g., smell, length, size, style, etc.): "*the tea* ... {{the sweet
aroma}}"

entity-resultative: the anaphor is logically inferable from the antecedent
(e.g., result, transformation/transmutation, cause): "*the dough* ... {{the
bread}}" (=the dough becomes bread after baking)

set-member: the anaphor is an element of the antecedent set, including
groups-member relations and classes-instances: "*the cars* ... {{the
Mazda}}", additionally indefinite members to definite sets: "*a candle*
on each cupcake ... {{the candles}}"

set-subset: the anaphor is a subset of the antecedent set: "*the cars*
... {{the Mazdas}}" (not all Mazdas, just the subset among the
aforementioned cars)

set-span-interval: the anaphor is a sub-span of a spatial or temporal
interval defined by the antecedent: "*last week* ... {{Wednesday}}"
(=Wednesday of last week), "*Sunday* ... {{the morning}}" (=the
morning portion of that Sunday)

other: the anaphor requires a previous entity for interpretation, but it
doesn’t fit into any of the above categories. This is a rare class.

Here are 2 an examples of the task:

In the following text, a bridging anaphora is marked with {{double curly
brackets}} and the corresponding antecedent is surrounded by *asterisks*.
Read the following text and for the bridging anaphor-antecedent pair,
classify the variety of bridging subtype relation (defined above) that holds
between the two entities. Multiple subtypes may apply to a single pair.
Output a string of all applicable subtypes, connected by semicolons (no
spaces).

The possible subtype labels are as follows:
comparison-relative
comparison-sense
comparison-time
entity-associative
entity-meronomy
entity-property
entity-resultative
set-member
set-subset
set-span-interval
other

Antecedent Text:

... with their friends to a picnic. The picnic was supposed to take place in
*a grove*, but the shade wasn’t enough, so they had to find a different
place. Conny started to say ...

Anaphor Text:

... to a picnic. The picnic was supposed to take place in a grove, but {{the
shade}} wasn’t enough, so they had to find a different place. Conny
started to say ...

Answer:

entity-associative

In the following text, a bridging anaphora is marked with {{double curly
brackets}} and the corresponding antecedent is surrounded by *asterisks*.
Read the following text and for the bridging anaphor-antecedent pair,
classify the variety of bridging subtype relation (defined above) that holds
between the two entities. Multiple subtypes may apply to a single pair.
Output a string of all applicable subtypes, connected by semicolons (no



spaces).

The possible subtype labels are as follows:
comparison-relative
comparison-sense
comparison-time
entity-associative
entity-meronomy
entity-property
entity-resultative
set-member
set-subset
set-span-interval
other

Antecedent Text:

... this technique the basis of training for all types of dance . While
dancing *ballet* takes dedication and requires serious training , you can
learn the basics to prepare yourself for further study . Learn to get ready
for practicing ...

Anaphor Text:

... making this technique the basis of training for all types of dance .
While dancing ballet takes dedication and requires serious training , you
can learn the basics to prepare yourself for {{further study}} . Learn to
get ready for ...

Answer:

comparison-relative

In the following text, a bridging anaphora is marked with {{double curly
brackets}} and the corresponding antecedent is surrounded by *asterisks*.
Read the following text and for the bridging anaphor-antecedent pair,
classify the variety of bridging subtype relation (defined above) that holds
between the two entities. Multiple subtypes may apply to a single pair.
Output a string of all applicable subtypes, connected by semicolons (no
spaces).

The possible subtype labels are as follows:
comparison-relative
comparison-sense
comparison-time
entity-associative
entity-meronomy
entity-property
entity-resultative
set-member
set-subset
set-span-interval
other

Antecedent Text:

... {antecedent_text} ...

Anaphor Text:

... {anaphor_text} ...

Answer:
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