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Abstract
Effective interdisciplinary communication is
frequently hindered by domain-specific terms.
These terms, or jargon, are dependent on a
listener’s background, and rarely do listen-
ers seek explanations due to distraction and
social concerns. To address these concerns,
we built ParseJargon, an interactive LLM-
powered system providing real-time person-
alized jargon support tailored to users’ indi-
vidual backgrounds in online meetings. We
first evaluated the effectiveness of personaliza-
tion in a controlled setting with human par-
ticipants. By comparing ParseJargon against
baseline (no support) and general-purpose (non-
personalized) conditions, we found that Parse-
Jargon provided more precise jargon identi-
fication, and enhanced participants’ compre-
hension, engagement, and appreciation of col-
leagues’ work. We then evaluated the poten-
tial for using ParseJargon in real-time meetings
through a latency test.

1 Introduction

In workplaces, professionals frequently face chal-
lenges to convey specialized knowledge to col-
leagues from other disciplines (Nickerson, 1999;
Jeffres et al., 2011; Keelawat, 2023; Weirup and
Taylor, 2024). For instance, a machine learn-
ing engineer might struggle to communicate con-
cepts like "embedding" to a compliance officer con-
cerned with data privacy, while healthcare profes-
sionals might face challenges describing "quasi-
experimental designs" to policymakers without
medical expertise. Such gaps in communica-
tion caused by domain-specific jargon limit in-
terdisciplinary innovation and collective problem-
solving (Daniel et al., 2022; Fiset et al., 2024).

Recent advances in speech-to-text technologies
and large language models (LLMs) have the poten-
tial to overcome these limitations with automated,

*Work partially done during an internship at Fujitsu Re-
search of America

real-time jargon support. Prior research has ex-
plored computational techniques for jargon iden-
tification and explanation (Neumann et al., 2019;
August et al., 2022; Huang et al., 2022; Lucy et al.,
2023), and developed augmented interfaces that
enhance comprehension during meetings through
interactive transcripts or captions (Chandrasegaran
et al., 2019; Li et al., 2021; Chen et al., 2023; Liu
et al., 2023). However, existing systems typically
neglect two critical aspects for effective knowledge
support in meetings: real-time support and person-
alization. Most prior systems target only static text
content (Abekawa and Aizawa, 2016; Head et al.,
2021; August et al., 2023). While more recent re-
search explores the design space of jargon support
over video content, their system fails to consider
user-specific background knowledge by providing
uniform assistance to all users (Liu et al., 2025).
This can overwhelm users with irrelevant or exces-
sive information, especially in real-time settings,
by reducing trust and user engagement (Chen et al.,
2023; Aghahoseini et al., 2024).

To address these gaps, we introduce ParseJar-
gon12, a personalized jargon support system for
real-time online meetings. To isolate and eval-
uate the performance of our personalization ap-
proach, we conducted a controlled within-subjects
experiment with 7 participants who watched each
other’s presentation with three conditions (7×6=42
participant-presentation pairs, 14 per condition):
(I) a baseline without jargon support, (II) a generic
support (i.e., defining the same terms for all partic-
ipants), and (III) a personalized support provided
by ParseJargon. Results showed that while generic
jargon support improved comprehension compared
to the baseline, it negatively affected engagement
by overwhelming participants with excessive jar-

1To download and install ParseJargon: https://github.
com/yifansong98/ParseJargon

2ParseJargon stands for Personalized Assistant for Real-
time Support in Explaining Jargon
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gon explanations. In contrast, personalized sup-
port significantly improved comprehension, per-
ceived value of peer’s work, and maintained partic-
ipants’ engagement by more accurately predicting
relevant jargon based on individuals’ backgrounds.
To examine ParseJargon’s real-time capability, we
conducted a latency test for the system using data
collected in the controlled experiment, and also
discussed usability constraints for a real-world de-
ployment, such as the reliance on the quality of
speech-to-text services.

In summary, this demo paper makes the follow-
ing contributions:

• ParseJargon, a personalized jargon support
system for real-time online meetings, powered
by LLMs in identifying jargon tailored to each
audience’s background.

• Evidence from a controlled evaluation that per-
sonalized jargon support—even with minimal
personalization based on a single-sentence
profile—significantly enhances comprehen-
sion and sustains engagement.

2 Related Work

2.1 Jargon Support Technologies
Advancements in language technologies have en-
abled computational support for identifying and
explaining jargon. A core task in this space is com-
plex word identification with early benchmarks in-
troduced by Shardlow (2013). Recent methods
have applied LLMs to measure jargon complex-
ity (Lucy et al., 2023) and adapted identification
models to specialized domains such as biomedical
research (Guo et al., 2021) or specific jargon usage
like acronyms (Pouran Ben Veyseh et al., 2021).
Jargon explanation has also been studied from the
perspective of definition extraction (Veyseh et al.,
2020), definition generation (August et al., 2022),
or hybrid approaches (Huang et al., 2022). Closely
related to jargon explanation, the task of text sim-
plification transforms complex content into simpler
language (Martin et al., 2020; Van et al., 2020).

Building on these techniques, researchers have
designed interactive systems for jargon support,
especially within asynchronous reading inter-
faces (Lo et al., 2024; Fok et al., 2024). For exam-
ple, ScholarPhi (Head et al., 2021) provides an au-
tomatically generated glossary for important scien-
tific terms, while Paper Plain (August et al., 2023)
offers in-situ definitions of unfamiliar terms and

plain language summaries. Other recent work aug-
ments medical progress notes (Kambhamettu et al.,
2024) or explores how user-generated analogies
can support jargon understanding during scientific
reading (Bao et al., 2025).

Closely related to our work, Liu et al. (2025)
explored the design space of real-time LLM-based
knowledge assistance during technical videos us-
ing a design probe, StopGap. Their findings offer
valuable insights into user preferences and inter-
face design in knowledge support when watching
videos, including a desire for personalization. We
build on this work by implementing a prototype
system for jargon support in online meetings with
personalization and real-time capabilities.

2.2 Personalization in Jargon Support

Personalization plays a critical role in tailoring jar-
gon support to users’ prior knowledge. Early work
adapted complex word identification and lexical
simplification models to individual users, substi-
tuting unfamiliar terms based on personal vocabu-
lary profiles (Lee and Yeung, 2018). Subsequent
efforts demonstrated that modeling word complex-
ity at the individual level significantly improved
performance (Gooding and Tragut, 2022) and in-
troduced approaches for generating personalized
descriptions of scientific concepts (Murthy et al.,
2021). More recent research showed that LLMs
can serve as a baseline for personalized scientific
jargon identification for researchers reading inter-
disciplinary articles (Guo et al., 2024).

Beyond algorithmic personalization, researchers
have investigated how users perceive and interact
with personalized language systems. For exam-
ple, researchers have designed interfaces that adapt
scientific information to users’ expertise using rule-
based templates (Oh et al., 2020). A recent study
investigated the effects of adaptive plain language
on diverse audiences and offered insights into using
LLMs to generate summaries tailored to different
levels of expertise (August et al., 2024). Other
work has shown that even perceived personaliza-
tion, such as user-controlled filtering, can influence
people’s trust, satisfaction, and comprehension of
explanations (Calisto et al., 2025).

These studies provide the foundation for our ap-
proach, which incorporates audience background
to deliver real-time personalized jargon support.
To our knowledge, our work is novel in evaluating
personalized jargon support in live meetings.
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Table 1: Example filtering from generic to personalized glossary, showing tailored selection by audience background,
X indicates that the term remains in the personalized glossary.

Glossary (generic audience) For Machine Learning Engineer For Earth Science Researcher
Benchmarking

Foundation Models X X
Remote Sensing X

Pre-training X
Satellite Data X

Self-supervised Learning X

3 System Design

3.1 Example Usage Scenario

Consider a scenario in which a researcher presents
a project involving deep learning applications in
earth science to a business team for product devel-
opment (Figure 1). The audience lacks expertise
in both machine learning and earth science, mak-
ing it challenging for them to follow key technical
terms such as "segmentation" or "remote sensing",
despite the speaker’s effort to explain these terms
briefly. The business team members are reluctant
to interrupt the speaker or independently search for
definitions, fearing social discomfort and potential
distraction to miss other important points, leading
to persistent confusion and potentially undervalu-
ing the presented research.

With ParseJargon, the business team has real-
time access to automatically generated explana-
tions of unfamiliar jargon directly within their meet-
ing interface. As the speaker presents, terms like
"segmentation" and "remote sensing" are identified
as jargon based on each audience member’s spe-
cific background and appear in a glossary sidebar
next to the main meeting window, offering concise
and accessible definitions. Audience members no
longer need to actively search for terms or hesitate
about interrupting the flow; instead, they seam-
lessly access essential explanations.

With the same presentation, two other listeners:
a software engineer with some ML background but
limited earth science knowledge, and a senior earth
science researcher with limited AI experience, have
more knowledge about the project compared to the
business team. However, they still need some jar-
gon support from the generic glossary (used for
business team) to complement their expertise as
shown in Table 1. Personalized jargon support re-
duced unnecessary terms and allowed each listener
to focus on information most relevant to them.

3.2 System Architecture

Our system architecture (Figure 2) consists of two
main components: an LLM-powered backend for
real-time jargon identification, explanation, and
personalization, and a user interface that displays
jargon definitions within the meeting environment.

3.2.1 Backend Technology
The backend leverages the OpenAI GPT model to
perform three interconnected tasks: jargon identi-
fication, jargon explanation, and personalization.
These tasks are executed through prompting tech-
niques; prompts and parameters are provided in the
Appendix.

• Jargon Identification & Explanation: Parse-
Jargon first fetches the live transcription gener-
ated by the service provided in online meeting
platforms. Upon receiving the transcription,
our backend identifies potential jargon and
generates concise plain-language definitions
for each term. This process uses a single com-
bined prompt, analyzing each sentence of the
meeting transcript sequentially. Each identi-
fied jargon term is defined only once through-
out the meeting.

• Personalized Filtering: To tailor jargon sup-
port to individual audience members’ exper-
tise, the system applies a second filtering step.
Using a separate prompt, the system takes a
user profile and removes identified terms that
the user likely already knows. We test with
a simple profile that invites the listener to en-
ter a one-sentence description of their educa-
tion background and/or job role (e.g., “I am a
Physics PhD, working as a research intern in
the Quantum Computing team”).

We intentionally adopt a two-stage design of first
identifying and explaining, then filtering based on
a minimal one-sentence profile to study whether
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Figure 1: In an online meeting, the Speaker is presenting a project about deep learning in earth science and screen
sharing the slides. The Listener uses ParseJargon with three interface components: 1) the latest jargon definition in
concise plain language; 2) glossary for all jargon terms appeared in the meeting for revisiting; 3) real-time caption
with highlighted jargon terms.

Figure 2: Workflow pipeline of ParseJargon, from speech input to personalized glossary output.

even simple personalization can make a meaningful
impact in jargon support. The two-stage approach
also allows us to isolate personalization from jar-
gon identification with explanation.

3.2.2 Interface Design
The user interface of ParseJargon (Figure 1) inte-
grates into standard online meeting platforms (cur-
rently supports only Zoom web version). The pri-
mary components include:

• Real-time captions with highlighted terms:
Live captions are generated by the meeting
platform’s transcription service. ParseJargon
highlights jargon terms for easy recognition.

• Latest term definition: The definition for
the latest jargon term appears in real time, en-
abling quick glanceable explanations. Users
can provide feedback by indicating their pref-
erence for each identified term ("like" or "dis-
like"). The preference list is then added to the

system backend via the personalization filter-
ing prompt to further improve personalization
accuracy during the meeting.

• Persistent glossary sidebar: All identified
jargon terms accumulate in a persistent glos-
sary list, allowing listeners to revisit terms and
definitions at any point during the meeting.

Each identified term is displayed in the sidebar
until the next jargon term is identified with a min-
imum display of 7 seconds, hard-coded based on
average reading speed (Brysbaert, 2019) and inter-
nal pilot testing. If a new term is identified before
the 7 second minimum of an existing definition,
both will appear in the glossary list and the first
term will be replaced after 7 seconds, a mechanism
informed by prior research (Liu et al., 2025).

3.3 Implementation Details
ParseJargon is implemented as a Chrome browser
extension integrated into web version of Zoom.
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The frontend interface is developed with React.js.
The backend server, developed using Python
FastAPI, manages calls to OpenAI API. In the
following controlled experiment and latency anal-
ysis, we tested with gpt-4o model with the server
deployed on Heroku connected to a PostgreSQL
database. The system also supports other GPT-
family models and can be deployed locally with
JSON data storage.

4 Controlled Experiment

To evaluate how ParseJargon and its personaliza-
tion approach affects online meeting experience,
we conducted a controlled experiment with the hy-
pothesis that personalized jargon support provides
more precise jargon identification and is more effec-
tive than generic support in improving comprehen-
sion, engagement, and perceived value of others’
work during online meetings.

Our system depends on live captions provided by
online meeting platforms’ speech-to-text engines
(e.g., Otter.ai for Zoom, Azure Speech-to-Text
for Teams). Because these transcriptions are
not always reliable (Picovoice, 2023), we used
pre-recorded videos with manually verified tran-
scriptions in this controlled experiment. This
allowed us to isolate and evaluate the system’s
backend, especially personalized filtering, as a
proof-of-concept without interference from tran-
scription inaccuracies or latency issues.

4.1 Methods

We recruited seven participants from a technology
company who worked on different projects from
different teams. This selection was aimed for min-
imal prior knowledge about each other’s projects.
Participant profiles, including education and job
role, are included in Appendix Table 5. Each partic-
ipant prepared a 10-minute presentation with slides
about their ongoing project. Presentations were
recorded, and transcripts were manually verified
for correctness.

We created three experimental conditions using
the recorded and transcribed presentations:

• Generic Support: Recordings were pro-
cessed without the personalized filter. (Ap-
pendix Figure 3a)

• Personalized Support: Recordings were pro-
cessed by the complete pipeline. (Appendix
Figure 3b)

• No-support Baseline: Original recordings
with no jargon support.

We employed a within-subject design where
each participant viewed all presentations from the
other six participants. Participants watched record-
ings individually in two sessions (∼45 minutes
each), viewing three presentations per session (one
per condition). Sessions were spaced at least one
day apart to minimize fatigue. Conditions were
counterbalanced across participants and order posi-
tions, which yielded 14 unique viewing experiences
per condition and 42 participant-presentation pairs.

We evaluated effectiveness with a mix of self-
report measures and jargon identification precision:

Self-reported measures After each presentation,
participants completed a short survey with the fol-
lowing 5-point Likert-style items (1 = not at all, 5
= very): (I) Comprehension, (II) Engagement, and
(III) Perceived Value; detailed survey questions in
Appendix B.2.

Jargon identification precision After watching
the presentation (generic & personalized condition
only), participants reviewed all identified jargon
terms and labeled each term as helpful or not help-
ful. We treated these as gold-standard labels and
computed the jargon identification precision as the
proportion labeled helpful.

We also asked participants to note down terms
they still didn’t understand while watching the pre-
sentations. Because participants varied in whether
note-taking felt natural or distracting, and because
these notes mixed several cases: missed terms, in-
sufficient definitions, and terms shown disappeared
too quickly, these notes were therefore not a good
representation in measuring recall.

4.2 Findings
Our controlled experiment results support our hy-
pothesis, showing that the personalized jargon sup-
port was significantly more precise, and improved
participants’ comprehension and perceived value
of the presented work. Tables 2 report means and
standard deviations for self-report measures.

Personalized support improved self-reported
comprehension and perceived value while avoid-
ing information overload. As shown in Table 2,
both the generic and personalized conditions in-
creased self-reported comprehension compared to
the baseline, with the personalized condition show-
ing greater improvement. While both experimental
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Table 2: Self-reported measures by condition (mean ±
SD, 5-point Likert scale). Statistical significance (⋆ vs.
Baseline; † vs. Generic) indicates Holm–Bonferroni cor-
rected p<.05 using Wilcoxon signed-rank tests (N=14
per condition). More detail in Appendix B.3.

Condition Comp. Eng. Val.

Baseline 3.07±0.62 3.93±0.83 3.57±0.65
Generic 3.79±0.70⋆ 3.64±1.01 3.93±0.62
Personalized 4.29±0.61⋆† 4.29±0.73 4.43±0.51⋆†

conditions improved participants’ perceived value
of others’ presented work, only the personalized
condition showed significance in rating improve-
ment to the baseline condition. However, partic-
ipants reported lower engagement in the generic
condition than baseline, whereas personalized sup-
port maintained engagement with a higher score
than both baseline and generic support. Follow-up
interviews suggested participants felt overwhelmed
by the excessive number of definitions (6 partici-
pants). Some participants even described this as
"annoying" (P4) or even "offensive... (because) the
system treats me like I know nothing" (P3).

Table 3: Average precision (number of helpful jar-
gon terms over total terms identified) per participant-
presentation.

Condition Helpful / Total Terms Precision

Generic 10.29 / 22.57 47.03%
Personalized 7.64 / 9.71 77.51%

Personalized jargon support identifies fewer
terms and is significantly more precise than
generic support. Table 3 suggested that the per-
sonalized glossary identified on average fewer
terms (9.71 vs. 22.57), increasing jargon identi-
fication precision from 47.03% to 77.51%. Show-
ing fewer but more relevant entries helps limit
on-screen distractions during presentation flow,
helping participants stay with the speaker rather
than triaging definitions. This increased precision
in the personalized condition was associated with
higher comprehension and perceived value com-
pared to the generic support.

5 Latency Analysis

5.1 Methods

We measure ParseJargon’s backend latency as an in-
dicator of real-time capability using the transcripts

from our controlled experiment. We report pipeline
latency per caption chunk: the elapsed time from
when the transcription service prepares a caption
chunk to be displayed on screen to when the sys-
tem’s response for that chunk is displayed. For
the generic condition, this includes jargon iden-
tification and explanation. For the personalized
condition, this also includes the personalization
filter when at least one jargon term is identified.
We report medians (50th percentile) and tails (95th
percentiles), as the tail latency most strongly af-
fects perceived responsiveness in interactive ser-
vices (Delimitrou and Kozyrakis, 2018). To cap-
ture the timeliness of jargon presentation, we com-
pare latency with the length of time that caption
chunks were displayed on screen (chunk duration).
We did not measure end-to-end UI latency (from
meeting-platform captioning to on-screen glossary
rendering), which depends on device/network fac-
tors beyond our control.

There were in total 787 caption chunks across
seven recordings. In the personalized condition,
each transcript was measured twice with two par-
ticipants’ profiles (each video was watched by two
participants in their unique personalized condi-
tion), yielding 1574 chunks. As the latency may
change depending on API traffic and internet speed,
we ran the test twice at different days and times
under the same network environment (800 Mbps
Wi-Fi) and report the metrics based on the two
runs (787×2=1574 chunks for generic condition,
1574×2=3148 chunks for personalized condition).

5.2 Findings

Table 4: Pipeline latency (seconds) per caption chunk.
Median and tail (95 percentile) for all chunks.

Condition Subset N Median Tail

Generic All chunks 1574 0.32 1.36
No jargon 1350 0.31 0.53
≥1 terms 224 1.11 2.25

Personalized All chunks 3148 0.42 1.73
No jargon 2980 0.41 1.35
≥1 terms 168 1.60 3.45

As shown in Table 4, the median and tail of
backend latencies were 0.32/1.36 s (generic) and
0.42/1.73 s (personalized). While personalization
introduces a modestly higher latency, these values
remained well below the chunk duration range with
a median of 4.15 s and a tail of 6.62 s, suggesting
that definitions arrived well before the captions con-
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taining referenced terms disappeared. As expected,
latencies are higher on chunks that emit terms due
to definition generation and filtering (generic: me-
dian 1.11 s, tail 2.25 s; personalized: median 1.60 s,
tail 3.45 s). We also observed that the personalized
condition produced a smaller fraction of chunks
containing terms (5.34%) than the generic condi-
tion (14.23%), consistent with the controlled ex-
periment findings of fewer, more precise identified
terms with reduced information load.

6 Limitations and Future Work

First, our study involved seven participants from a
single technology company, which limits generaliz-
ability across organizations, disciplines, and exper-
tise distributions. Future studies should evaluate
ParseJargon with larger and more diverse groups,
especially in meetings with stronger cross-domain
knowledge gaps.

Second, our current personalization uses a one-
sentence profile and treats jargon selection as a
binary filtering task. In practice, terms differ in
conceptual difficulty and may have different mean-
ings across domains. Future systems should use
meeting context, domain cues, and user feedback
to improve personalization accuracy and adapt ex-
planation depth. For example, a foundational term
may need a brief definition, while a more abstract
concept may require an example or analogy.

Finally, the current prototype is implemented
as a Chrome extension for Zoom Web and de-
pends on external speech-to-text and LLM ser-
vices. Broader deployment will require integra-
tions with native meeting clients or platform APIs,
as well as robustness to caption errors. We did not
systematically benchmark prompt variants, differ-
ent models, or longer/richer profiles. Future work
should evaluate other model families (e.g., Gemini
or DeepSeek), small/local models, and profile rep-
resentations. Moreover, our system processes each
caption chunk individually without evaluating gat-
ing strategies (e.g., user-triggered or signal-based
invocation) or batching/caching that could reduce
computational cost and latency.

7 Conclusion

We introduced ParseJargon, a system toward real-
time, personalized jargon support in online meet-
ings. We provided empirical evidence that even
simple personalization (via a one-sentence audi-
ence profile and an identify–then–filter pipeline)

significantly improved meeting experience. Look-
ing ahead, while we used gpt-4o in our controlled
experiment and latency analysis, newer models
with more advanced performance (e.g., gpt-5.5)
or higher speed (e.g., gpt-realtime) can be tested.
Future systems can also integrate richer profiling,
such as accumulated usage history or background
inference, thereby enhancing precision. Taken to-
gether, we position ParseJargon as a practical path
toward personalized language support that helps
diverse audience follow—and appreciate—work
across domains.
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A Prompts and Parameters

Parameters: temperature is set to 0.1, and maxi-
mum length is 1000.

A.1 Jargon Identification & Explanation
System Message Your job is to help a listener

understand speeches that might contain jargon
terms they are unfamiliar with. You will
be given the transcript snippet. For each
snippet, the format will be "Transcript:
[snippet]". Your task is to first identify
any of those terms that the listener might not
fully understand, then provide a definition
for each term in concise plain language. Your
output should be in the format of a list of
term-definition pairs. Return only valid JSON
in the format [{"term": "definition"}, ...].
Do not include additional commentary or text
outside the JSON. Leave the list blank if you
think all the terms in the input transcript
are common words that don’t need additional
explanations. Do not include terms that are
already in the previously defined term list.

User Prompt Transcript: {transcript}, Previously defined
terms: {defined_terms}

A.2 Personalization
System Message You are given a glossary, a user

profile, and a user preference list. Your
job is to remove terms the user is likely
to already understand based on their profile
and preference list. The input glossary is
provided in valid JSON format, where each
item is structured as {"term": "definition"}.
Examine only the terms (the keys in the JSON)
and remove the terms the user is likely
already familiar with from the glossary.
Return only valid JSON structured exactly as:
{"understood_terms": ["term1", "term2", ...],
"refined_glossary": [{"term": "definition"},
...]}. Do not include any extra commentary
or text.

User Prompt Glossary: {glossary}, User Profile: {profile},
User preference: {preferences}

B Controlled Experiment

B.1 Participant Profiles

Table 5: Controlled experiment participant profiles, hid-
ing participant index and randomizing the order for
anonymity

Education Job Role

Statistics PhD Machine Learning Researcher
Computer Science Master Research Engineer
Applied Mathematics PhD Oceanography Researcher
Computer Science Master Data Engineer
Physics PhD Quantum Researcher
Civil Engineering PhD Earth Science Researcher
Computer Science Bachelor Application Engineer

B.2 Self-reported measures survey
• Comprehension confidence: “How confident

do you feel in your understanding of the pre-
sentation?”

• Engagement: “How engaged were you while
following the presentation?”

• Perceived value: “How valuable do you think
the presented work is?”

B.3 Statistical Analysis
We report the statistical comparisons on the Likert-
scale metrics between conditions using Wilcoxon
signed-rank test. We chose this non-parametric
approach given the ordinal nature of Likert-scale
data and the relatively small participant sample
size (Mircioiu and Atkinson, 2017). Effect sizes
(Cohen’s d) were calculated. Holm–Bonferroni cor-
rections were applied to control for Type I errors
due to multiple comparisons (Aickin and Gensler,
1996), and we report significance based on the
corrected p-values. Full statistical test results are
shown in Table 6.

B.4 Generic vs. Personalized Condition
Example Figures

Figure 3a and 3b show a comparative example
of the presentation recordings under generic and
personalzied condition, respectively.
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Table 6: Complete test statistics for all metrics, including w (Wilcoxon signed-rank test), corrected p-value for w,
and Cohen’s d. Holm–Bonferroni method was used for post-hoc correction.

Generic vs Baseline Personalized vs Baseline Personalized vs Generic

Metric w pw d w pw d w pw d

Comprehension 56.0 0.0294 0.6682 86.5 0.0047 1.2455 24.5 0.0294 0.5316
Engagement 26.0 0.7395 -0.1988 31.5 0.2733 0.2938 25.5 0.0710 0.5942
Value 48.0 0.0658 0.4242 72.5 0.0073 1.1127 21.0 0.0196 0.7687

(a) Generic Condition

(b) Personalized Condition

Figure 3: Generic vs. Personalized: (a) shows generic jargon support that assumes the listener has no expertise
of any domains; (b) shows personalized jargon support in a scenario that the listener provides a profile indicating
background in computer vision but not earth science, so segmentation is filtered out as the listener likely already
knows and only remote sensing is displayed.
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