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Abstract
To fully capture the meaning of a sentence, semantic representations should encode aspect, which describes
the internal temporal structure of events. In graph-based meaning representation frameworks such as Uniform
Meaning Representations (UMR), aspect expresses how events unfold over time, including distinctions such as
states, activities, and completed events. Despite its importance, aspect remains sparsely annotated across semantic
meaning representation frameworks, hindering not only current manual annotation, but also the development of
automatic systems capable of predicting aspectual information. In this paper, we introduce a new dataset of English
sentences annotated with UMR aspect labels over Abstract Meaning Representation (AMR) graphs. We describe the
annotation scheme and guidelines used to label eventive predicates according to the UMR aspect lattice, as well as
the annotation pipeline used to ensure consistency and quality across annotators through a multi-step adjudication
process. To demonstrate the utility of the dataset for future automation, we perform simple baseline experiments
using three modeling approaches. Our results establish initial benchmarks for automatic UMR aspect prediction and
provide a foundation for integrating aspect into semantic meaning representations more broadly.

Keywords: Aspect annotation, semantic meaning representations, aspectual generation benchmarks

1. Introduction

Semantic representations frequently center around
capturing components of meaning related to the
core events conveyed by individual natural lan-
guage utterances. Nearly all meaning representa-
tion (MR) formats express the core predicates asso-
ciated with those events, along with any arguments
to those predicates. MRs differ quite substantially,
though, when it comes to the expression of addi-
tional event information, such as tense, modality,
aspect, or information structure. Languages also
differ substantially in the degree to which they gram-
maticalize (or require the expression of) the same
event-related information.

Aspect is a core component of Uniform Mean-
ing Representation (UMR),1 a graph-based seman-
tic framework designed to represent meaning in a
cross-linguistically applicable and computationally
tractable way. UMR is an extension and modifica-
tion of the Abstract Meaning Representation (AMR)
framework (Banarescu et al., 2013), an MR which
nicely suits the typological properties of English but
which begins to strain when adapted for other lan-
guages. Like AMR, UMR is a graph-based frame-
work encoded in Penman-style notation (Wein and
Bonn, 2023). Unlike AMR, UMR was designed
by and with linguistic typologists, in order to build
an approach to annotation suitable for diverse lan-

1Equal contribution.
1https://umr4nlp.github.io/web/

She is still writing her paper.
(w/ write-01

:ARG0 (p/ person
:ref-person 3rd
:ref-number Singular)

:ARG1 (p2/ paper
:poss p
:ref-number Singular)

:mod (s/ still)
:aspect Activity
:modstr FullAff)

Figure 1: Example UMR graph with the eventive
predicate write. This graph captures predicate
argument structure, properties of the arguments,
and event-related properties. We highlight parts of
the graph relevant for the aspect label Activity.

guages (Van Gysel et al., 2021).
Unlike tense, which encodes when an event oc-

curs, aspect captures the how: the internal tem-
poral structure, duration, and completedness of
events (Comrie, 1976; Croft, 2012; Donatelli et al.,
2018). It allows a semantic system to distinguish
between, for example, habitual, ongoing processes,
or completed achievements, enabling a more nu-
anced interpretation of event semantics.

In UMR, aspect is applied to all eventive elements
(also known as eventualities) in a sentence. The
central eventuality introduced by an utterance is
typically the concept aligned with the main finite

https://umr4nlp.github.io/web/
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verb, as seen in Figure 1. Eventualities in UMR
refer to the full predication, encompassing the verb
and its arguments (Donatelli et al., 2018; Kings-
bury and Palmer, 2003). UMR defines a particular
inventory of aspectual categories, following Croft
(2022), aligned with other well-established event
typologies, and including (among others) states,
activities, accomplishments, achievements, and
processes (Bach, 1986). In UMR the aspectual cat-
egories are organized into a lattice that supports
both coarse- and fine-grained aspectual distinc-
tions. Unlike surface grammatical cues, like those
in auxiliaries or verb morphology, UMR aspect is
a semantic feature. It abstracts away from mor-
phosyntactic form to represent covert event struc-
ture and is intended to generalize across typologi-
cally diverse languages (Van Gysel et al., 2021).

Annotating aspect is no simple feat. Theoret-
ical debates span decades, including disagree-
ments about the universality of aspectual cate-
gories, the granularity of classifications, and their
interaction with tense and modality (Reichenbach,
1947; Vendler, 1957; Comrie, 1976; Langacker,
2011; Dowty, 1986; Hinrichs, 1986; Moens and
Steedman, 1988; Klein, 2013; Chang et al., 2022;
Partee, 2011; Croft, 2012). While there are a num-
ber of corpora with aspect annotations, and sev-
eral computational models (Friedrich et al., 2023),
there is no unified approach to annotation or mod-
eling (among others: Pustejovsky et al., 2003; Der-
czynski, 2017; Pustejovsky et al., 2017; ?; Friedrich
et al., 2016; Mostafazadeh et al., 2016; Laparra
et al., 2018; O’Gorman et al., 2016; Gantt et al.,
2022).

From a typological perspective, some languages
encode aspect more saliently than others, further
complicating annotation for multilingual or cross-
linguistic frameworks. For example, American
Sign Language and Mandarin Chinese prioritize as-
pectual distinctions over tense (Li and Thompson,
1989; McDonald, 1982), while Hindi includes a ded-
icated aspect morpheme separate from tense or
mood (Van Olphen, 1975). In contrast, many Indo-
European languages conflate aspect and tense
morphologically, often obscuring the underlying se-
mantic distinctions. The categories in and structure
of the UMR aspect lattice are flexible enough to
precisely encode aspectual distinctions as seen in
each of these languages.

Given these complexities, manual aspect annota-
tion is time-consuming, error-prone, and highly sen-
sitive to annotator interpretation. Yet its inclusion
in UMR is a cornerstone to achieving a more ex-
pressive, cross-linguistic meaning representation
system. UMR builds on earlier formalisms such
as Abstract Meaning Representation (AMR) (Ba-
narescu et al., 2013), where aspect was initially
introduced to support event-based reasoning but

was never fully adopted into standard annotation
guidelines. Donatelli et al. (2018) formalize aspect
in AMR, laying out annotation principles and align-
ing event types with lexical frames.

Despite its importance for accurately repre-
senting event semantics, aspect remains under-
annotated in existing UMR resources. This scarcity
limits both the scale and consistency of manual
UMR annotation and hinders development of auto-
matic parsers capable of reliably predicting aspect.

To address this bottleneck, we present a new
dataset of English sentences manually annotated
with UMR aspect labels. The study presented here
is part of an ongoing effort to build a large-scale
English UMR dataset by converting existing AMR
graphs to UMR representations for the same sen-
tences Bonn et al. (2023). The conversion is a
multistep process, combining automated process-
ing and manual intervention. The AMR graphs
which are the foundation of that conversion effort
do not include any aspect annotations, and the new
dataset is intended to support development of auto-
mated aspect annotation to fill in aspect values for
the remaining AMR graphs. Under our approach,
annotators are provided with AMR-derived graphs
for these same sentences sentence and asked to
label eventualities according to the UMR aspect
lattice (see Section 4.1 for corpus details).

Our annotation pipeline combines structured an-
notator training with multiple rounds of indepen-
dent annotation, group adjudication sessions, and
expert consultation to improve the guidelines and
resolve difficult annotation decisions, resulting in
a high-quality resource intended to support future
UMR modeling efforts. To validate dataset quality,
we additionally report baseline experiments span-
ning three modeling families: (1) a rule-based ap-
proach, (2) an embedding-based classifier, and (3)
a large language model (LLM) prompting approach.

We target two complementary objectives:

• Task 1: Data annotation. We construct a
new gold-standard dataset of 1473 carefully
validated sentences labeled according to the
UMR aspect annotation scheme.

• Task 2: Baseline modeling. We present stan-
dard data splits and initial performance bench-
marks for automated UMR aspect labeling.

This is the first dataset designed to support super-
vised learning for UMR aspect labeling.2

2. Related Work

The semantics of aspect has been a long-standing
topic of debate in linguistic theory. Seminal works

2All data and labels available at: https://github
.com/clairepost/UMR_Aspect_Data.git

https://github.com/clairepost/UMR_Aspect_Data.git
https://github.com/clairepost/UMR_Aspect_Data.git
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Figure 2: UMR aspect lattice with aspectual values utilized in our English annotation highlighted in yellow.

by Reichenbach (1947), Vendler (1957), and Com-
rie (1976) lay the foundation for distinguishing be-
tween types of eventualities–states, achievements,
activities, accomplishments–based on their tem-
poral and structural properties. Dowty (1986) and
Langacker (2011) further explore the interaction
between aspect, argument structure, and lexical
semantics. These formalisms inform how events
are modeled in UMR today.

Later developments such as Hinrichs’ interval-
based models (1986), Moens and Steedman’s
narrative structure theory (1988), and Klein’s
temporal logic (2013) introduce more formal
ways to encode event structure and its temporal
entailments. These insights highlight the need for
meaning representation frameworks like UMR to
go beyond grammatical tense and directly encode
aspectual distinctions based on semantic content.

Aspect annotation. Aspect has been incor-
porated into previous semantic annotation and
event modeling efforts, particularly in temporal
information extraction. TimeML (Pustejovsky
et al., 2003) and its follow-up projects such as the
TempEval competitions (Derczynski, 2017) include
annotation for aspect, typically via shallow textual
cues. There are several datasets developed with
robust manual aspect annotation that consider
sentential context and event structure, such as
DIASPORA (Kober et al., 2020) and the Universal
Decompositional Semantics dataset (Gantt et al.,
2022); these datasets employ coarse-grained
aspect classes, rather than the more extensive
and typologically-broad lattice provided by the
UMR framework. Other recent work seeks to
automate aspect classification using linguistic
features (?), discourse roles (Friedrich et al.,
2016), and LSTM-based models that integrate
context (Mostafazadeh et al., 2016; Laparra et al.,
2018).

While effective to some degree, these systems
often operate over flat text or shallow syntactic rep-
resentations. They do not handle the rich predicate-
argument structures or graph-based semantics

found in UMR and AMR. Moreover, they treat as-
pect as a kind of downstream feature, rather than
an integral part of event structure representation.

Donatelli et al. (2018) develop an approach for
adding feature-based tense and aspect informa-
tion to AMR graphs. For aspect, the scheme en-
codes four crucial semantic features: +/-stable,
+/-ongoing, +/-complete, and +/-habitual.
Many aspectual categories can be derived from the
combination of semantic feature values. Under the
UMR scheme, however, aspectual categories are
to be labeled directly rather than broken down into
features.
Automatic aspect annotation for UMR. Due to
the small amount of available UMR data, prior work
has focused primarily on methods for generating
UMR graphs without supervised training. Chun and
Xue (2024) propose a multi-step strategy for con-
verting AMR graphs into UMR graphs, including the
addition of aspect. The approach derives aspect
from Tense and VerbForm features output by UD-
Pipe v2 (Straka, 2018). Similarly, Sun et al. (2024)
experiment with few-shot and Think-Aloud prompt-
ing on LLMs to generate Chinese UMR graphs,
including aspect labels.

AutoAspect, which directly targets UMR aspect,
proposes a branching rule-based approach specifi-
cally for classifying UMR aspects in English UMR
graphs (Chen et al., 2021). AutoAspect delivers
high precision for two aspectual categories and
variable results for others. We aim to build a larger
aspect-labeled dataset to support a broader range
of learning approaches. We further note that sig-
nificant refinements have been made to the UMR
dataset since this system was published, as seen
in (Bonn et al., 2024a).

3. Annotation Scheme

3.1. UMR Aspect Lattice

This paper is concerned with the aspect annotation
of English sentences, as highlighted in Figure 2.
UMR organizes aspectual categories within an as-
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pect lattice, a hierarchical structure that captures re-
lationships between coarse and fine-grained labels.
This design allows annotations to represent gen-
eral distinctions while remaining compatible with
more specific readings when additional linguistic
information is available.

This structure is particularly useful for cross-
linguistic semantic annotation. English often relies
on relatively coarse-grained aspectual distinctions,
while other languages encode finer aspectual con-
trasts directly in their grammar. The lattice enables
UMR to support consistent representations across
typologically diverse languages. This was a major
motivation for our work, and we hope in the future
to expand aspect annotation to more languages.

The aspectual categories chosen for English an-
notation include a set of base-level distinctions–
State, Performance, Endeavor, Activity, and Habit-
ual, and Habitual–as well as a more coarse-grained
value for event nominals and other underspecified
events, Process.

3.2. Aspect Types
State. This value corresponds to stative events,
indicating that no change occurs during the event,
as prescribed by (Vendler, 1967). It includes
predicate nominals, predicate locations, and thetic
(presentational) possession.

[1] The cat loves milk.
(l/ love-01

:ARG0 (c/ cat
:ref-number Singular)

:ARG1 (m/ milk)
:aspect State
:modstr FullAff)

More specifically, in English, the State value encom-
passes modal verbs (e.g., "The cat needs to eat.")
and events under the scope of ability modals (e.g.,
"The cat is able to eat."). UMR classifies inactive
actions, as defined by (Croft, 2012), as stative. This
includes posture verbs (e.g., "The cat hangs on
the windowsill."), perception verbs (e.g., "The cat
sees milk."), mental activities (e.g., "The cat thinks
about jazz."), verbs of operation (e.g., "The cat is
working on catching mice."). The State value, in
English, is also an umbrella that covers inherent
states (e.g., "The cat is black."), reversible states
(e.g., "The cat is hungry."), irreversible states (e.g.,
"The glass is shattered."), and point states (e.g.,
"When it is 12:30pm, feed the cat.").

Performance. This category covers events
that reach a result state, such as achievements
that have some instantaneous binary change,
accomplishments where there is a run-up process
before the change, or when the event reaches a
result state that has a natural endpoint.

[2] The cat walked along the fence in 2 min-
utes.
(w/ walk-01

:ARG0 (c/ cat
:ref-number Singular)

:ARG2 (a/ along
:op1 (f/ fence))

:duration (t/ temporal-quantity
:unit (m/ minute)
:quant 2)

:aspect Performance
:modstr FullAff)

For instance, completive markers (e.g., "The cat fin-
ished climbing up the tree.") and container adver-
bials (e.g., "The cats scampered along the fence
in 10 seconds.") are both indicators that an event
has reached a distinct result state. Note that the
temporal expression "in two minutes" appears in
the graph under the attribute :duration.

Endeavor. Endeavor is used for processes that
end within the time window in question, but do not
reach a particular result state: e.g., compare graph
[2] to graph [3] below.

[3] The cat walked along the fence.
(w/ walk-01

:ARG0 (c/ cat
:ref-number Singular)

:ARG2 (a/ along
:op1 (f/ fence))

:aspect Endeavor
:modstr FullAff)

The Endeavor value is often mistaken for Perfor-
mance and vice versa. Often, in English predi-
cates have explicit aspectual marking to be consid-
ered an Endeavor. Terminative aspectual markers,
like "stop" in English, and durative adverbials (e.g.,
"The cat ate kibble for thirty seconds.") are both
strong indicators for Endeavor.

Activity. The Activity aspect covers processes
that do not start or end during the time window
in question. They can be ongoing with respect to
present or past time (e.g., “The cat was playing
the piano.”) For an example graph, see Figure 1.

Identifying Activity is difficult because it is largely
dependent upon context, document creation time,
and real world knowledge. However, there are
some grammatical clues that can help. For ex-
ample, if the event is in the present progressive
(e.g., "The cat is playing the piano."), it is typically
annotated with Activity. Inceptive and continuative
aspectual markers may also imply that an event
has not ended (e.g., "The cat started playing the
piano." and "The cat kept on playing the piano.").
In UMR, iterative events are labeled Undirected
Activity; they fit under the Activity umbrella for us.
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Habitual. The Habitual aspectual sense is
usually straightforward to identify. It covers things
that happen repeatedly or regularly. In English,
adverbials such as “used to” and “always” often
(but not always) modify the verb in habitual events.

[4] The cat eats kibble.
(w/ eat-01

:ARG0 (c/ cat
:ref-number Singular)

:ARG1 (k/ kibble)
:aspect Habitual
:modstr FullAff)

In English, Habitual is often expressed through
simple present tense, while habituals in the past
are often indicated with "used to" (e.g., "The cat
used to eat kibble.").

Process. Of the labels we use for English,
Process is the most coarse-grained. It describes
an ongoing event where the beginning or end is
uncertain or unspecified. The most common use
of Process in our dataset is as the default label
for event nominalizations (e.g., "The cat denied
wrongdoing.").

[5] After the game, the cat slept.
(s/ sleep-01

:ARG0 (c/ cat
:ref-number Singular)

:temporal (a/ after
:op1 (g/ game

:aspect Process))
:aspect State
:modstr FullAff)

Graph [5] shows another category of events typ-
ically annotated with Process in UMR. Here, the
game event is packaged in a referring expression,
and the prepositional phrase appears under the
attribute :temporal. We take a similar approach for
underived nominals, nominalizations, and gerunds.

None. For our annotations, we additionally allow
annotators to apply the label NONE for predicates
that they deem to be non-eventive, even though
the appear in the graph as a semantic predicate.
This happens frequently for adjectival and adverbial
concepts, which do not participate in eventualities.
These show up as predicates because they often
receive automatic mappings into FrameNet predi-
cates in AMR (Baker et al., 1998); these are then
carried over into the UMR versions of the graphs.

3.3. Comparison to Other Aspect
Annotation Schemata

Aspect annotation has been widely studied in lin-
guistics, and UMR is a recent schema that builds
on prior theoretical work. In particular, UMR follows

approaches such as Croft (2012), which emphasize
that aspectual interpretation depends on multiple
factors and that a single event may admit multiple
plausible aspectual readings depending on context.
This perspective informed our adjudication process
when resolving difficult cases.

Because our task is motivated by downstream
NLP and machine learning applications, our anno-
tation process follows principles outlined by Puste-
jovsky et al. (2017). We prioritize consistency in
label assignment in order to maximize the learnable
signal in the dataset, even when this means limiting
the number of annotated examples. Nevertheless,
as shown in Figure 2, the selected aspect labels
differ in granularity, which introduces variation in
specificity across the dataset.

Prior work such as the DIASPORA dataset
(Kober et al., 2020) also explores aspect annotation
but employs a more coarse-grained 3-label schema
(state, telic, atelic) to reduce label overlap and main-
tain uniform granularity. Our dataset instead adopts
the richer UMR aspect inventory while remaining
compatible with prior work. To illustrate this com-
patibility, we developed a mapping between our
schema and the DIASPORA labels and automat-
ically applied it to a subset of our data, manually
evaluating the resulting label assignments. We
found that the two schemata are broadly compati-
ble, excepting the case of event nominals, which
take process labels in UMR but are without a con-
sistent equivalent in DIASPORA, requiring manual
adjudication rather than automated label mapping.

4. Building the Corpus

4.1. Data
Our dataset is sourced from the UMR 2.0 Dataset
(Bonn et al., 2025) which contains roughly 30,000
UMR graphs in different stages of conversion from
AMR graphs (Knight et al., 2020; Bonn et al.,
2020).3 Some UMR 2.0 graphs have aspect an-
notations from previous work; we only annotate
graphs that do not yet have aspect labels. To en-
sure broad coverage for training and evaluation, we
select four corpora from the dataset to annotate:

1. The Little Prince corpus, a set of sentences
from the English translation of The Little Prince
by Antoine de Saint-Expupéry.

2. The Minecraft corpus, a set of dialogues
and corresponding grounding data from
a collaborative structure-building task in
Minecraft (Narayan-Chen et al., 2019).

3We keep all graphs in the original format for aspect
labeling; we make no structural modifications or revisions
to the data.
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3. The BOLT DF corpus, which contains English
language forum posts crawled as part of the
DARPA BOLT project.

4. The Weblog corpus, comprised of weblog
posts and online news articles.

A detailed summary of aspect label statistics, by
corpus, for the existing UMR dataset can be found
in Appendix A as Table 5.

4.2. Annotation
Annotation proceeded in two phases: in Phase 1, a
team of 8 annotators worked in pairs to label each
event marked in the graphs. In Phase 2, a smaller
group focused on adjudicating decision ties with ex-
pert consultation, while ensuring consistency with
previous annotations.

4.2.1. Phase 1: Initial Annotation

Given the complexity of aspect annotation and its
theoretical underpinnings, we first focused on help-
ing all members of the team develop a strong un-
derstanding of the UMR aspect schema, before
proceeding to the bulk annotation of Phase 1. Our
goals were to ensure that each annotator con-
tributed quality data and that rules were applied
consistently between annotators. To this end, we
conducted 8 weekly training sessions throughout
Phase 1.

Annotation guidelines and training materials
were built from existing UMR resources and de-
veloped into task-specific training materials.4 Each
week, team members presented on different top-
ics from these materials and discussed example
annotations as a group to clarify issues.5

We conducted an initial practice task in which
each team member annotated up to 50 predicates
from the Pear Story corpus (Bonn et al., 2023). This
dataset was selected for its short, visually grounded
sentences, which aided learning and facilitated dis-
cussion. We reviewed inter-annotator agreement
and recurring errors on the practice task before
proceeding to bulk annotation.

Label-wise accuracy measured over the Pear
Story annotations showed that the categories State
and Performance were quite reliably and consis-
tently identified, while minority classes like En-
deavor and Habitual were less consistent. These
findings prompted us to hold a focused error cor-
rection and continued training session, in which we
reviewed common sources of confusion, such as

4See Appendix B for more details.
5Resources from these meetings are on GitHub: ht

tps://github.com/clairepost/UMR_Aspect_D
ata.git.

distinctions between State vs. Performance and
Performance vs. Endeavor.

We next moved into full-scale annotation. Each
corpus was assigned to two annotators for inde-
pendent labeling, resulting in two first-pass labels
per event per corpus. Each numbered predicate
within the AMR graphs was annotated with one of
the six UMR aspect labels or marked with NONE
if the predicate was deemed non-eventive. Ta-
ble 1 shows the distribution of aspect labels for the
completed dataset. The first-pass bulk annotation
lasted approximately 6 weeks.

4.2.2. Phase 2: Tie-breaking and Adjudication

Following Phase 1, all events with conflicting as-
pect labels were routed to a tie-breaking process.
Each sentence and its annotations were reviewed
by a third annotator to make a final determination.
If the adjudicating annotator disagreed with both
original labels, the sentence went to an additional
adjudication step, up to a maximum of 5 total anno-
tation rounds. All intermediate labels are preserved
and ranked in our final dataset, along with the final
adjudicated labels.

In the next step, a team of two annotators re-
viewed all data for consistency. Together, the tie-
breaking and consistency adjudication lasted about
8 weeks. This review process ensured each adjudi-
cated aspect label: (i) follows our annotation guide-
lines, and (ii) is consistent with other instances in
the dataset. To confirm consistency of a given label,
we compare difficult cases to sentences with the
same event and to events with the same label.

The duration and complexity of this annotation
process indicates the corresponding complexity of
aspect itself; even with months of discussion, some
instances in the dataset remained ambiguous. For
particularly complex disagreements—such as dif-
ferentiating Endeavor from Performance—we con-
sulted directly with external experts to align the
annotations with their interpretations.

4.3. Inter-Annotator Agreement

We report agreement metrics across the various
phases of our annotation and adjudication process,
compared against our finalized gold-level labels in
Table 1. Overall, these metrics indicate sufficient
consensus for further analysis using our dataset.

Per-class Krippendorff’s alpha. These values,
computed for each aspect label class against all
other classes combined, measure the agreement
across annotators from zero (random chance) to 1
(perfect agreement), with a standard significance
threshold of 0.67 (Krippendorff, 2004).

https://github.com/clairepost/UMR_Aspect_Data.git
https://github.com/clairepost/UMR_Aspect_Data.git
https://github.com/clairepost/UMR_Aspect_Data.git
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Per-class
Label Kα∗ Count
None 0.735 514
State 0.706 385
Performance 0.716 360
Process 0.547 100
Habitual 0.704 56
Activity 0.502 40
Endeavor 0.559 18
Total 1,473

First-pass
Percent agreement 74.1%
Cohen’s κ 0.656

Table 1: Inter-annotator agreement metrics; bold-
face numbers indicate low agreement. *Per-class
Krippendorff’s alpha computed as one-vs-rest.

Gold label Error rate Error Label
Activity 6.7% Performance
Endeavor 12.2% Performance
Habitual 6.8% Performance
None 6.0% State
Performance 3.9% None
Process 9.1% None
State 4.8% None

Table 2: Final gold aspect labels with the error rate
compared to the final adjudication. ‘Error Label’ is
the most common incorrect annotation.

First-pass metrics. Percent agreement repre-
sents the proportion of events where both first-pass
annotators provided the same label for an event,
though this does not necessarily mean that such
events were exempt from adjudication later. Co-
hen’s κ measures agreement on the same scale as
Krippendorff’s α, but strictly between two annota-
tors, so we report the κ score for the two first-pass
annotators, averaged across all 4 corpora.

5. Annotation Challenges

Table 5 reports the most frequent erroneous labels
applied during our annotation process, with the as-
sociated gold-standard label in the left column. The
results illustrate that certain types of events are par-
ticularly difficult to disambiguate, even for experts.
In Table 3 we present representative examples of
particularly challenging annotation cases. Many
of these issues stem from the limited contextual
information available to annotators, as sentences
were presented individually rather than as part of
complete documents. In naturally occurring dis-
course, surrounding context typically resolves such
ambiguities, and aspectual interpretation is no ex-

ception.
For instance, in Table 3 example (a), the event

suggests a Process label in the sentence context,
since the speaker specifies no explicit number of
blocks, and the event lacks an inherent endpoint.
However, the wider discourse context (blocksworld
video game) includes a particular number of red
blocks available to the players, and a finite grid on
which to place them, which instead motivates a
Performance label.

Similarly, in example (b), contextual cues could
determine whether an event is an Endeavor or
a Performance, depending on whether we under-
stand "clap" as a process without change of state
(hands end up as they started), or a complete event
that reaches a natural conclusion (hands start apart
and end together in a single motion). Without sur-
rounding document context, we cannot say for sure
which type of clap this sentence describes.

To account for multiple plausible interpretations,
our adjudication schema allows for the identifica-
tion of a secondary label that reflects a reasonable
alternative reading, even when a primary label is se-
lected based on the most likely interpretation. For
events without such ambiguity such as example (c),
we provide only one adjudicated label.

6. Automatic Annotation

One goal of this annotation effort is to build training
and evaluation data for automatic aspect classifica-
tion. Toward that end, we establish standard data
splits and evaluate the performance of several sim-
ple baseline models, leaving development of more
sophisticated models for near future work.

6.1. Data splits
We establish standardized splits of our final dataset
in a 70/15/15 train/val/test ratio, as illustrated in Ta-
ble 7, found in Appendix C. We split the data on
sentence boundaries, rather than by event, to en-
sure that no contextual information is shared across
splits. This is necessary because a single sentence
may include multiple events, and sentential context
seen in training for one event could unfairly inform
test performance on another. We stratified each
split to ensure consistent and balanced class dis-
tribution.6 To accomplish this, we first identify a
dominant aspect class for each sentence, by count-
ing the most frequent label across all events per
sentence. For sentences with just one event or
whose events all have different labels, we consider
the first event’s label to be dominant. We perform
an initial 70/30 split of the sentences, keeping the
label distribution of both consistent with those of the
overall dataset. We do the same for the secondary

6Exact data splits are available on our GitHub.
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Sentence Event Main label 2nd label
(a) <Architect> now above that place red blocks on the grid. Place Performance Process
(b) "Clap your hands, one against the other," the conceited
man now directed him.

Clap Endeavor Performance

(c) Greed is when you are wealthy and lobby your representa-
tives for special tax breaks because you are over 60 years of
age.

Age State N/A

Table 3: Selected examples with ambiguous aspect; some annotated with secondary labels.

division on the 30% split, producing comparable
validation and test splits.

6.2. Baseline models
To establish a performance baseline for this task
on this data set, we test on two types of models:
1) LLMs (both closed and open-source) under a
simple prompting paradigm; and 2) a simple feed-
forward neural architecture.

LLM Prompting. We experiment with multiple
LLMs in a prompting paradigm to evaluate their ca-
pability for aspect classification without fine-tuning.
LLM performance on structured prediction tasks
has been shown to vary drastically based on slight
changes to prompt structure (Lu et al., 2022), and
other work suggests that LLMs lack meta-linguistic
reasoning capability (Bonn et al., 2024b); we exam-
ine the ability of LLMs to identify covert aspectual
information from a sentence, as well as produce
a baseline against which to compare other neu-
ral approaches in the future. Although finding the
optimal prompt for this task is intractable, we first
ran a preliminary search across different prompt
strategies on a validation set to determine if any
of them boosts aspect prediction performance sig-
nificantly.7 We found minimal differences between
prompt styles, and proceeded to the test phase.
Our tests compare Llama-3.1-8b-instruct
(Grattafiori et al., 2024) and GPT-5mini. We ex-
periment with few-shot in-context learning using 3
examples per label (21 examples per prompt).

Feedforward Classifier. We investigate the abil-
ity of LLM encoder layers to capture representations
that may be useful for aspect classification based
on the hypothesis that contextual embeddings en-
code a broad range of linguistic phenomena (Arora
et al., 2024). We do this by combining the token
embeddings of the input sentence with a simple
feedforward neural classifier to produce a label pre-
diction from the text alone via supervised training.

7Details of the prompt-tuning experiments available
in Appendix C.

To evaluate the usefulness of LLM embeddings
out-of-the-box, we pass the natural language sen-
tence through the encoder block of Llama-3.1 8B
and average the resulting token embeddings to
generate a sentence vector with standardized di-
mensions, then use a simple feedforward classifier
head to produce a label prediction. We use the
same averaged embedding as input for each event
in the sentence. We train a fully-connected feed-
forward network to predict one of the seven aspect
labels using that embedding as input. The results
from this method serve as a useful benchmark for
evaluating more complex strategies in future work.

6.3. Automatic Modeling Results

Table 4 displays the accuracies and F1-scores
across the two LLMs and the feedforward neural
classifier. We report weighted F1, average preci-
sion, and average recall; to address the imbalanced
label distribution in the data, we also report macro
F1. We evaluate all methods on the same stratified
test set. The table also shows reported results for
AutoAspect (Chen et al., 2021), a rule-based ap-
proach to UMR aspect classification. Note that the
reported results use a different test set, so these
serve as a general reference for rule-based ap-
proaches rather than a direct comparison. Finally,
we show annotation agreement scores as an upper
bound for the task.

LLM Prompting. The dataset’s significant imbal-
ance, with State and NONE labels being dominant
and many classes being rare, heavily influences
the results. Weighted F1 scores are skewed by
the majority class, while lower macro F1 scores
accurately reflect poor performance across most
categories. GPT-5mini outperforms Llama across
all metrics, which we attribute to architectural up-
dates, including advanced knowledge distillation.
GPT-5mini performance is relatively indifferent to in-
context examples, while Llama’s performance actu-
ally decreases with the addition of in-context learn-
ing, suggesting that more comprehensive training
is needed for aspect prediction.
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Type Model Acc. Macro F1 Wtd. F1 Precision Recall
Upper Bound Single Human Annotator 0.84 0.76 0.84 0.77 0.82

LLM

LLaMA-3.1-8B-Instruct (zero-shot) 0.31 0.19 0.27 0.29 0.24
LLaMA-3.1-8B-Instruct (3-shot) 0.25 0.16 0.22 0.32 0.21
GPT-5mini (zero-shot) 0.56 0.49 0.56 0.69 0.49
GPT-5mini (3-shot) 0.56 0.46 0.60 0.49 0.46

Neural Feedforward MLP 0.45 0.27 0.44 0.29 0.32

Symbolic AutoAspect† 0.39 0.23 0.40 — —

Table 4: Baseline results on the test split (254 events, 72 sentences). Human performance reflects
first-pass annotator accuracy against adjudicated gold labels as an upper bound on performance, against
which to measure automated method results. Precision and Recall are macro averages across classes.

Feedforward Classifier. Neural classification us-
ing Llama embeddings results in middling perfor-
mance, coming short in all three evaluation metrics
compared to LLM prompting methods. Although
sentence embeddings have been seen to capture
semantic information in other tasks, these results
demonstrate that embeddings alone are insufficient
for capturing aspectual information.

Human Baseline. The human baseline scores
show agreement between one annotator’s first-
pass labels for each of the events in the test set,
compared against the final adjudicated labels. The
success of the human baseline over the automated
methods supports two conclusions: (i), the com-
plexity of the aspect annotation task, and (ii), the
need for automated methods which better utilize
the sentential context and/or the inherent graphical
nature of event-argument structures. We are cur-
rently developing aspectual classification models
that learn from the graph structure as well as the
surface form of the utterance.

7. Conclusion and Future Work

In this work, we introduce a new, carefully-
annotated dataset of 1473 English sentences an-
notated with aspect labels within the UMR frame-
work, achieving good agreement between anno-
tators. We describe (and release) the annotation
scheme and guidelines and detail our multi-stage
annotation and adjudication process. Analysis of
annotator disagreements follow expected patterns
with respect to the confusability of same label pairs,
motivating us to allow (and preserve) multiple labels
per instance.

On the modeling side, we establish straightfor-
ward baselines for automated aspect classification
using rule-based methods, embedding-based clas-
sifiers, and large language model prompting ap-
proaches. These results provide initial benchmarks
for automatic UMR aspect classification, and we
expect to see significant increase in model perfor-

mance when we turn to more sophisticated archi-
tectures. The guidelines, dataset, stratified data
splits, and initial benchmarks together lay a foun-
dation for studying aspect in structured semantic
representations and will support future work on au-
tomated UMR parsing and cross-linguistic semantic
annotation.

Ethical Considerations

This work builds on existing publicly available cor-
pora that were previously released for research
purposes. Our dataset adds aspectual annotations
to sentences drawn from these sources in accor-
dance with their respective licenses. Annotation
was conducted by trained researchers who are au-
thors of this paper.

Because the dataset focuses on English sen-
tences, it representatively only reflects informa-
tion about English-language corpora and does not
directly capture aspectual distinctions present in
other languages. Future work will expand this anno-
tation framework to additional languages in order to
support broader cross-linguistic semantic analysis.

We do not anticipate significant risks of misuse
for this dataset. However, some of the examples
in our corpus were pulled from online message
fora without censoring, and may contain offensive,
explicit, or harmful language. The resource is in-
tended to support research in semantic represen-
tation and natural language processing.

Limitations

We attempted to reimplement the AutoAspect rules-
based classifier (Chen et al., 2021) on our novel
set of annotated UMR graphs in order to compare
its performance against the neural approaches as
a benchmark. AutoAspect focuses on a structured
set of rules which closely followed the UMR an-
notation guidelines and decision lattice to predict
labels in a wholly deterministic method, without
machine learning. However, due to dependency
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issues with the semantic parser in the original Au-
toAspect codebase, we are unable to report this
benchmark on our dataset, and instead provide the
AutoAspect classifier’s performance on the dataset
with which it was published, as a reference for rule-
based approaches in general.
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10. Appendix A - Data Statistics and
Dataset Splits

For more information on aspect data statistics, Ta-
ble 5 shows general information on aspect data that
was labeled in the UMR data prior to this annotation
project. Next, Table 6 shows the distributions and
counts at the end of Phase 1 annotation and before
Phase 2 adjudication during our project. Finally,
Table 7 provides statistics for our dataset splits.

Precise Sentence IDs for the splits are available on
Github.8

11. Appendix B - Annotation

Training materials. These were developed
mostly from existing UMR tutorial materials and
supplemented with custom task-specific resources,
including an explanatory slide deck9 which summa-
rizes the UMR guidelines10 with added clarifications
and examples.

Practice annotation. Table 8 shows the results
from the Pear Story practice annotation task. Due
to the different number of annotations each person
performed, we report Gwet’s AC1 as a measure for
inter-annotator agreement (IAA) since this metric
can be calculated for different numbers of labels.
We report Fleiss’ Kappa only for predicates that
were labeled by all annotators. We find moderate-
to-good IAA for the practice round, motivating the
need for additional training that was conducted.

Annotation process diagram. Figure 3 illus-
trates the flow of data through the two phases
of corpus building, including multiple rounds of
tie-breaking. The 143 events listed as single-
annotated in the first-pass were part of a teaching
demonstration, but they did ultimately receive sec-
ond annotations and were reviewed for consistency
during adjudication; this detail was omitted from
the diagram for visual simplicity.

12. Appendix C - Modeling

In this Appendix we provide additional information
on the automatic aspect modeling design and re-
sults.

LLM Prompt Tuning. We try three strategies to
gauge the impact of prompt structure on LLM per-
formance. Initially, we manually draft a list of short
definitions for each aspect class based on the ex-
perience gained from our annotator training ses-
sions. In a second prompt attempt, we provide the
initial prompt and instruct the model to generate
a better prompt for our task, to investigate if the
LLM’s pretraining contains aspectual knowledge
beyond our basic definitions, which resulted in a
streamlined version with more general task instruc-
tion. Finally, to take advantage of extensive LLM

8https://github.com/clairepost/UMR_As
pect_Data.git

9Please see our GitHub for more information.
10https://github.com/umr4nlp/umr-guide

lines/blob/master/guidelines.md
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Aspect Little Prince Minecraft BOLT DF WB Pear Story Lorelei UMR 1.0 Total
State 63 20 119 45 121 0 62 430
Habitual 1 0 17 4 28 0 2 52
Process 2 0 5 5 44 1 1 58
Activity 9 0 31 14 57 0 21 132
Performance 35 2 43 18 159 3 57 317
Endeavor 0 0 0 0 2 0 14 16
Total 110 22 215 86 411 4 157 1005

Table 5: Aspect label distribution from different existing UMR datasets before any additional annotation
was done.

Aspect Little Prince Minecraft BOLT DF WB Existing Labels Total
State 172 14 101 14 430 731
Habitual 41 0 4 0 52 97
Process 31 0 38 8 58 135
Activity 15 2 10 3 132 162
Performance 163 43 69 32 317 624
Endeavor 15 0 4 0 16 35
None 158 49 121 77 - 405
Total 595 108 347 134 1,005 2,189

Fleiss’ Kappa 0.78 0.82 0.45 0.40 - -

Table 6: Label distribution by corpus and annotated aspect. We report Fleiss’ Kappa between the two
initial annotators and do not include disagreements in the reported total.

Split Sentences Events
Train 333 999
Dev 71 220
Test 72 254
Total 476 1,473

Table 7: Stratified 70/15/15 train/dev/test split, di-
vided at the sentence level using dominant aspect
label for stratification.

context windows, we try providing the UMR guide-
lines for aspect11 in their entirety and instructing the
model to predict a label. We find marginally higher
validation accuracy with the second strategy, and
employ it in testing. We provide the full prompt we
used in testing in Table 9, as well as in our GitHub
repository.

11github.com/umr4nlp/umr-guidelines/bl
ob/master/guidelines.md#part-3-3-1-Aspec
t

Category Metric Value

Accuracy

State 0.82
Habitual 0.63
Activity 0.52
Performance 0.80
Endeavor 0.11
Overall Accuracy 0.74
Perfect Accuracy 0.35

F1 Macro F1 0.49
Weighted Macro F1 0.76

IAA Fleiss’ Kappa 0.55
Gwet’s AC1 0.66

Table 8: Practice Annotation Results: Overall Ac-
curacy is the ratio of the total number of correct
annotations over the total number of predicates an-
notated. Perfect Accuracy is the ratio of predicates
that were correctly annotated by all annotators. No
occurrences of Process aspects were present in
the practice set.

github.com/umr4nlp/umr-guidelines/blob/master/guidelines.md##part-3-3-1-Aspect
github.com/umr4nlp/umr-guidelines/blob/master/guidelines.md##part-3-3-1-Aspect
github.com/umr4nlp/umr-guidelines/blob/master/guidelines.md##part-3-3-1-Aspect
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Figure 3: Flow diagram illustrating the annotation and adjudication phases, and how many labels were
completed at each stage of the process.
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Setting Prompt
Experiment:
Few-shot with
definitions (3
examples per
class, total 21
examples)

Model: gpt-5-
mini
Seed: 42

[SYSTEM TURN]
You are a UMR expert, required to predict the aspectual value of a predicate in a given
sentence. The goal is to annotate the aspect of each predicate, which can be one of six
distinct values: State, Habitual, Process, Activity, Endeavor, Performance, or a seventh
’None’ option if you think the given predicate is not an event. Respond with only the label
name and nothing else. Do not restate the sentence, predicate, or provide any reasoning.

[USER TURN]
Definitions:

• state: stable condition or property (e.g. “knows”, “believes”)
• habitual: recurring or generic action (e.g. “walks to school every day”)
• process: ongoing activity without clear endpoint (e.g. “is running”)
• activity: dynamic event (e.g. “built a house”)
• performance: bounded event with natural endpoint (e.g. “arrived”)
• endeavor: attempted action that may not fully complete (e.g. “tried to open”)
• none: no clear aspectual reading

Examples:
Sentence: "The new immigration law also permits the immigration service to provide " limited
" biometric information on New Zealand citizens to neighboring countries ." | Predicate:
"immigrate-01" -> none Sentence: "And as I had with me neither a mechanic nor any
passengers , I set myself to attempt the difficult repairs all alone ." | Predicate: "attempt-01"
-> endeavor Sentence: "long hours and lots of long nights." | Predicate: "long-03" -> none
Sentence: "I am about to receive a visit from an admirer ! " he exclaimed from afar , when
he first saw the little prince coming ." | Predicate: "come-01" -> activity Sentence: "However,
I just have to say that I think it is ludicrous for John to accept any other explanation for his
encounter except for what it is." | Predicate: "contrast-91" -> none Sentence: "" Yes ? "
said the little prince , who did not understand what the conceited man was talking about ." |
Predicate: "talk-01" -> activity Sentence: "At a glance I can distinguish China from Arizona ."
| Predicate: "glance-01" -> endeavor Sentence: "" Yes ? " said the little prince , who did not
understand what the conceited man was talking about ." | Predicate: "understand-01" ->
state Sentence: "" What ! "" | Predicate: "say-91" -> performance Sentence: "" This man
, " the little prince said to himself , " reasons a little like my poor tippler ... "" | Predicate:
"reason-01" -> habitual Sentence: "Freedom of speech has never been understood to
restrict the ability of people to sue other people for things like libel and slander." | Predicate:
"restrict-01" -> state Sentence: "In the course of this life I have had a great many encounters
with a great many people who have been concerned with matters of consequence ." |
Predicate: "encounter-01" -> habitual Sentence: "And as I had with me neither a mechanic
nor any passengers , I set myself to attempt the difficult repairs all alone ." | Predicate:
"repair-01" -> endeavor Sentence: "Absurd as it might seem to me , a thousand miles from
any human habitation and in danger of death , I took out of my pocket a sheet of paper and
my fountain - pen ." | Predicate: "die-01" -> process Sentence: "" I admire you , " said the
little prince , shrugging his shoulders slightly , " but what is there in that to interest you so
much ? "" | Predicate: "shrug-01" -> activity Sentence: "" It is to raise in salute when people
acclaim me ." | Predicate: "raise-01" -> habitual Sentence: "If I owned a flower , I could
pluck that flower and take it away with me ." | Predicate: "possible-01" -> state Sentence:
"This higher health spending is a function of different prices and different usage of medical
care." | Predicate: "use-01" -> process Sentence: "[Builder puts down a green block at X:1
Y:2 Z:0]" | Predicate: "put-down-17" -> performance Sentence: "So I lived my life alone ,
without anyone that I could really talk to , until I had an accident with my plane in the Desert
of Sahara , six years ago ." | Predicate: "talk-01" -> process Sentence: "Here you may see
the best portrait that , later , I was able to make of him ." | Predicate: "make-01" -> performance

Classify:
Sentence: "My mom just retired."
Predicate: "retire-01"
Label:

[ASSISTANT TURN]

Table 9: Few-shot prompt used for LLM aspect classification.
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