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Abstract

The potential of Al conversational agents to foster student learning and reduce teacher strain in classroom settings
has made the development of pedagogical agents a prime research target. An effective Al agent in particular must
be able to understand both student language and the content they are learning and, furthermore, map between
them. Curricular terminology and student speech, though topically and semantically related, differ significantly in
surface-form expression. We present the JIA-AMRs Collection, a new resource for exploring whether Abstract
Meaning Representations (AMRs) can optimize interventions by a conversational Al agent in a middle-school
classroom by providing structured semantic representations of classroom language. This resource also provides an
avenue by which we can verify interventions by the agent. We discuss the challenges of creating a corpus of meaning
representations that map across highly-dissimilar classroom data (multimedia curriculum, student spoken language,
and student written language) and our promising results of a nearly 30-point gain in trained-parser performance over
the off-the-shelf model.

Keywords: Corpus Creation and Annotation, Meaning Representation, Semantics, Parsing, Training and

Domain Adaptation
1. Introduction

Conversational Al agents have been proposed as
one possible solution to the heavy demands on
teachers in classrooms (Labadze et al., 2023). For
example, an interactive Al agent could enhance
learning by simulating teacher behaviors, such as
intervening when students are confused, or remind-
ing them of key curricular concepts.

The work in this paper was initiated as part of our
NSF Institute for Al-Student Teaming, iSAT," which
is aimed at supporting more effective collaboration
in classroom environments (D’Mello et al., 2024).
For our conversational Al partner, we focused on
jigsaw activities (Liao et al., 2018). Jigsaws are
collaborative learning techniques in which each
student in a group first learns a different part of the
learning materials and then the students gather to-
gether to discuss tasks or projects that require them
to share their knowledge (Aronson et al., 1978).
These are typically done in break-out groups, as
many as 8 or 10 per classroom, making it difficult
for a single teacher to supervise all of the groups
simultaneously. We were interested in exploring
whether Al conversational agents could assist the
teacher in supporting jigsaw groups, hence JIA (Jig-
saw Interactive Agent), and chose the Schoolwide
Labs Sensor Immersion curriculum unit (discussed
in Section 3).

1https ://www.colorado.edu/research/
ai-institute/

One of our first challenges involved the highly-
contextualized semantic content of classroom dis-
course that a successful Al agent must be able
to parse correctly. As an example, consider the
following middle-school dialogue fragment:

1. Student 1: In button A

2. Student 2: I- |- on like in on button A
3. Student 1: On button a?

4. Student 2: The in like the block

5. Student 1: What the? In or on?

Without background knowledge of the course
material, this exchange appears opaque, even non-
sensical. However, the conversation is meaningful
and on-topic; the students are participating in a task
in which they are asked to describe blocks of code
in MakeCode, a blocks-based programming plat-
form that is part of their curriculum. Here, Student 2
is attempting to describe the code block in Figure 1,
but Student 1 is confused, creating a prime opportu-
nity for an agent to engage. To intervene effectively,

on button A ¥ pressed

Figure 1: MakeCode block

an Al agent itself needs to follow the conversation.
It should be able to correctly interpret utterance (2),
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for example, as follows:

* The first few words are disfluency

* “in” is part of meaningful predicate-argument
structure — something is located in something
else (the code block in Figure 1)

* “on button A” is not a prepositional phrase but
a named entity (NE), a reference to the code
block in Figure 1. Identifying this means a
system must have knowledge of the curriculum
the students are learning.

It is useful to explore how the Abstract Meaning
Representation (AMR) (Banarescu et al., 2013) rep-
resents this utterance. AMRs are rooted, directed,
acyclic graphs that can capture all of this informa-
tion in a structured way: disfluency is dropped; “in”
is captured by a locative frame’ and “on button A”
is accurately represented:

(b / be-located-at-91
:ARG2 (s / software
:name (n / name :op1 "on" :op2 "button”
:0p3 "A")))?

We claim that AMRs are desirable for such data
for at least three reasons. First, AMRs have been
shown to improve large language model (LLM) per-
formance in other dialogue-understanding tasks
such as dialogue evaluation (Yang et al., 2024) and
summarization (Hua et al., 2023), so we hypoth-
esize they could also optimize understanding of
classroom dialogue semantics by an LLM-powered
Al agent. Second, because AMRs are traceable di-
rectly to the source text, they provide an avenue for
verifying and explaining an agent’s responses. It is
well known that LLMs are prone to hallucinations (Li
et al., 2024), making evaluative tools crucial (Zhu
et al., 2024), such as the way AMRs have been
used to validate medical summaries (Landes et al.,
2025). This validation is particularly vital in the
real-world application of youth education — an Al
agent that propagates inaccuracies causes more
harm than benefit. Finally, AMRs lay the ground-
work for integration with visual processing and situa-
tional grounding to support multimodal functionality
(Tam et al., 2023, e.g.), which is the explicit long-
term goal of our student discourse analysis. The
predicate-argument structure represented by an
AMR parse plays a central role in neurosymbolic
approaches such as Common Ground Tracking for
Situated Multimodal Dialogues (Lai et al., 2025).

We therefore manually created the JIA-AMRs
Collection, a new gold-standard database of 4,711
English-language AMRs to support further re-
search and evaluation in these areas.® The Collec-

2This is the PENMAN-style representation of the
graph, which is used for human annotation (Banarescu
etal., 2013).

3The de-identified, annotated transcripts and typed
responses are available at https://github.com/

tion comprises three diverse but related datasets:
(1) a middle-school science curriculum; (2) dia-
logues of the students collaborating to answer ques-
tions about the curriculum content; and (3) the stu-
dents’ finalized (typed) answers to those questions.
It also includes document-level coreference rela-
tions for a subset of each of these corpora. The
datasets include classroom conversations and lab
study conversations collected under IRB approval
by members of iSAT (Doherty et al., 2025).

In this paper, we discuss the challenges of cre-
ating consistent and comprehensive meaning rep-
resentations across such specialized and diverse
source data. In part, our solution included adopting
the two-pass annotation strategy for specialized do-
mains presented in Cai et al. (2024). This proved
effective, yielding a nearly 30-point gain in parser
performance over the off-the-shelf model.

2. Background
2.1. AMRs and Related Work

AMRs are graphical representations of single-
sentence semantic phenomena, including but not
limited to semantic roles, coreference, and named
entities (NEs). In general, events are represented
by PropBank frames (Palmer et al., 2005), and se-
mantic relations are identified by a frame’s prede-
fined numbered arguments or one of the roles from
AMR’s inventory*. Figure 2 demonstrates several
of these features. Mary is identified as the learner
by filling the ARGO slot of learn-01, while “program-
ming her robot” is the thing she is learning (ARG1).
Mary is also the programmer and the possessor
of the robot. AMR captures this coreference by
repeating the variable associated with Mary, (p).

AMR can also capture coreference relations
at the document level (O’Gorman et al., 2018;
Naseem et al., 2022), including with arguments
that are implicit at the sentence level. For example,
if a later sentence mentions Mary’s teacher, that
explicit concept can be linked to the implicit ARG2
slot of learn-01 in the Figure 2 graph.

The AMR schema has been adapted for a
variety of domains and applications, including
search-and-rescue navigation tasks (Bonial et al.,
2024), clinical-text understanding (Cai et al., 2024),
grounded representation of spatial language (Bonn
et al., 2020), and even non-linguistic semantics
such as gestures (Brutti et al., 2022; Donatelli et al.,
2022; Lai et al., 2024). There has also been an ex-
ploratory study that uses German AMRs to evaluate
Language learner responses (Dellert, 2020). How-
ever, to our knowledge, this is the first time AMRs

NSF-1SAT/JIA-AMR-for-classroom
*https://umrdnlp.github.io/web/amr/
lib/roles.html
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((1/learn-01
:ARGO (p / person :name (n / name :opl "Mary"))
:ARGI (p2 / program-01
:ARGO p
:ARGI1 (r/ robot)
:poss p)))

learn-01 learn, absorbing information
ARGO-PAG: student
ARGI1-PPT: subject
ARG2-DIR: teacher

Figure 2: AMR for the sentence Mary is learning to program her robot (left) and example PropBank frame

(right).

have been applied to multi-party student conversa-
tions in a classroom setting for a specific curriculum
unit. Furthermore, we believe the dialogue subset
of our corpus pioneers AMR annotation of human-
human spoken dialogue with typical turn-taking.
While there have been several ventures into dia-
logue AMRs, these have either been human-robot
(Bonial et al., 2020, 2021, 2024), typed dialogue
(Bonn et al., 2020), or dialogue that is in fact pri-
marily one-way; several projects have utilized the
EGGNOG corpus (Wang et al., 2017). It includes
speech data from a two-party setting, consisting
mainly of one person (the signaler) telling the sec-
ond person (the actor) how to build a structure out
of blocks, such that Brutti et al. (2022) says the
speech is “largely one-way communication” and
“does not follow typical conversational turn-taking
patterns.” Lai et al. (2024) only annotate the sig-
naler’s speech for this reason. Interestingly, all
three of these other AMR-dialogue collections are
highly command-based: with a commander and
a follower. Our dialogue corpus, by contrast, is
sourced from multi-party, highly-collaborative set-
tings with no designated leader or follower. This
early effort therefore breaks the ground for develop-
ing AMR to better support representation of more
natural human conversational semantics. This pa-
per should be read in conjunction with the paper dis-
cussing the dialogue annotation, (Cai et al., 2025a).

2.2. Connecting the Dots: the Varied
Landscape of Classroom Language

Semantic annotation is often done on datasets con-
sisting of homogeneous data types and linguistic
styles. AMR was originally developed on data like
Wall Street Journal articles, which typically contain
complete sentences, are self-contained, and are
written for a general audience in a narrative style.
Little or no background knowledge is required for
annotators to interpret the semantic content, and
such texts can simply be extracted from a source
file and sentence-segmented for annotation.

The data required for an Al interactive agent
in a classroom are more complex, specialized,
and varied. Transcripts of classroom dialogue are
largely incomprehensible (to human annotators or

Al agents) without supplemental knowledge about
the dialogue subject matter and physical environ-
ment. Furthermore, like many curricula today, our
data is multimedia in nature: Key content is scat-
tered across PowerPoints, Word documents, and
online tutorials, as well as embedded in images
and tables, non-linguistic modes of communication.
These phenomena must be taken into account and
mapped to create a coherent semantic framework.

For example, our curriculum® teaches students
how to wire scientific sensors to computers. A suc-
cessful Al agent must first interpret the special-
ized, elliptical language in the following dialogue®
in which Student-4 reports that the red wire con-
nects the power to the 3V3 electrical port:

1. Student-4: We only had two set wires Red and
black

2. Student-1: And what did the red connect?

3. Student-1: What what port?

4. Student-4: Three, the red was the power 3V3

The agent could then either confirm Student-4’s
information or nudge them in a different direction if
it is incorrect’, which means being able to map to
a knowledge base (KB) about the subject matter.

However, for a multimedia source curriculum,

much of the necessary content for that KB is lost
with a simple text extraction process. Consider Fig-
ure 3, which contains the knowledge needed to
confirm or reject Student-4’s understanding. This
knowledge is compiled from several modes of com-
munication:

« linguistic: This is where the power gets con-
nected (but this text itself is embedded in the
red, upper right speech-bubble image).

« graphic: The speech bubble arrow (along with
the deictic pronoun This) refers us to the 3V3
port identifier, itself embedded in a separate
image.

®The Sensor Immersion (Sl) Curriculum by School-
wide Labs. Discussed in Section 3.

®Truncated for space. This example is from the class-
room Worksheet Collection (see Section 4).

"Whether or not it should in fact intervene here is
an important but separate question for dialogue policy
teams.
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This controls the
rate of the data.
Think CL for
clock.

This is where the
ground gets
connected.

Figure 3: Screenshot of wiring diagram from the
Sl curriculum, illustrating the meaning embedded
interdependently in linguistic, graphic, and iconic
modalities.

+ iconic: The red coloring of the speech bubble
signifies the red wire.

Even extracting the text from the speech bubble
in Figure 3 would not capture where the power
gets connected; without some kind of reference
resolution, deictic pronouns like This are of little
use in a knowledge base.

While the semantic content in this example is
unique to our data, the types of phenomena en-
countered are not: specialized terminology; deixis;
image-based content; fragmented utterances; and
so forth, are common in group educational settings.
How to bridge between these features in order to
provide the semantic scaffolding for an interactive
classroom agent is a crucial and generalizable is-
sue. We discuss our exploratory methods below.

3. Data and Annotation Process

We annotated three distinct but related corpora,
with amounts and IAA reported in Table 1:

1. Sensor Immersion (Sl) Curriculum by
SchoolWide Labs (the "Curriculum Corpus").
This middle-school curriculum (Chakarov et al.,
2021) integrates science and programming.
As mentioned, the students learn about scien-
tific sensors and how to program them using
MakeCode, an introductory blocks-based cod-
ing platform.

2. transcripts of small-group dialogues about
the SI Curriculum (the "Dialogue Corpus").
These dialogues occurred in a lab study setting
of 2-3 students each, in which they discuss

corpus AMRs | AMRs for IAA | IAA
all 4,711 2,531 0.91
Curric 1,631 1602 0.93
Typed-Resp 157 70 0.89
Dialogue 2,923 859 0.84
Table 1: JIA-AMR Collection: single-sentence

AMRs for the curriculum; student typed responses;
and student dialogues datasets. All AMRs un-
derwent annotation followed by a quality-control
pass or were single-annotated by an expert anno-
tator. Inter-annotator agreement (IAA) represents
F1 Smatch scores, calculated on a subset of the
AMRs, as shown. IAA is discussed in section 3.4.

what they learned and brainstorm ideas of how
to use the sensors in the real world.

3. students’ typed responses to questions
about the curriculum (the "Typed-Response
Corpus"). The students’ conversation dur-
ing the lab study was guided by four pre-
formulated questions. They used a single
shared keyboard to type their answers to the
questions.

This paper focuses on our results with the typed
responses, which were always intended to be our
initial application of AMR parsing. However, our
long-term goal is to process the spoken student ut-
terances with equivalent levels of accuracy, hence
the inclusion of the student dialogues. We also had
very few instances of typed responses, 157, so in-
cluding the conversations from the same lesson
gave us more training data, albeit with differences.
As indicated by Table 3, training on both datasets
gave us the best test results on each dataset.

Process To account for the diverse phenomena
discussed in section 2.2, we applied the following
three overarching strategies to all three datasets:

Domain-specific training Annotators were
trained in curriculum materials, including hardware
and software components (the S| kit and Make-
Code program). This strategy supported accurate
interpretation of contextualized semantics, exem-
plified by the two dialogue fragments above.

Terminology dictionary definition Following
Cai et al. (2024), we implemented a preprocessing
pass in which specialized terminology were identi-
fied, analyzed, and added to a searchable resource
(the "Jargon Dictionary") by our lead linguist in close
consultation with the computer scientists and ed-
ucation experts on our team. For example, in this
pass it was determined that gator:bit (a piece of
the Sl kit) should be annotated as shown in Fig-
ure 4. In the following AMR-building pass, upon
encountering terminology, annotators searched the
Dictionary for the appropriate entry and followed the
established annotation. This strategy enabled uni-
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curric | typed-resp | dial. | all
files 2 8 11 21
clusters 66 331 588 | 985

Table 2:  JIA-AMR Collection - Multi-sentence
AMRs by the numbers. "Clusters" refers to the num-
ber of document-level coreference clusters (identity
relations).

fied representations of terminology across datasets
and annotators, leading to a 29.6 percent increase
in parser performance (details in section 4). The
preprocessing pass also included various corpus-
unique components, discussed below.

Multi-sentence coreference annotation We
conducted multi-sentence coreference annotation
(O’'Gorman et al., 2018) on a subset of each corpus
(Table 2). This strategy facilitated cross-utterance
reference resolution. We discuss this more in the
Dialogue Corpus section (3.3) below since it is es-
pecially key for dialogue interpretation.

Dataset-specific phenomena are discussed be-
low.

3.1. Annotating Multimedia Source Data:
the Curriculum Corpus

The main challenge of annotating the Sl curriculum
was ensuring we captured all necessary informa-
tion — linguistic and non-linguistic — for an agent,
while avoiding wasting time on unnecessary infor-
mation, like certain metadata. We found a manual
data-selection and paraphrase pass accomplished
both goals while optimizing the pipeline. These
tasks were wrapped into the Jargon Dictionary cre-
ation pass, dispensing with an additional pass.

In this pass, we paraphrased non-linguistic in-
formation into natural language®. The content of
Figure 3 was readily reformulated: The 3V3 port
is where the power is connected via the red wire.
In addition to resolving deixis and image-based
content, paraphrasing allowed us to reassemble
non-narrative textual information from data struc-
tures like lists and tables. The table in Figure 5
contains key information for a KB, but the meaning
is lost in a standard text extraction process:

Environmental Sensor

Sound Sensor

Soil Moisture Sensor

What data can the sensor collect?

8Early experiments with prompting an LLM to para-
phrase the curriculum showed inadequate results. Since
our goal was to create an evaluative dataset, we wanted
to be sure of the faithfulness and comprehensiveness of
our annotations. Furthermore, the manual nature of the
pass was also motivated by the Jargon Dictionary and
other steps described in this section.

Temperature (C & F)

A paraphrase easily re-captures the meaning, e.g.:
The environmental sensor collects data about tem-
perature (C and F)...

Of course, there are other ways to tackle this
problem. For example, document-level coreference
on the fragments can retrieve some of the predicate-
argument structure, and we did use this strategy to
some degree. Ultimately, we found that paraphras-
ing was needed either way since human-targeted
tabular categories and content are unpredictable; a
later row (not shown) in the Figure 5 table included
information about all three sensors in the environ-
mental sensor column, for example. Furthermore,
“front-loading” single-sentence AMRs like this al-
lowed us to capitalize on both the more-evolved
capabilities of graph-level automatic parsers (com-
pared to document-level parsers) and the much
broader range of semantic relations available from
PropBank frames and AMR’s inventory.

We also identified and filtered out unnecessary
information. In many cases a single curriculum file
included both relevant and irrelevant knowledge
for an Al agent. The manual pass allowed us to
preserve useful information about hardware set-
up (The lights are controlled on P12), for example,
while dropping supra-curricular information about
teaching standards (Building Toward Target NGSS
PE) from the same file. This avoided spending
valuable time and effort on purposeless AMRs.

Finally, we tagged certain information that may
be useful for downstream agent applications, in-
cluding:

1. Perspective tags. The curriculum freely mixes
student-targeted and teacher-targeted content, so
we labeled each sentence for its intended audience.
This information is not included in the AMRs them-
selves but could be added later automatically if
desired.

2. Pointers to images. While we translated much
image-based content into natural language, we also
set up skeletal structures to support downstream
multimodal exchanges between the meaning rep-
resentations and curriculum images. To do this,
we automatically generated bounding boxes with
numerical identifiers on images (Figure 6) and in-
troduced a new AMR concept, image-entity, which
takes a single role, :value. For cases where we
wanted to link the textual and visual content, we
included the keyword [IMAGE] in the paraphrases:
(This [IMAGE] is a micro:bit). This cued annota-
tors in the AMR-building stage to use image-entity
and reference the bounding box for the appropriate
identifier value:

(h / hardware :name (n / name :op1 "micro:bit")

:domain (i2 / image-entity :value 9.1
:mod (i2 / this)))
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hardware (h / hardware :name (n / name :op1 "gator:bit"))

gator:bit gator:bit, gator bit, gator, Gator bit

Figure 4: Example entry in the Jargon Dictionary. Annotators search the Dictionary for terminology upon
encountering it in the data and find the standardized annotation for that term under the "AMR" column.

Environmental Sensor Sound Sensor Soil Moisture Sensor

What data can the sensor
collect?

Temperature (C & F)
Humidity

Sound Intensity or Sound
level

Soil Moisture level as a
percentage (0-100)

Pressure

Carbon Dioxide (CO2)
Total Volatile Organic
Compounds (TVOC)

Figure 5: Screenshot of a worksheet key from the Sl curriculum. Preserving the semantic relations
embedded in table structures like this one requires more configuring in preprocessing than a simple text

extraction process.

~~~~

block-9-4

Micro:bit Gatorbi

Figure 6: Screenshot of slide from the Sl curriculum
showing two key components of the hardware Kkit.

Thus, the scaffolding is in place for an agent to
potentially access and link a picture for a student
struggling to remember, for example, what the mi-
cro:bit is. In some cases, for image-based content
that was not easily reformulated into natural lan-
guage, we simply used image-entity instead of a
fully-resolved paraphrase.

3.2. Annotating Student Written
Language: the Typed-Response
Corpus

During the lab study, the students’ dialogue was
guided by four questions that appeared one-by-one
on a computer screen. Students were required to
type their answers in a text box on the same screen.
As with the Curriculum Corpus, we conducted a pre-
processing paraphrase pass. For this corpus, the
paraphrase task involved turning answer fragments
into complete sentences, incorporating predicates
and other concepts from the questions when pos-
sible, and resolving anaphora. Student typos and
grammar were otherwise preserved. For example:
 Question: How did each sensor system display
the data it collected (music, lights, numbers,
letters)?

+ Original student typed response: the LEDS,
And numbers [sic]

» Paraphrased typed response: The sensor sys-
tems displayed the data they collected by using
the LEDS, And numbers.

Paraphrasing added more information at the
graph level which will support algorithmic match-
ing with the AMRs in the curriculum KB and again
capitalizes on sentence-level parser functionality.
Furthermore, we aim to use the paraphrased data
as an evaluative tool to see whether an LLM could
paraphrase previously-unseen student answers
in the same way, provided the questions as con-
text; this would facilitate creation of a much larger
dataset for parser training. Finally, the paraphrase
task was easily constrained since each typed an-
swer comprises at most a few sentences that are
clearly contextualized by the question.

3.3. Annotating Student Spoken
Language: the Dialogue Corpus

We annotated eight deidentified human-transcribed
dialogues from eight separate lab studies, in which
middle school students (2-3 per study) collaborated
to answer questions about the curriculum. Follow-
ing a Jigsaw educational approach (Kaplan and
Dillenbourg, 2010), each student first individually
learned about a different sensor (an environmental
sensor, a sound sensor, or a soil moisture sensor)
and how to program it to collect data. They then
came together as a group to share their individual
knowledge and brainstorm real-world applications
of their sensors. The dialogues we annotated were
of this culminating group stage.

As noted above, we believe this is the first attempt
to create an AMR corpus for highly-collaborative
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Figure 7: LiDARR’s annotation interface for document-level coreference. The text is in the left-hand panel;
AMRs in the middle; and the clusters in the right-hand panel represent coreference relations. The names
in the lower right-hand corner of each cluster are assigned by the annotator.

human-human spoken dialogue. This linguistic set-
ting introduces many phenomena as potential tar-
gets for AMR expansion. We focused our research
on the following question in alignment with our over-
arching goals: How can we recover meaning from
the fragmented predicate-argument structure, el-
lipsis, and non-standard vocabulary that character-
izes student dialogues such that an agent could
map this meaning to the curriculum KB to identify
gaps or mistakes in the students’ knowledge?

To address the first two features (fragmentation
and ellipsis), we conducted multi-sentence coref-
erence annotation, using the LiDARR annotation
tool (Cai et al., 2025b)°. We did not attempt the
paraphrase strategy for the Dialogue Corpus be-
cause dialogues are vastly more complex and un-
constrained than the controlled typed-response
context. The students jump back and forth be-
tween discussing the question content, metalan-
guage (for example, discussing how to phrase an
answer or spell a word), the physical and virtual en-
vironment (discussing microphones, where to click
on the screen, etc.), and off-topic subjects. Delimit-
ing a paraphrase task for such phenomena would
require grounding metalanguage and references in
the environment, among other things, which was
outside the scope of the current task.

Therefore, we turned to document-level corefer-
ence. Consider again the dialogue fragment from
section 2.2, re-displayed in Figure 7. In order to
check the student’s knowledge, an agent must be
able to resolve the ellipsis in utterances #2 and #4
(What does red refer to? What does 3V3 refer t0?)
and interpret power and 3V3 in #4 as arguments
of the connect predicate in #2.

Multi-sentence coreference on the graphs recov-
ers much of this information. For example, we are
able to cluster the explicit mentions of power and
3V3 in #4 with ARG1 (first thing being tied) and
ARG2 (second thing, tied to what) of connect-01

9For single-sentence AMR creation, we used UMR-
Writer 2.0 (Zhao et al., 2021; Ge et al., 2023)

in #2, respectively. Note that doing coreference on
the graph level is what allows us to say that 3V3 is
the second thing being connected, by adding the
implicit ARG2 variable (s2i1) from the connect-01
frame in #2 to the 3V3 cluster. The surface text
does not make this connection explicit.

To address the most pervasive non-standard ter-
minology in our data — references to the MakeCode
blocks —we introduced a new domain-specific AMR
role, :isat-wiki which facilitated normalization. For
example, the block in Figure 1 is referred to by 34
different "names" in the annotated data (including
the Sl curriculum and typed responses corpora as
well), including input A, on B press, and when but-
ton. Patterning after the pre-existing AMR :wiki role,
we created standardized names for these elements
and attached them using :isat-wiki to support map-
ping diverse surface-form realizations to the same
concept in the KB, such that each of the 34 names
are tagged with the unifying label :isat-wiki "on-
button-pressed-block". This was done on all three
datasets but is mentioned here since students in
particular refer to these items in creative ways.

3.4.

Table 1 shows inter-annotator agreement scores,
calculated using the SMATCH (Semantic Match)
metric (Cai and Knight, 2013). In SMATCH, F1-
scores are micro-averaged over all triples in the
AMR graphs, which means common or "easy" re-
lations (e.g., frequent roles like :ARGO) contribute
more to the score than rare, difficult ones. Scores
range from 0.0 to 1.0, where 1.0 indicates perfect
agreement and 0.0 indicates no agreement. All
scores are above average for IAA SMATCH scores
on AMRs, which are typically between 0.7 and 0.8
(Bonial et al., 2020). While still above average, the
dialogue corpus shows the lowest agreement, as
anticipated. Two unique features of the lab study
setting contributed to a high degree of semantic
ambiguity which had a negative impact on anno-
tator agreement. First, the fact that the students

Inter-Annotator Agreement
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were typing while talking and, second, the fact that
they were often discussing code. For example, a
single word like temperature sometimes referred to
the actual property of temperature, sometimes to
a MakeCode block used to measure temperature,
and sometimes to the word itself (as in Can you fix
temperature?, as in, Can the spelling of the word
"temperature” be fixed? These concepts are anno-
tated differently in AMR to reflect their different se-
mantics, but often the students’ intended meaning
was difficult to disambiguate, leading to divergent
analyses by annotators. However, we have confi-
dence that our thorough adjudication followed by
careful Quality Control mitigated the impact of these
disagreements. The high parsing results discussed
in the following section validates our confidence.

3.5. Annotation time

Developing the Jargon Dictionary as a pre-
processing step represents a time cost in addi-
tion to the actual AMR annotation time. We con-
cluded however, that, compared to our previous
single pass approach, our two-pass process over-
all took less annotation time and improved parser
performance. Once the Dictionary is available for
consultation, the AMR sentence annotation pro-
ceeds quite similarly to standard general news an-
notation. This is in contrast with the single pass
annotation approach on this type of jargon heavy
domain-specific data which is quite slow.

As mentioned above, our two-pass approach mir-
rored the terminology dictionary creation approach
that was first utilized in our project for processing
clinical text, i.e., electronic patient records, (Cai
et al., 2024). This project found a similar substan-
tial parsing performance gain based on the more
consistent data annotation. Surprisingly, it also
found that a very similar performance gain could
be achieved with as few as 2000 new AMR graphs.

This is welcome news, since if much less high-
quality consistently annotated data can achieve the
same parser gains, then the additional annotation
time for developing the dictionary can be offset by
annotating less data. This makes the two-pass ap-
proach actually more efficient than the single pass
approach while resulting in the highest parser per-
formance. To illustrate, a parser trained on an inher-
ited, preliminary round of single-pass annotation
(predating our two-pass methodology) comprising
over double the number of AMRs only showed a
1.4-point performance gain over the off-the-shelf
parser (see Section 4. In this early round, in which
annotators determined terminological analyses es-
sentially on their own, gator:bit was represented
five different ways. The performance gain differ-
ential demonstrates the importance of consistency
over quantity of annotated data for parser train-
ing. The two-pass methodology not only promoted

consistency, it decreased annotator time. The end
result is less annotation time for better parser per-
formance.

4. Parser Domain Adaptation and
Early Experiments

We investigated the effect of domain shift on Ab-
stract Meaning Representation (AMR) parsing us-
ing a model whose performance is near the cur-
rent state of the art on the general LDC2020 AMR
3.0 release. Our parser is based on the SPRING
AMR parser (Bevilacqua et al., 2021), which adopts
BART (Lewis et al., 2020) as its underlying model.
BART is a sequence-to-sequence model built on
the transformer architecture (Vaswani et al., 2017).
We fine-tuned the base model of the SPRING
parser using 5,530 AMRs ("all" in Table 3) from dif-
ferent subsets of our whole dataset, segmented by
genre: written and spoken. The written genre com-
prises curriculum documents and student typed
responses, using 1,572 sentence-AMR pairs from
the JIA-AMRs Collection (Table 1) for parser devel-
opment. The spoken genre consists of 2,327 lab
study transcript AMRs from the Collection®, plus
an additional 1,631 classroom-transcript AMRs""
from the preliminary round of annotation (Section
3) for a total of 3,958 sentence-AMR pairs. For
both genres, we used the same split ratio of 85%
for training, 5% for development, and 10% for test-
ing. The parser was continuously trained with each
training set for 30 epochs, with initial learning rate
to be 5 x 107° on 2 NVIDIA Titan RTX GPUs.

We observed that training on one genre leads
to reduced performance when testing on the other.
This indicates a substantial divergence in textual
characteristics between the two genres. How-
ever, combining the written and spoken subsets for
training yields improved parsing performance on
both genres. This suggests that texts from similar
domains, despite differences in linguistic expres-
sion, contribute complementary information that
enhances domain-specific understanding. Table 3
shows the training and evaluation performance
across genre-specific splits. These results include
parser SMATCH scores when trained and tested
within and across genres.

In addition, as introduced in Section 3, we con-
ducted a preliminary analysis of the impact of our
two pass annotation methodology: “all” in Table 3
represents the AMRs collected primarily through
the two-pass strategy (excepting only the 1,631

©Annotation was ongoing at the time of parser training,
which is why the full amount of lab study transcript AMRs
from Table 1 was not used.

"This data was collected in a classroom setting before
the lab study protocol was defined and will be released
separately as the Worksheet Collection.

11967



train test written | spoken all
written | 70.53% | 53.09% | 59.71%
spoken | 67.65% | 82.85% | 76.87%
all | 82.34% | 83.97% | 83.33%
preliminary | 57.09% | 53.64% | 55.12%
off the shelf | 55.39% | 52.64% | 53.72%

Table 3: Parser performance across genre-specific
test sets. Columns represent evaluation results
on test sets from different genres, while rows in-
dicate the training conditions. "All" refers to the
combined spoken and written 5,530 AMRs. "Pre-
liminary" indicates the 12,002 AMRs collected prior
to introducing the two-pass methodology. "Off the
shelf" denotes the baseline SPRING parser without
domain-specific fine-tuning.

classroom graphs). When compared with the “pre-
liminary” AMRs, which were built in a single pass
prior to the introduction of the Jargon Dictionary, we
see that the model trained on the two-pass anno-
tations achieved significantly higher performance.
This finding underscores the benefit of convention-
alizing analyses of terminology for improving AMR
quality and downstream parser training efficacy in
specialized domains. This aligns well with p

Finally, we have conducted very preliminary ex-
periments that suggest AMRs may improve LLM
performance in identifying key missing concepts
from student written answers.

5. Conclusion and Future Work

Assembling meaning representations for training an
Al agent requires bridging heterogeneous source
data. A preprocessing step was critical for creating
a faithful and comprehensive database. In partic-
ular, we found that putting the bulk of specialized
knowledge in this pass (and therefore removing it
from annotators’ shoulders) supported consistency
and speed. Rather than annotators having to re-
analyze the same term each time they encountered
it in the data — inevitably in different ways — difficult
terminological analyses were determined once in
preprocessing and standardized in the searchable
Jargon Dictionary. This methodology is general-
izable to other genres. While at face value a two-
pass approach appears to be more time-consuming
than a single pass, the fact that significantly fewer
two-pass AMRs were required for a much greater
performance boost suggests that it is in fact the
more scalable strategy for specialized domains.
Preliminary experiments indicate that inclusion
of AMR features improves JIA performance on the
task of identifying gaps in student’s knowledge. We
built two models, one using text data alone and one

with text and AMR features, in which we asked the
model to identify key missing concepts from the
students’ typed responses to one of the lab study
questions by comparing them with the correct an-
swer. The model that incorporated AMR performed
better in our 17-sample set, achieving a macro-F1
score of nearly 0.90 versus the macro-F1 score
of 0.725 as the baseline method. In future work,
we want to test on a larger, diversified dataset, in-
vestigate class imbalance issues, and improve the
interpretability and deployment of the model in the
field.

When we started this project with the very daunt-
ing goal of dynamically achieving accurate analysis
of student conversations, no one was convinced
that AMRs would provide the needed structure and
scaffolding, or that the AMR parsing results would
be acceptable. We therefore focused on a single
curriculum unit with the goal of providing proof of
concept. The results reported here encourage us
to now turn our attention to the question of scala-
bility. Is the adoption of this approach for multiple
curriculum units feasible?

The first step is to determine the minimum num-
ber of AMRs for adequate parser performance on
this type of data, similarly to the approach taken for
the Spring THYME parser and the clinical domain
(Cai et al., 2024). The next step is to experiment
with using LLMs to assist in building the Jargon
Dictionary for a new curriculum unit, and in using
it to annotate the resulting AMR graphs on newly
acquired student conversations as automatically
as possible. The more we can compress the an-
notation time per curriculum unit without sacrificing
quality, the more feasible our portability task be-
comes. We make our data and results available
with the hope of persuading others to join us in this
endeavor.
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7. Limitations

Currently, the JIA-AMR multi-sentence corpus only
includes full-identity coreference annotations at the
document level, not partial-coreference relations
such as set-member and whole-part. Additionally,
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as yet, no structures have been put in place to in-
tegrate the dialogues with the students’ physical
and virtual environment. This means that currently
there are "floating" deictic references in the anno-
tated data — for example, if a student says Put it
there while pointing to something on the screen,
there is unanchored to its referent. In future work
we hope to integrate our annotations with Ges-
tureAMR (GAMR) (Donatelli et al., 2022) to retrieve
some of this meaning. Finally, we did not extend
the schema to support evolution of reference over
time during the dialogues. For example, one of the
lab study questions asks the students to choose
their best idea about how to use the sensors after
they finish brainstorming. In one case the students
first choose one idea and then later change their
minds. In this and in similar cases, only the final
answer was treating as a coreference. In the fu-
ture we wish to expand coverage to include these
semantic features as such steps will support an
even more comprehensive semantic framework for
a classroom agent.

8. Ethical Considerations

The authors of this paper collaborated with the
data managers on the project to ensure all student-
related information was carefully and thoroughly de-
identified. This included replacing student names
with untraceable labels like Student 1.

Human annotators were assigned from our re-
search staff based on skillset and experience and
were paid based on level of experience within the
pay range set by our institution.

While efforts were made in the data collection
stage to include students from a range of economic
and racial/ethnic backgrounds, several groups were
underrepresented, meaning their language is not
well represented in the lab study AMRs. There-
fore, one possible risk of the collection could be
decreased mapping capability of their knowledge
to the curriculum knowledge base.
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