
Proceedings of The Seventh International Workshop on Designing Meaning Representations (DMR 2026) @ LREC 2026, pages 44–53
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

44

TrAinMR: an Annotator Training Website
for Abstract Meaning Representation

Mina Yang, Shira Wein
Amherst College

Amherst, MA, United States
{miyang27, swein}@amherst.edu

Abstract
Abstract Meaning Representation (AMR) is a graph-based semantic representation which captures the core elements
of meaning of a text. AMR has been incorporated into a variety of downstream tasks, which rely heavily on the
availability of gold-annotated AMR corpora. While the annotation process is fairly lightweight, annotator training is
still required even for linguists due to the extensive nature of the annotation guidelines and comprehensive set of
roles. Therefore, all corpus development projects for AMR (and extensions of AMR) require the dataset curators
to first train annotators. In this paper, we develop an online AMR annotation training system called TrAinMR in
order to ease this training process and thus motivate the development of additional AMR corpora. The two main
components of TrAinMR are (1) a written tutorial covering the basics of AMR annotation, and (2) an interactive
practice module with corrective feedback. To measure the effectiveness of this tool, we conduct two pilot studies with
five human annotators each. We find that the majority of annotators state their understanding of AMR improved as a
result of TrAinMR, and some annotators show a positive trend in SMATCH scores after completing the practice module.

Keywords: semantics, annotation, abstract meaning representation

1. Introduction

The graph-based semantic representation Abstract
Meaning Representation (AMR; Banarescu et al.,
2013) captures the relationship between concepts
in a sentence of the form “who did what to whom”
(see Figure 1). AMR has been incorporated into a
variety of downstream applications in areas such
as machine translation (Wein and Schneider, 2024;
Song et al., 2019) and summarization (Liao et al.,
2018), leveraging prior efforts towards gold anno-
tation of AMR.

While datasets such as AMR3.0 (Knight et al.,
2020) are widely used, creating AMR corpora
requires the work of human annotators, and for
datasets containing over thousands of AMRs, the
annotation process becomes costly in time and
work. This is in large part due to the extensive
nature of the AMR guidelines. While AMR an-
notation is fairly lightweight, in order to produce
accurate annotations, AMR annotators must be
trained to identify relationships in the text and
produce the correct AMR relations. Furthermore,
prior work investigating the automation of AMR
production finds that relying on GPT models to
automate the curation of AMR datasets is not fea-
sible due to the frequency of mistakes in AMR
annotation (Ettinger et al., 2023). Therefore, al-
though AMR annotation by hand can be laborious,
our goal is to make the training process faster by
providing a ready-to-use training schema for any
AMR project developers. TrAinMR is designed to
lessen the barrier of entry to AMR annotation, en-
abling novice non-linguists to begin to contribute

Sentence: The cat has orange stripes.

AMR Graph:

(h / have-03
:ARG0 (c / cat)
:ARG1 (s / stripe)

:mod (o / orange))

Figure 1: The AMR graph for the simple sentence
“The cat has orange stripes.” For the root (h /
have-03), have is the concept, -03 is the sense
number as identified via PropBank, and h is the
variable name which enables coreferential relations
(i.e., for concepts which are referred back to later
in a graph).

to annotation projects at scale. Our tool may
also be helpful as a first step for crowdworkers,
if the project developer selects to crowdsource
AMRs and incorporate expert intervention for more
complicated instances (Martin et al., 2020).1

To assist with the challenging process of training
new annotators, we present TrAinMR (Training in
Abstract Meaning Representation), a web-based
tool that consists of two main components: a Tu-
torial module which introduces the fundamental
guidelines of AMR annotation, and an interactive
Annotation Practice module. The Annotation Prac-
tice module asks users to annotate 25 sentences,
and provides immediate feedback by comparing
the user’s annotations to a gold reference annota-

1The AMR training website is available at
https://acnlplab.github.io/amr-training-site/

https://acnlplab.github.io/amr-training-site/
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tion.
In order to analyze the tool’s effectiveness, we

conduct two pilot studies, in which we measure
TrAinMR’s impact on performance. The study in-
volves 10 novice human annotators who first read
the Tutorial, then annotate 25 sentences. We ana-
lyze their performance using SMATCH scores (Cai
and Knight, 2013), qualitative analysis on individ-
ual annotations, and collect post-study feedback
from annotators on their experience.

2. Related Work

AMR is a graph-structured semantic representa-
tion designed to generalize away from surface-level
grammatical details in order to capture the core
meaning of a text (Banarescu et al., 2013). AMR
concepts are reflected as nodes in the directed,
rooted graph, and edges represent the relation-
ship between those concepts; edges are marked
with relations including numbered arguments from
PropBank (e.g., :ARGn) or named relations (e.g.,
:location). Numerous extensions of the AMR an-
notation schema have been introduced, such as
the Uniform Meaning Representation (Van Gysel
et al., 2021), BabelNet Meaning Representation
(Martínez Lorenzo et al., 2022), Spatial AMR (Bonn
et al., 2020), and Gesture-AMR (Brutti et al., 2022)–
all of which also require training in AMR before
being able to produce the specialized annotations.

Key AMR materials include the AMR guidelines
(Banarescu et al., 2019) and an AMR Tutorial pre-
sentation from NAACL 2015 that discusses foun-
dational AMR concepts through practice examples
(Schneider et al., 2015). Existing annotation inter-
faces include the (now defunct) AMR Editor (Her-
mjakob, 2013), CAMRA (Cai et al., 2023), LiDARR
(Cai et al., 2025), Anafora (Chen and Styler, 2013),
and X-AMR (Ahmed et al., 2024). These tools
aid AMR annotation on the document- and corpus-
level in order to improve the quality of the AMR, but
are all designed to serve as annotation interfaces,
not to train annotators. To the best of our knowl-
edge, TrAinMR is the first tool designed for annota-
tion training, serving as a centralized on-boarding
for new annotators. By standardizing the initial
training process, TrAinMR reduces the burden on
new annotation efforts by allowing annotators to
complete the TrAinMR system first.

In order to evaluate annotator performance, we
use SMATCH, which is a standard approach for
comparing two AMR graphs for semantic similarity
(Cai and Knight, 2013). SMATCH calculates se-
mantic similarity by aligning the concepts of the two
graphs and counting their matching triples. Then, it
calculates the precision, recall, and F1-score. The
final score is a single value ranging from 0 (no
match) to 1 (perfect match). Thus, we are able
to compare the user’s submission against a gold

reference, expert-annotated AMR graph. SMATCH
score can also be used to measure inter-annotator
agreement in order to validate annotator training
and consistency of a dataset. SMATCH scores
for inter-annotator agreement of released AMR
datasets range from 0.71 to 0.89 SMATCH (Wein,
2025).

3. System Overview

TrAinMR consists of two main components: a Tuto-
rial module and an Annotation Practice module.

The Tutorial page contains written guidance on
how to annotate an AMR graph, including instruc-
tions on PENMAN notation (Matthiessen and Bate-
man, 1991), PropBank framesets (Palmer et al.,
2005), and common roles and relations.

After reading the Tutorial, users are directed to
then practice writing their annotations in the Anno-
tation Practice page. On the Annotation Practice
page, we instruct the users to submit their anno-
tations for 25 curated sentences, and detail that
the user can view the gold AMR and explanations
for the AMR after submitting an annotation. Exter-
nal resources, such as the PropBank repository
(Palmer et al., 2005) and the AMR guidelines (Ba-
narescu et al., 2019), are referenced on the An-
notation Practice and Tutorial pages, and users
are encouraged during both stages to supplement
their understanding. By practicing after learning
about the AMR guidelines, users are able to apply
and reinforce their learning through active recall.
This also enables users to quickly identify and rem-
edy misunderstandings from the Tutorial as they
receive corrective feedback on their AMR graph
submissions.

3.1. Tutorial

The content of the Tutorial page largely follows the
list of topics in the AMR paper Banarescu et al.
(2013) and AMR Tutorial Slides (Schneider et al.,
2015). These topics are: AMR, PENMAN notation,
PropBank frames, nominalization, AMR roles and
relations (including frame arguments and common
relations), reification (converting a relation into a
concept), and annotation of negation, modals, and
questions. Each topic in the Tutorial includes a
brief explanation, as well as example sentences
and their corresponding AMR graphs which demon-
strate those topics (see Figure 2 for an example).
The example sentences in the beginning of the
Tutorial are short sentences designed to exemplify
a specific topic, such as the application of :mod.
There are supplemental examples at the bottom
of the Tutorial that feature longer AMRs with a
combination of previous topics, including inverse
relations, modification, and quantification.
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Figure 2: An example of the “Listing Entities” section from the Tutorial page is shown, including the AMR
for the sentence “Funk and soul.”

Figure 3: The Annotation Practice module displays feedback when prompted by the user. After selecting
to show the Gold AMR, the AMR is shown as well as an explanation of the contents of the graph.

3.2. Annotation Practice

After having engaged with the Tutorial, the user is
then able to try AMR annotation on the Annotation
Practice page. We store the user’s submissions in
a Google Sheet and display the highlighted differ-
ences between the submission and the gold AMR.
We also provide an explanation of the various com-
ponents of the gold AMRs, including the root con-
cept (the focus of the sentence), other concepts,
and the roles and relations that connect them.

The gold AMR is hidden from view until an input
is submitted. Once users submit an annotation,
their attempt is shown below the sentence and
they are able to resubmit if desired. To help users
visually track their progress, their most recent sub-
mission for each sentence is saved and displayed.

Additionally, after submitting, users have the op-
tion to view the gold AMR and its line-by-line break-
down, the gold AMR explanation, and the AMR
analysis separately.

3.2.1. User Interface

The Annotation Practice page consists of 25 prac-
tice annotations for sentences taken from the
AMR3.0 dataset (Knight et al., 2020). We choose
sentences manually to reflect a range of complex-
ity and the topics mentioned on the Tutorial page.
We define complexity using sentence length and
the presence of combinations of topics, such as
modals and inverse roles. For example, we con-
sider a short sentence containing a single subject
and verb to be simpler than a long sentence with
multiple adjectives, subjects, verbs, and objects,
which we consider to be more complicated to an-
notate.

The user can choose to show the sentences
either in order of increasing complexity or in ran-
domized order, which is the default.

Our Annotation Practice page consists of pri-
marily three panels: the leftmost containing the
sentence and an option for the user to view any
previous submissions for that sentence, the middle
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Figure 4: After selecting to show the Gold AMR in the Annotation Practice module, highlighted differences
between the user-submitted and gold AMRs are shown as well as a natural-language interpretation of the
gold AMR.

panel containing the textbox to submit the AMR
annotation for the sentences, and the rightmost
panel with options to view the gold AMR and the
explanation of the contents of the gold AMR (see
Figure 3 for an example). The explanation concep-
tually walks through the gold AMR graph’s struc-
ture, highlighting the main concepts and roles in
the context of the original sentence. We generate
these explanations by hand for each of the 25 gold
AMR graphs.

Finally, users can view a direct comparison be-
tween their submission and the gold AMR, which
we show in a pane called Analysis at the bottom
of the Annotation Practice page. Additionally, in
the same pane, to aid users who are new to PEN-
MAN notation, a Gold AMR Breakdown provides
a natural-language explanation for each line of the
gold AMR (Figure 4). This Gold AMR Breakdown
is also generated by hand.

When the user input contains significant syn-
tax errors, such as mismatched parentheses that
make it difficult to parse the AMR, the submission
is unable to be compared to the gold AMR via
SMATCH. Thus, we show an error message to
guide the user towards correcting the formatting
of their input. Reasons for the AMR being invalid
include the presence of mismatched parentheses,
omitted or misspelled roles (such as forgetting : in
front of :ARGn), and errors regarding concept vari-
ables (the letters that label concepts, such as s in
s / soul). The most common variable errors are
using duplicate variables for different concepts or
omitting them entirely.

3.2.2. Backend

We make calls to the Google Sheets API in order
to analyze user submissions.

The backend of the Analysis feature, which
compares differences between the gold AMR and
user submission, first checks for proper syntax by
transforming the user input into PENMAN nota-
tion (Matthiessen and Bateman, 1991). Then, in
order to verify that the order of roles is not mis-
takenly marked incorrect, we alphabetically sort
all sibling role blocks (roles of the same structural
level) in order, to easily find role matches between
the submission and gold AMR. Then, we map the
concept variable markers between the two graphs
to ensure differences in variable naming are not
counted as errors, since variable names are arbi-
trarily decided.2 This mapping is executed sequen-
tially without structural context, which is a naive
approach that works efficiently for the purposes of
providing feedback to users, but could be optimized
to be more robust as a variant of SMATCH.

After normalization, we compare the tokenized
strings of the two AMRs using the jsdiff library.3

The resulting differences are then displayed in the
following format: parts of the gold AMR that the
user missed are shown in blue and bold, while the
extra parts from the user’s submission are showed
in red and crossed-out italics. We note that using
jsdiff is efficient for the sentence-level AMRs con-

2For example, (f / funk) and (x / funk) are equiv-
alent AMRs though different variable markers are used
for the funk concept.

3https://github.com/kpdecker/jsdiff
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sidered here, but more scalable graph matching
algorithms may be needed to handle much larger
document-level graphs.

4. Pilot Studies

We conduct two pilot studies to evaluate the per-
formance and effectiveness of TrAinMR. In particu-
lar, we set out to examine whether using TrAinMR
leads to an improvement in a user’s annotation
quality, as measured by (1) SMATCH score against
the gold reference, and (2) the user’s perceived
knowledge of AMR.

To answer these questions, each pilot study asks
five annotators to complete the Tutorial and Anno-
tation Practice modules of TrAinMR. We analyze
their SMATCH scores against gold annotations and
collect feedback on the user experience through
post-study surveys.

4.1. Set-up

Each pilot study has five human annotators who
are college students and are fluent in English, with
little to no prior exposure to AMR, and zero annota-
tion experience with AMR. The study instructions
are as follows, provided orally:

• Read the Tutorial page

• Read the instructions at the top of the Anno-
tation Practice page, then write AMR annota-
tions for all 25 sentences

• Only one submission to each sentence is re-
quired, but we encourage additional attempts

• Rely on the Tutorial page and other resources
linked from the page

After completing the task, annotators are also
encouraged to fill out a feedback survey which in-
cludes a reflection on what aspects of TrAinMR
they find most helpful during the annotation pro-
cess, a quantitative rating of the utility of TrAinMR,
and comments on what parts of the AMR annota-
tion process they find particularly difficult.

In the first pilot study, we present the sentences
in the Annotation Practice module in order of in-
creasing complexity, as determined by the length
of the sentence and the density of topics such as
inverse relations and modals. Annotators also au-
tomatically see the gold AMR, explanation, break-
down, and highlighted differences after submitting
their annotation. In this first pilot study, we do not
track from which annotator each annotation is pro-
duced.

In the second pilot study, the study instructions
remain the same as in the first pilot study. The
study design is also kept the same, except for
four logistical changes. First, the order of sen-
tences is randomized per user, in order to assess

whether annotator’s abilities improve during the
training process. The sentences are presented in
random order generated using the Fisher-Yates
shuffle algorithm (Durstenfeld, 1964). Second, the
gold AMR and explanation are hidden by default
and only appear after being selected by the user.
Third, users are tracked using local storage. This
means we can follow the trajectory of an individ-
ual user and analyze their performance. Finally,
based on feedback from the first pilot study, an
additional example is added to the inverse roles
section in the Instructions, and reminders regard-
ing parentheses-related syntax are added to the
Tutorial and Annotation Practice pages.

4.2. SMATCH Score Results

In the first pilot study, the average SMATCH score
(Cai and Knight, 2013) of all 210 annotations
against gold standards is 0.669, with a standard
deviation of 0.239. It is important to note that these
scores exclude annotations that are unable to be
evaluated by SMATCH. There are a total of 49 out
of 210 annotations that produce this error. An ex-
treme example is the sentence “He can’t seem to
help himself from apologizing for anything and ev-
erything”, which only has two valid annotations that
are used to compute the SMATCH score. The most
common causes of parsing errors are mismatched
parentheses and the usage of duplicate variable
names for different concepts. For the first pilot
study, we find that 16 out of the 25 sentences have
an average SMATCH score between 0.600 and
0.800, and there is a small, negative correlation be-
tween sentence complexity and average SMATCH
scores per sentence (R2 = 0.198), suggesting that
more complicated sentences are indeed harder to
annotate.

Annotator ID Average SMATCH Variance
Annotator 1 0.434 0.012
Annotator 2 0.643 0.059
Annotator 3 0.497 0.036
Annotator 4 0.723 0.050
Annotator 5 0.645 0.033

Table 1: Average SMATCH and Variance per anno-
tator in the second pilot study.

In the second pilot study, the average SMATCH
scores (Cai and Knight, 2013) of all annotations
against gold standards is 0.629, with a standard
deviation of 0.229. The individual annotator scores
and standard variance can be seen in Table 1.4

4Note that these scores exclude annotations that are
unable to be parsed by SMATCH. There are a total of
80 out of 215 annotations that produce this error. The
most common reason for this error is the presence of
duplicate variable nodes.
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Each annotator is assigned a unique, anonymous
identifier (Annotator 1, Annotator 2, etc.) that is
used consistently throughout the analysis. We see
that Annotator 1 has the most consistent perfor-
mance, as they have the lowest variance, while
Annotator 2 exhibits the most varied performance.
Individuals learn at different speeds and gain vary-
ing proficiency levels. Performing individual anal-
yses reflects this reality and provides a guide for
improving the training schema. For example, this
data could advocate for an adaptive learning sys-
tem that provides supplementary practice to an-
notators with lower scores, while providing more
challenging examples to those who appear to learn
more quickly.

Given that the second pilot study shows the sen-
tences to annotators in a randomized order, we as-
sess whether the average SMATCH score against
the gold reference increases as the annotators
practice more. We measure learning (as seen in
Figure 5) by viewing annotator performance in the
order of sentences that they annotated. In this
second pilot study, Annotators 1-4 show a positive
correlation between SMATCH score and annota-
tions made over time. Annotator 1 and Annotator 4
show the highest correlation, with an R2 value of
0.276 and 0.315 respectively, suggesting improve-
ment in AMR annotation via TrAinMR. In contrast to
the other annotators, Annotator 5 is able to achieve
high SMATCH scores since the beginning of their
annotation process, suggesting their learning from
the Tutorial page. As a result, Annotator 5’s per-
formance shows a weak negative correlation (R2

value is less than 0.1). We note that these R2

values are from a simple linear fit and serve as a
descriptive trend. Since we do not explicitly model
variations in sentence difficulty nor assume a lin-
ear learning pattern, we place more emphasis on
interpreting these results qualitatively.

The average SMATCH scores across all anno-
tations between the first and second pilot study
are relatively similar (0.669 and 0.629 respec-
tively). These SMATCH scores indicate that an-
notators without previous exposure to AMR can
produce annotations that show moderate overlap
with gold-standard graphs after use of TrAinMR.
While these performance scores are lower than
the inter-annotator agreement score ranging from
0.71 to 0.89 SMATCH (Wein, 2025), they suggest
that TrAinMR has the potential to help provide foun-
dational knowledge for complex annotation tasks.
However, this interpretation is limited given the
small pilot size and number of invalid annotations.

4.3. Feedback Survey Results and Error
Analysis

In the feedback survey with nine responses (one
annotator in the first study did not respond to the
form, hence nine total responses instead of ten),
annotators report their prior knowledge of AMR an-
notation on a scale of 1 (None) to 5 (Expert). The
responses show that most annotators are novices,
with a mode of 1 and a mean score of 1.550. Eight
out of nine participants rate their prior exposure
as a 1 or a 2, and one rates their proficiency as
a 3. When asked if TrAinMR helped them learn
AMR annotation (1=Not at all, 5=Very much), the
feedback is positive. The mode is 4 and the mean
score is 3.330. This indicates that TrAinMR can
help expose users to AMR in an interactive way,
compiling the most necessary information to get
one started in AMR annotation.

Annotators also note that time spent reading
the Tutorial lasted approximately 20-30 minutes for
each user. The fastest completion time for anno-
tating the 25 sentences is approximately 1 hour
and 13 minutes and the longest completion time is
approximately 2 hours and 12 minutes. One partic-
ipant in particular notes that the annotations took
less time as they completed more practice.

Annotators state that they have the most trouble
with finding the root of the sentence, distinguish-
ing between roles and relations with similar uses,
understanding inverse roles, and finding the cor-
rect PropBank frames. For example, for the sen-
tence “In recently years, Finland has been keeping
an obvious trade surplus in this region,” we see
that the annotators have difficulty identifying the
correct concepts, including distinguishing when
to use a PropBank frame or a word (obvious v.s.
obvious-01).5

We identify several other common errors in the
annotations. The sentence with the lowest aver-
age SMATCH score in the first pilot study is “The
Japanese delegation will fly to Beijing on the 2nd”
with SMATCH of 0.415. Although there are five
annotators in this study, they are encouraged to
resubmit their work, resulting in a total of eight sub-
missions for this particular sentence. Of these eight
submissions, four produce parsing errors and are
thus excluded from the average score calculation.
Out of the valid submissions, annotators appear to
have trouble with the exact syntax of the :name role
and wikification. Annotators also show difficulty
in identifying the correct role for the locations in
the sentence, mixing between :destination, :mod,
and :ARG1-of.

The sentence with the lowest average SMATCH

5Note that the the original sentence contains “re-
cently” though “recent” would be grammatical; we
present the sentence as written to the annotator.
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Figure 5: The performance of each annotator from the second pilot study is shown over time. The
x-axis represents the nth sentence annotated, and the y-axis represents the SMATCH score of the first
annotation submission per sentence. The first submission for each sentence per annotator is being
compared. Missing values are included. Annotators 1-5 are represented by the labeled graphs.

score in the second pilot study is “a group of peo-
ple of nine professions” with a SMATCH score of
0.373. Two out of five annotations produce pars-
ing errors for this sentence, and thus are excluded
from the score. The annotators seem to struggle
with using reifications, where none of the annota-
tors use have-org-role-91 in their submission for
this sentence.

Our pilot studies also reveal annotators’ trouble
in identifying the correct root concept. In regards
to the first study, in the sentence “The policy is a
matter of national sovereignty and security,” six out
of eight submissions exclude the relation :domain.
Half of the submissions correctly identify matter
as the root concept, of which two of them are in-
correctly matter-01 and matter-02. The other sub-
missions have policy and be-03 as the root con-
cept. There are similar patterns of annotators con-
fusing PropBank frames with regular words, such
as in “During a time of prosperity and happiness,
such a big earthquake suddenly struck,” where the
concept happiness in the gold AMR is written as
happy-01 and happy-02 in two of the submissions.
We also note that annotators seem to forget to add
demonstrative pronouns sometimes such as “this,”
as seen in submissions for the sentence “He felt
that, there were more new competitors from our
country participating in this competition.” In the
second study, another example of annotators hav-
ing a difficult time identifying the root concept is
for the sentence “The acquisition is expected to
be completed before April,” where the root concept
is expect-01. Eight out of ten submissions cor-

rectly identify this, however one annotator’s initial
submission uses complete-01 as the root instead.

Another key finding from our analysis is related
to concept selection. For instance, for one sen-
tence, six out of nine submissions in the second
study use the adjective happy while the gold AMR
uses the noun happiness. While the annotators
successfully identify the main semantic concept in
this case, they struggle with nominalization. This
suggests that our training is effective at conveying
the main principles of AMR, but specific linguis-
tic details like nominalization is a challenge for
novices. This insight informs how to improve future
versions of the training tutorial.

Perhaps unsurprisingly, we find annotators are
unable to identify specific roles or relations that
are not included in the Tutorial. For example, in
the sentence “Why is it so hard to understand?”,
the gold AMR uses :degree, a relation that is not
included in the Tutorial, for the concept so. Two out
of the ten annotations (five being resubmissions)
in the second study include the concept so. An-
notator 1 connects the concept so to the relation
:manner as their first submission. Annotator 5 con-
nects the concept so to the relation :quant in their
resubmission, whereas they omit so in their initial
submission. The other annotators omit the concept
so and :quant in their submissions.

Finally, when asked which resources users find
most helpful, annotators could select multiple op-
tions. The responses indicate that a combination
of resources is valuable for the learning process.
Seven out of nine total responses across both stud-
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ies indicate that the Tutorial page is most helpful,
and six out of nine responses state that the expla-
nation of the gold AMR is most helpful. External
resources such as referencing PropBank frames
and AMR guidelines, and the gold AMR itself, are
also indicated as most helpful by five respondents.
This indicates that users find TrAinMR particularly
effective when supplemented with examples and
further documentation.

5. Conclusion

In this paper, we present TrAinMR, an open-source,
web-based tool designed to address the difficulty
in creating large-scale AMR corpora due to the
time and expertise needed to train new annota-
tors. TrAinMR provides a foundational tutorial and
an interactive practice environment that can be
reused as a training schema. Its immediate feed-
back loop allows novices to compare their attempts
to a gold standard AMR, helping them to learn the
accurate application of AMR’s guidelines across
annotations. By having a self-contained learning
module with original examples and explanations,
TrAinMR makes the complex task of AMR anno-
tation training more accessible to a broader audi-
ence.

We also review the results to two pilot stud-
ies evaluating how effective TrAinMR is. We find
that many annotators make two common mistakes,
which are missing or mismatching parentheses,
and using the same variable label for different con-
cepts. Other common mistakes include using in-
correct PropBank frames and different roles and
relations.

The average SMATCH score across all anno-
tations in pilot study one and two are 0.669 and
0.629 respectively, which provides an initial indica-
tion of the potential utility of our training tool. We
observe a trend in four annotators in the second
pilot study where their performance is positively
correlated with the number of annotations com-
pleted. Additionally, another annotator shows an
increase in performance on complex sentences,
which may suggest they become more proficient
at writing annotations during their continued use of
TrAinMR.

Common error patterns in the two pilot studies
also highlight the importance of mitigating the ef-
fects of annotator subjectivity. Annotators may dis-
agree with certain parts of an AMR graph depend-
ing on their own interpretation of words, such as
finding a different verb in a sentence to be the root
of an AMR, which can also be due to language
ambiguity (Wein, 2025). We see this in the user
annotations in our study, where places like the root
concept and certain roles are different from the
gold AMR, but the overall meaning of the AMRs
are not dissimilar.

Future work may include enhancing TrAinMR
with an LLM-based feedback feature to provide
more interactive, natural language explanations
of differences between a user’s submission and
the gold AMR for a large set of sentences. Our
error analysis also informs the development of
other training curriculum. If additional documen-
tation on approaches to AMR training emerges,
TrAinMR could be compared with other training
approaches in future work. Finally, expansions to
TrAinMR could support AMR extensions and other
languages in order to make semantic annotation
beyond AMR more accessible.

Limitations

Our study is limited to AMR annotation of texts in
the English language, which may not generalize to
other languages or annotation frameworks. Addi-
tionally, our sample size is reduced due to some
submitted annotations being invalid AMR graphs,
meaning we are unable to calculate SMATCH
scores with them. We use pilot studies to itera-
tively improve and validate the utility of our tool;
future pilot studies may examine how annotators
trained using TrAinMR may perform over a base-
line, self-training for the same amount of time, or
assess how whether TrAinMR enables improved
quality control of annotations.
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