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Abstract

Interest in the role of large language models
(LLMs) in education is increasing, considering
the new opportunities they offer for teaching,
learning, and assessment. In this paper, we
examine the impact of LLMs on educational
NLP in the context of two main application sce-
narios: assistance and assessment, grounding
them along the four dimensions – reading, writ-
ing, speaking, and tutoring. We then present
the new directions enabled by LLMs, and the
key challenges to address. We envision that this
holistic overview would be useful for NLP re-
searchers and practitioners interested in explor-
ing the role of LLMs in developing language-
focused and NLP-enabled educational applica-
tions of the future.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across various tasks within
and beyond NLP. The rapid adoption of LLMs
and generative AI by EdTech companies such as
Duolingo (Naismith et al., 2023a) and Grammarly
(Raheja et al., 2023, 2024) and the development of
fine-tuned models for educational use cases such
as LearnLM (Team et al., 2024) are some examples
of real-world impact in Education domain. The
NLP community has a long history in this area,
especially on problems such as automated essay
scoring, grammatical error correction, and text sim-
plification, to name a few. Naturally, there is a
huge interest in using LLMs for educational appli-
cations within the community. While LLMs have
undoubtedly caused a paradigm shift in this area,
enabling new opportunities in writing assistance,
personalization, and interactive teaching and learn-
ing, among other tasks, they also present novel
challenges. In this paper, we delve into the op-
portunities and challenges presented by LLMs for
educational applications by considering the use
cases involving language, and instruction in natural

Figure 1: Overview of the paper.

language, and connect the recent developments to
past NLP research in this area, outlining the path
ahead.

Figure 1 shows an overview of the paper orga-
nization. After situating this paper in the context
of others on the topic (§2), we discuss the state
of the art by grouping it into two main topics: as-
sistive technologies – meant to support students
and teachers (§3) – and assessment technologies –
meant to assess the performance of students (§4).
Within each, we discuss the role of NLP and LLMs
across specific aspects of education – reading, writ-
ing, speaking, and general tutoring. We then turn
to some of the new directions enabled by LLMs
in educational NLP (§5), point to some ongoing
challenges (§6), and summarize our key insights
(§7). In terms of scope, as we focus on language
use, we exclude topics such as learning analytics,
development of student models, measuring long-
term educational outcomes, interactive classroom
technologies, user studies, and similar.

2 Related Work

Post ChatGPT, there has been a lot of interest in the
role of LLMs, and more generally, generative AI,
in education. Several surveys and opinion pieces
were published in the past two years outlining the
potential use cases, ethical implications, and chal-
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lenges of using LLMs in education, primarily by
research groups focusing on the use of technology
in education (Dempere et al., 2023; Fuchs, 2023;
Kasneci et al., 2023; Yan et al., 2024). However,
none of them take a closer look at methods (LLM-
based or not) used to address the different use cases
of LLMs in education, which is of primary interest
with NLP.

NLP research has a long history of working on
problems of relevance to the education domain,
such as automated language assessment and gram-
matical error correction, among others. Burstein
(2009) and Meurers (2012) give an overview of how
NLP plays a role in the development of computa-
tional tools for language learning and assessment,
and more recently, Vajjala (2024) has explored the
role of generative AI in language learning tech-
nology. But these papers are primarily directed
towards non-NLP audience and we are not aware
of any such discussion directed towards an NLP au-
dience, connecting recent developments supported
by generative AI and large language models with
past NLP research on these topics.

Caines et al. (2023) discuss the role of LLMs
specifically in language teaching and assessment
technologies from an NLP standpoint. However,
they specifically focus on writing assessment, and
do not address speaking assessment. Further, the
use of language in the educational applications
space is not limited to language learning alone, and
it encompasses other areas such as content learn-
ing, as well as assessment and learning support
for other subjects. Similarly, Chu et al. (2025c)
recently focused on the use of LLM agents for
educational applications in detail, while we specif-
ically look at the development of language-based
educational applications. Thus, compared to this
existing work, we aim to give a broader perspective
on the relevance of LLMs for the development of
language-based educational applications, and how
other NLP methods fit into the current scenarios.
Where relevant, we also summarize the perspec-
tives on the use of NLP and LLMs in this area from
other related disciplines.

3 Assistive Technologies

We refer to the NLP problems focused on support-
ing learners and/or instructors as assistive technolo-
gies, and discuss them by splitting them into four
groups: writing, speaking, reading, and general
tutoring. Note that we focus on the recent devel-

opments and refer to the relevant surveys for the
pre-LLM research, where needed.

3.1 Writing
Assistive technologies for writing primarily focus
on Grammatical Error Detection (GED) and
Correction (GEC), both of which have a long-
standing pedagogical value in writing assistance
tool development. GEC has witnessed significant
progress over the past two decades through the or-
ganization of several shared tasks (Ng et al., 2014;
Bryant et al., 2019; Masciolini et al., 2025, in-
ter alia). For a comprehensive overview of the
GEC literature, see the survey by Bryant et al.
(2023). While GEC has received much of the at-
tention, GED has also evolved as a stand-alone
task (Tetreault and Chodorow, 2008; Leacock et al.,
2014; Rei and Yannakoudakis, 2016, inter alia).

Several recent studies have applied LLMs to
(mainly English) GEC, comparing prompting meth-
ods along two dimensions: strategy (e.g., zero-
shot, few-shot, chain-of-thought) and design (e.g.,
fluency-oriented vs. minimal edits). So far, few-
shot prompting tends to outperform zero-shot,
while chain-of-thought shows no clear benefit
(Fang et al., 2023; Coyne et al., 2023; Wu et al.,
2023a; Loem et al., 2023; Davis et al., 2024; Katin-
skaia and Yangarber, 2024; Omelianchuk et al.,
2024). In terms of performance, LLMs often out-
perform state-of-the-art models on some bench-
marks such as JFLEG (Napoles et al., 2017) due
to their strength in generating fluent rewrites, but
underperform on larger benchmarks like CoNLL-
2014 (Ng et al., 2014) and BEA-2019 (Bryant et al.,
2019), which prioritize precision and minimal edits.
This reflects the difficulty of controlling LLMs to
make minimal, targeted corrections, which is essen-
tial in educational applications where the goal is
to guide learners in revising their own errors while
preserving intent (Nicholls, 2003).

LLMs have also been leveraged for Grammat-
ical Error Explanation (GEE), a task that com-
bines GED and GEC to generate natural language
explanations of learner errors. Recent work has
introduced methods to guide LLMs in producing
such explanations using detected edits (Kaneko and
Okazaki, 2024; López Cortez et al., 2024). Song
et al. (2024b) evaluated LLMs on GEE in English,
German, and Chinese, showing that models often
struggle to identify and explain errors, though per-
formance improves when edits are included in the
prompt. There is a growing interest in GEE for
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other languages as well (Ye et al., 2025; Maity
and Deroy, 2025). LLMs have also been shown to
be useful in providing feedback on other aspects
of language assessment such as vocabulary usage
(Ortiz-Zambrano et al., 2024; Bannò et al., 2025a),
discourse coherence (Naismith et al., 2023b) and
analytical assessment of written texts (Bannò et al.,
2024b; Stahl et al., 2024; Seßler et al., 2025; Wang
et al., 2025b), indicating the growing interest in this
direction. Note that some previous work on feed-
back comment generation for writing also pursued
similar goals but preceded the widespread adop-
tion of LLMs (Nagata, 2019; Nagata et al., 2020;
Hanawa et al., 2021; Nagata et al., 2021).

3.2 Speaking
As with writing, a common application for support-
ing learners in speech is spoken GEC. However,
compared to written GEC which typically works
with well-formed inputs where punctuation and
capitalization can aid in error detection, spoken
GEC presents a distinct set of challenges which
significantly complicate the task of identifying and
correcting grammatical errors in speech compared
to written text. Traditionally, spoken GEC systems
have adopted a cascaded pipeline architecture, typi-
cally consisting of an automatic speech recognition
(ASR) module to transcribe audio into text, fol-
lowed by a disfluency detection module to produce
fluent transcriptions, and finally a GEC module to
correct grammatical errors (Lu et al., 2020, 2022).
While this approach has shown some effectiveness,
it is often hindered by error propagation across
stages, which can degrade overall system perfor-
mance.

This was followed by end-to-end approaches
powered by large speech foundation models such as
Whisper (Radford et al., 2023), which promise to
decrease the number of compounded errors (Bannò
et al., 2024a). To address the problem of the
scale of data needed to build such systems, Qian
et al. (2025a) explored data augmentation, and Qian
et al. (2025b) describe a novel reference alignment
process to reduce transcription errors which out-
performs a fine-tuned multimodal LLM Lu et al.
(2025) for this task.

Despite these advances, generating accurate and
meaningful feedback from spoken input contin-
ues to be a significant challenge. The recent re-
lease of the Speak & Improve Corpus (Knill et al.,
2024), the first publicly available speech dataset
annotated for grammatical errors, and its associ-

ated challenge (Qian et al., 2024) represents a ma-
jor milestone and is expected to catalyze further
progress and innovation in the field.

3.3 Reading
Assistive technologies for reading in NLP primar-
ily focus on Automatic Readability Assessment
and Automatic Text Simplification. Readability
Assessment refers to the task of assigning a reading
level to a given text based on its language difficulty,
to various target readers. Interest in this topic is al-
most a century old among the education researchers
(e.g., Vogel and Washburne, 1928) while the NLP
research has an over two decade history (Kevyn,
2014; Vajjala, 2022), and different approaches from
feature-based machine learning to deep learning
methods have been studied. Recent adaptation of
LLMs to this problem so far seems to indicate that
task-specific fine-tuned models achieve better re-
sults than zero- or few-shot prompting of LLMs
(Naous et al., 2024; Wang et al., 2024g; Smădu
et al., 2024). However, other work demonstrates
better agreement between LLM-generated reading
level judgments and human evaluations (Trott and
Rivière, 2024), and Rooein et al. (2024) argue for
new prompt-based evaluation metrics switching
from the traditional static evaluation metrics while
using LLMs.

Text Simplification refers to the task of generat-
ing text in a simpler, easier to understand language,
given a more complex text (typically sentence-to-
sentence). It is a well-studied area of research in
NLP (Alva-Manchego et al., 2020; Štajner, 2021;
Chi et al., 2023; Huang and Kochmar, 2024, in-
ter alia) and the advent of LLMs resulted in a
natural extension into new methods for develop-
ing datasets, generating diverse simplifications and
going beyond sentence level generation. While
Engelmann et al. (2024) propose to use LLMs to
create datasets for text simplification research, sev-
eral groups showed the effectiveness of few-shot,
in-context learning for generating diverse simplifi-
cations in multiple languages (Kew et al., 2023a;
Nozza and Attanasio, 2023a; Scalercio et al., 2024).
Human user studies show better comprehension
with LLM simplified text (Guidroz et al., 2025)
but also substantial variation among human judge-
ments (Trott and Rivière, 2024). In terms of mod-
eling, some recent approaches utilize LLMs and
multi-agentic workflows to explore document-level
simplification, showing promising early results
(Mo and Hu, 2024; Fang et al., 2025; Qiang et al.,
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2025; Alva-Manchego et al., 2025). There is also
a growing interest in personalizing text simplifica-
tion through preference learning (Gao et al., 2025),
generating texts at multiple levels of simplification
(Farajidizaji et al., 2024; Barayan et al., 2025), do-
main specific simplification (Zečević et al., 2024),
and elaborative simplification (Hewett et al., 2024).

3.4 Tutoring
Within the domain of general knowledge acquisi-
tion and tutoring, one of the most effective NLP-
enabled tools are Intelligent Tutoring Systems
(ITS), in particular, dialogue-based ITSs. ITSs
are defined as computerized learning environments
that incorporate computational models and pro-
vide feedback based on students’ learning progress
(Graesser et al., 2001); for dialogue-based systems,
such feedback and communication with the stu-
dent are empowered by NLP models. Lack of
individualized tutoring has been linked to less ef-
fective learning and increased learner dissatisfac-
tion (Brinton et al., 2014; Eom et al., 2006; Hone
and El Said, 2016), particularly in large classroom
settings. This has led to the development of pre-
LLM ITSs (Paladines and Ramirez, 2020), includ-
ing systems focused on misconception identifica-
tion (Graesser et al., 1999; Rus et al., 2013), model-
tracing tutors (Rickel et al., 2002; Heffernan et al.,
2008), constraint-based models (Mitrovic, 2005),
and Bayesian network models (Pon-Barry et al.,
2004) across educational levels.

LLM-powered ITSs promise to offer more per-
sonalized, one-on-one tutoring, enabling equitable
and pedagogically sound learning experiences,
which have long been known to lead to substan-
tial learning gains (Bloom, 1984). Methods such
as prompting (Wang et al., 2024c), fine-tuning (Ju-
renka et al., 2024), Reinforcement Learning from
Human Feedback (RLHF) (Team et al., 2024), and
human-in-loop deployment (Team L et al., 2025)
have been used in state-of-the-art LLM-based ITSs,
as they help to overcome the limitations of tradi-
tional systems by enabling more adaptive, gener-
alizable, and effective tutoring models. Although
still limited, a few models design their development
to stimulate curiosity and thinking processes to im-
prove learning through data curation pipelines or
modular model architectures (Jurenka et al., 2024;
Vendrell and Johnston, 2026). These approaches
are grounded in key learning science principles
such as active learning, stimulated curiosity, adap-
tive learning, meta-cognition, and reasoning.

One of the key limitations for ITSs is the scope
and size of current educational datasets (Macina
et al., 2023b; Wang et al., 2024c; Stasaski et al.,
2020a). Thus, building large-scale, publicly avail-
able educational datasets for LLM pre-training and
fine-tuning should be prioritized in the near future.
The focus on domain-specific models optimized
for educational tasks and methods and the devel-
opment of methods to assess the long-term impact
of LLM-driven tutoring on learners and educators,
including analysis of pedagogical effectiveness and
bias, should also be considered more closely.

4 Assessment Technologies

The assessment of writing, speaking, reading, and
tutoring relies on a set of overlapping principles and
techniques. Although each modality has its own
unique features, they are deeply intertwined, par-
ticularly in the use of textual analysis and informa-
tion extraction methods. Many of these techniques,
initially developed within the domain of writing
assessment, have been adapted for use in speak-
ing, reading, as well as tutoring contexts, which we
summarize in this section.

4.1 Writing

The origins of automated writing assessment
(AWA) date back to the 1960s with the introduc-
tion of Project Essay Grade (Page, 1966, 1968).
Notable progress was made in the 1990s and early
2000s that saw the emergence of the commercial
systems such as e-rater® (Burstein, 2002), Intelli-
Metric™ (Rudner et al., 2006), and the Intelligent
Essay Assessor™ (Landauer et al., 2002). In later
years, Deep Neural Network (DNN) approaches
have led to substantial progress (Alikaniotis et al.,
2016). In particular, transformer-based models
have achieved performance levels that surpass even
human inter-annotator agreement (Rodriguez et al.,
2019). Comprehensive overviews on AWA can be
found in Beigman Klebanov and Madnani (2022)
and Li and Ng (2024a,b).

Recent studies looked into the usefulness of
LLMs for the assessment of second language (L2)
writing, obtaining promising results (Mizumoto
and Eguchi, 2023; Yancey et al., 2023a). In line
with Liusie et al. (2024)’s observation that LLMs
tend to perform better at comparative rather than ab-
solute assessment, Cai et al. (2025) proposed a com-
bined ranking-and-scoring framework that outper-
forms standard prompt-based approaches. While
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most of the writing assessment research focused
on evaluating the language proficiency aspect, a
substantial amount of NLP research also focused
on content assessment, in the form of short an-
swer scoring (Burrows et al., 2015). LLM-based
research on this topic is still emerging, and recent
studies so far conclude that zero-/few-shot learning
with LLMs fares poorly compared to fine-tuning
approaches for this task (Chamieh et al., 2024; Fer-
reira Mello et al., 2025).

4.2 Speaking
Research on automated speaking assessment
(ASA) began with relatively simple tasks, such
as evaluating learners’ ability to read individual
words or sentences (Bernstein et al., 1990; Cuc-
chiarini et al., 1997; Franco et al., 2000). A signifi-
cant milestone in this field was the development of
SpeechRater system, which broadened the scope of
automated assessment to include both spontaneous
and read speech (Xi et al., 2008). Recent years
have seen significant advancements in the field
through the adoption of DNN approaches (Qian
et al., 2012), and end-to-end neural-based meth-
ods have outperformed traditional systems such as
SpeechRater (Chen et al., 2018b). A comprehen-
sive survey of ASA can be found in Zechner and
Evanini (2019).

Pre-trained language models have contributed
to further progress in ASA (Raina et al., 2020;
Wang et al., 2021) and recent research has explored
speech embedding representations for applications
such as mispronunciation detection and diagno-
sis (Wu et al., 2021b; Xu et al., 2021), automatic
pronunciation assessment (Kim et al., 2022), and
the evaluation of proficiency across both mono-
logic (Bannò et al., 2023a; Park and Ubale, 2023)
and conversational (McKnight et al., 2023) data.
The application of speech LLMs in this domain is
still in its early stages. Fu et al. (2024) developed
a speech LLM for L2 assessment that achieved
competitive performance, albeit limited to the spe-
cific task of pronunciation scoring. With respect to
holistic assessment, Ma et al. (2025) recently ex-
plored the application of Qwen2-Audio (Chu et al.,
2024), for ASA in both zero-shot and fine-tuned
settings. In a recent related study, Bannò et al.
(2025b) demonstrated that integrating analytic pro-
ficiency descriptors with a zero-shot, text-based
LLM applied to automatic transcriptions outper-
forms a BERT-based grader fine-tuned for the task,
and achieves competitive performance compared

to fine-tuned speech LLMs. Hirschi et al. (2025)
use a modular pipeline in which acoustic features
are extracted using dedicated models and injected
into a text LLM. For analytical ASA, Parikh et al.
(2026) fine-tuned Qwen2-Audio leveraging natural
language rubrics to assess prosody, accuracy, and
fluency, achieving promising results.

4.3 Reading
One commonly studied problem in NLP in the area
of reading assessment is the generation of read-
ing comprehension questions. Question genera-
tion research in educational NLP and AI commu-
nity in general addressed different scenarios from
form-focused questions (e.g., to check grammati-
cal knowledge) to more content-focused reading
comprehension questions, using a range of methods
from syntactic structures to neural language models
(Kurdi et al., 2020; Perkoff et al., 2023; Uto et al.,
2023; Al Faraby et al., 2024a). LLMs were used for
question generation in math domain (Christ et al.,
2024; Scarlatos et al., 2024a) and for personalized
question generation in general (Xiao et al., 2023a;
Säuberli and Clematide, 2024a). Although English
is the dominant language for research on this topic,
cross-lingual transfer approaches have also been ex-
plored, and Hwang et al. (2024) show that smaller
fine-tuned language models can achieve compara-
ble performance to larger language models on this
task.

While the past research was restricted to a
smaller datasets, the advent of LLMs resulted in
approaches to benchmark construction and genera-
tion of questions at various difficulty levels (Chen
et al., 2024; Scaria et al., 2024b), and towards the
development of novel evaluation approaches for
automatically generated questions (Moon et al.,
2024; Deroy et al., 2025). Flor (2025) presents
an elaborate summary of automatic question gener-
ation research from traditional rule-based methods
to generative AI in a series of articles, which can
serve as a good reference for those interested in
further studies. Item Response Theory (IRT, Lalor
et al. (2024)), which has been widely used in psy-
chometrics, has been explored in the context of
vocabulary assessment (Ehara et al., 2012; Ehara,
2018) and developing questions for general lan-
guage assessment (Settles et al., 2020) in NLP re-
search in the past. However, research combining
automatic question generation with IRT is yet to
emerge in the NLP domain, and this appears to be
a promising area where LLMs can help.
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4.4 Tutoring

Tutoring systems have long served as embedded
assessment technologies, using learner interactions
to evaluate understanding and guide instruction.
Early systems like PLATO used rule-based feed-
back and simple branching logic for assessment
and remediation (Woolf, 2010). Later, ITSs incor-
porated expert system models and student diagnos-
tic models to reason about domain knowledge and
identify misconceptions (Clancey, 1987). By the
1990s, cognitive tutors like the Algebra Tutor em-
ployed cognitive models combined with model trac-
ing and knowledge tracing to perform fine-grained,
real-time skill assessment (Anderson et al., 1995).
Other ITS approaches such as AutoTutor utilize
NLP models and dialogue-based reasoning to as-
sess deeper conceptual understanding (Nye et al.,
2014).

Recent advances in LLMs have transformed tu-
toring systems into flexible, multi-modal assess-
ment environments. LLM-based platforms like
Khanmigo (Shetye, 2024) and Google’s LearnLM
(Jurenka et al., 2024; Team et al., 2024) leverage
generative AI to assess learner responses in natu-
ral language, interpret comprehension across read-
ing, writing, and speaking tasks, and adapt instruc-
tion accordingly. Unlike more traditional methods,
LLMs enable open-ended, personalized feedback
across diverse learning tasks, integrating instruc-
tion and assessment seamlessly (Venugopalan et al.,
2025; Wang et al., 2025a).

Despite their potential, LLM-based tutoring sys-
tems often lack rigorous validation linking their
assessments to learning outcomes (Macina et al.,
2023c). Few studies have examined their diagnos-
tic accuracy (Maurya et al., 2025; Naeem et al.,
2026a), adaptability across diverse learners (Wang
et al., 2024e), or long-term impact on knowledge
retention (Kosmyna et al., 2025). Ethical concerns
such as feedback bias and transparency also re-
main underexplored (Mvondo et al., 2023). Future
research should develop standardized evaluation
frameworks and investigate how LLM-driven as-
sessments can be aligned with pedagogical goals.

Compared to assistive technologies, it appears
that there are relatively fewer cases of LLM inte-
gration into assessment approaches, although it is
clearly increasing. One reason could be that assess-
ment is likely subject to higher levels of scrutiny
around reliability and validity of the models, con-
sidering the potential high stakes of the outcomes.

Despite that, what we have seen so far shows how
LLMs are increasingly being used in some of the
common educational tasks traditionally studied by
the NLP community.

5 New Directions Enabled by LLMs

In this section, we turn to previously under-
explored or new use cases enabled by LLMs across
the four aspects (writing, speaking, reading, tutor-
ing), for both assistive and assessment scenarios.

Content Generation: A relatively new task, in-
troduced with the advent of LLMs capable of flu-
ent text generation in multiple languages, is ed-
ucational content generation according to expert-
defined standards (Imperial et al., 2024), for a spec-
ified grade level (Bezirhan and von Davier, 2023;
Jin et al., 2025), or for creation of evaluation and
scaffolding exercises for different subjects (Xiao
et al., 2023a; Malik et al., 2025). One interest-
ing question to extend this line of research fur-
ther could be on-the-fly content generation through
LLMs, given a topic, grade and standard specifica-
tions, as well as the target audience, across multiple
languages.

Multi-modal Interaction: Although text has
been the dominant form of input in educational
applications of NLP so far, multi-modal LLMs are
starting to be developed (Chu et al., 2025d). Curat-
ing multi-modal content for education (Chaturvedi,
2024), multi-modal question generation (Luo et al.,
2024), end-to-end spoken language grammati-
cal error correction (Bannò et al., 2024a), low-
resource language learning app development (Chu
et al., 2025b), supporting listening assessment
(Aryadoust et al., 2024), and evaluating handwrit-
ten exams (Liu et al., 2024b) are some recent exam-
ples. Given these diverse use cases, and given that
human learning can be considered multi-modal as
we gain information from multiple forms of con-
tent, modeling of multi-modal interactions in hu-
man learning and multi-modal content generation
can be considered challenging and useful future
possibilities to study, considering large multimodal
models as the foundations.

Synthetic Data Generation for Fine-tuning:
Synthetic data is increasingly being used at various
stages of LLM training and fine-tuning pipelines,
and education domain also started to see some new
use cases for synthetic data such as aiding the de-
velopment of educational chatbots and tutoring sys-
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tems (Wang et al., 2024a; Fateen and Mine, 2024),
spoken GEC (Karanasou et al., 2025), development
of benchmark datasets for educational applications
(Engelmann et al., 2024; Xu et al., 2025), and us-
ing LLMs as proxies for piloting educational as-
sessments (Säuberli et al., 2025). Considering the
advantages synthetic data provides in terms of alle-
viating the need for labeled training data, exploring
the limits and limitations of LLM-based synthetic
data generation approaches for educational appli-
cations would be an important direction for the
future.

LLM Agents for Education: When LLMs are
combined with components such as memory, tool
use, and planning to solve complex tasks, they are
referred to as LLM agents (Chu et al., 2025c; Tran
et al., 2025). In an educational context, these ad-
ditional components enable real-time adaptation,
access to external resources, and planning of tai-
lored learning paths, among other capabilities. At a
high level, such agents function either as pedagog-
ical agents or domain-specific educational agents
(Chu et al., 2025c).

Pedagogical agents imitate tutors to assist stu-
dents or instructors in tutoring sessions and simu-
late students for tasks such as piloting exam ques-
tions or training tutors. Furthermore, multiple
agents can operate simultaneously in multi-agent
setups like in WikiHowAgent (Pei et al., 2025),
CAMEL (Li et al., 2023), AutoGen (Wu et al.,
2023b), and PitchQuest (Mollick et al., 2024) to
develop educational prototypes or solve complex
problems. These agents can further support curios-
ity and higher-order thinking in learners, grounded
in established learning theories such as student-first
learning (Schwartz and Bransford, 1998), the zone
of proximal (Vygotsky, 1978) development, and
productive failure (Kapur, 2008), which are known
to promote long-term learning gains. Domain-
specific educational agents assist with learning in
subjects such as science, languages, or professional
development for specific domains.

However, beyond general risks such as safety,
hallucinations, and bias, the responses of the cur-
rent state-of-the-art models are often not grade-
appropriate (Srivatsa et al., 2025), may diverge
from the learning path, conflate user roles, or en-
ter conversational loops (amplified in multi-agent
settings) (Li et al., 2023; Chu et al., 2025c; Tran
et al., 2025). In summary, this research direction
holds huge promise, but key limitations must be ad-

dressed when deploying these systems in sensitive
domains like education.

Educational Human-LLM Collaborative Sys-
tems: Human-LLM collaborative systems lever-
age the complementary strengths of humans and
LLMs to improve performance in tasks such as
data annotation, problem-solving, and decision-
making across domains like education and health-
care (Yang et al., 2024; Fragiadakis et al., 2024).
In education, LLM-powered systems have been
deployed to support both single-turn interactions
(e.g., answering questions, explaining steps) (Gao
et al., 2024; Hashir et al., 2024) and multi-turn in-
teractions (e.g., Tutor-Copilot (Wang et al., 2024e),
GPTeach (Markel et al., 2023)). These systems can,
among other things, deepen learner understanding
and assist novice tutors in improving their teach-
ing skills and qualities. They are not free from
challenges, though. Such systems often lack inter-
pretability, making it hard to trust AI outputs (Yang
et al., 2024). They may prioritize correctness over
pedagogical goals like conceptual understanding
and learner support (Macina et al., 2023c). LLMs
also struggle with ambiguity, personalization, and
maintaining context in extended interactions, and
they rarely offer adaptive feedback tailored to learn-
ers’ evolving needs or emotions (Maurya et al.,
2025). Addressing these challenges is essential for
building reliable and effective educational human-
LLM collaborative systems.

Educational Value Alignment: Alignment with
human preferences is a key driver to the success
of state-of-the-art LLMs (Ouyang et al., 2022; Yao
et al., 2023). This ranges from the development
of general values-based LLMs (Guo et al., 2025;
Team et al., 2024) to models tailored to specific
age groups or domains (Nayeem and Rafiei, 2024;
Chen et al., 2023). These advancements have also
significantly influenced the educational domain,
leading to the development of education-specific
LLMs such as LearnLM (Team et al., 2024; Ju-
renka et al., 2024) and pedagogical tutors (Dinucu-
Jianu et al., 2025). These LLMs are grounded
in pedagogical values (Team et al., 2024; Mau-
rya et al., 2025) and draw on decades of research
in the learning sciences to generate pedagogically
rich datasets, which are subsequently used for in-
struction tuning and fine-tuning. These specialized
models have proven effective across a wide range
of educational applications.

However, an open research question remains –
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“What should we align with?” (Yao et al., 2023),
which directly affects LLM performance. Specifi-
cally, in the case of tutor LLMs, there is currently
no consensus among researchers regarding the
key pedagogical principles and associated teacher
moves that lead to effective learning (Team et al.,
2024). Future research should explore the core
educational values that need to be integrated to en-
able the development of more effective educational
models.

6 Ongoing Challenges

So far, we have seen how LLMs enabled existing
NLP research on educational applications, and also
paved way for new use cases. With the growth
in their usage in real-world educational scenarios
and the potential for personalized education, a dis-
cussion about the challenges involved becomes
inevitable. In this section, we discuss some of
the technical as well as broader application-related
challenges in this area. While this discussion about
the challenges is non-exhaustive, it broadly high-
lights some of the general task-agnostic issues re-
lated to the use of LLMs and NLP in education.

6.1 Datasets

A lot of NLP research on educational applications
relies on the existence of labeled datasets. For
most of the tasks, such datasets are created by re-
purposing existing online resources (e.g., using
Wikipedia and Simple Wikipedia, or websites such
as Newsela for automatic text simplification), and
this is not an exception compared to other areas
of research in NLP. Carefully crafted datasets that
are specifically developed for a particular task (e.g.,
grammatical error detection) are not rare, but hard
to develop on a large scale. Datasets that consider
target user input (e.g., those that contain learner
feedback or outcome information) are even rarer.
Adding multilingual support to the mix makes
dataset development across educational NLP tasks
still more challenging.

Although LLMs could offer better zero-shot,
off-the-shelf performance for many tasks and lan-
guages today, and synthetic data generation with
LLMs can address the data scarcity across lan-
guages to some extent, we would still need con-
certed efforts to build high quality educational
datasets to develop and evaluate LLMs that can pro-
vide educational support across languages. Some
recent research also reports poorer performance

of LLMs across four education-related tasks be-
yond English and recommends verifying the LLM
performance in the target language before deploy-
ment (Gupta et al., 2025). Imperial et al. (2025)’s
recent effort to consolidate multilingual language
proficiency assessment datasets under one unified
format and license is a welcome step in this direc-
tion.

6.2 Pedagogical Evaluation
Across different NLP tasks involving the use of
LLMs in the education domain, evaluation chal-
lenges have been widely discussed, along with a
comparison between automated and human eval-
uation (Horbach et al., 2020; Vásquez-Rodríguez
et al., 2021; Agrawal and Carpuat, 2024; Kobayashi
et al., 2024). While most of the discussions around
evaluation focused on the task-specific aspects, for
technologies such as tutoring systems, a multi-
dimensional view of evaluation is necessary.

Traditional evaluation of teacher effectiveness
has relied on artifacts, portfolios, self-reports, and
student feedback (Goe et al., 2008). More recently,
text generation metrics are being explored to assess
ITS or AI tutor responses. However, while effec-
tive for measuring coherence and fluency, these
domain-agnostic metrics often miss deeper peda-
gogical aspects, depend on gold references, and can
be gamed by generic responses (Tack and Piech,
2022). Efforts to capture pedagogical effectiveness
more directly have included human evaluations and
tailored frameworks defining specific strategies, but
these face challenges such as subjectivity, lack of
standardization, and limited scope (Jurenka et al.,
2024). Some potential directions for evaluating
tutor responses were recently proposed by Mau-
rya et al. (2025), where a unified taxonomy was
introduced to measure the quality and appropri-
ateness of these responses. However, these rely
on human evaluation, which is non-scalable and
is typically conducted at the utterance level rather
than the conversation level. Naeem et al. (2026a)
introduces an automated evaluation model to mit-
igate reliance on human annotation, leveraging a
lightweight multi-task LoRA-based fine-tuning ap-
proach on a 2B-parameter model, however, it only
captures a limited subset of evaluation dimensions.
So far, using LLMs as proxy judges shows promise
but still falls short in reliably evaluating complex
pedagogical traits (Gu et al., 2024).

Overall, NLP research is understandably model-
focused, and that impacts the way we evaluate. But,
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user-focused evaluations are also emerging. For ex-
ample, some recent research points to the mismatch
between the user needs and model availability in
the context of graded content generation (Asthana
et al., 2024; Kim et al., 2024b). Considering the in-
creasing widespread real-world usage of LLMs in
educational applications, NLP research could con-
sider a user-first rather than a dataset- and model-
first approaches in developing standardized evalua-
tion methodologies for educational applications in
future.

6.3 Ethical Issues

We found the discussion around the ethics of us-
ing LLMs in education emerging only recently in
the NLP community (e.g., Hämäläinen, 2024), yet
there has been some thought in this direction in
the broader education technology and assessment
community. For example, Yan et al. (2024) dis-
cuss the ethical implications of the increasing use
of LLMs in education considering a range of use
cases, and identify transparency for educational
stakeholders (teachers, students, parents), privacy,
support across languages, and fairness across pop-
ulation groups as the main ethical concerns sur-
rounding the use of LLMs in education, calling for
better reporting standards from empirical research
that uses LLMs to develop new solutions. This is-
sue of reporting standards is perhaps of most direct
relevance to the NLP community.

From an assessment perspective, some recent
work discussed the implications of the usage of
LLMs in education for academic integrity (de Win-
ter, 2024; Leppänen et al., 2025) and fairness (Ya-
mashita, 2025), and the language assessment com-
munity calls for a collaboration between model
developers, test creators and subject matter experts,
psychometricians and the AI research community
to develop education-specific standards for using
AI in assessment to ensure reliability and fairness
(Bolender et al., 2023; Voss et al., 2023; Xi, 2023).

Hallucination is a well-known concern with
LLMs, and educational use cases are not immune
to that. Some recent research on text simplification
(Hewett et al., 2024; Zečević et al., 2024) pointed
to how the tendency to hallucinate increases as the
task gets more complex such as generating in a
specific domain or in a new language, for example.

7 Conclusions

Our study on how LLMs are integrated into exist-
ing research on the NLP-driven educational appli-
cations shows that LLMs lead to several interesting
new developments which hold a lot of promise for
the future in terms of both effective performance as
well as inclusive development of applications ad-
dressing different languages and population groups.
However, there are also several ongoing challenges
related to available data, evaluation, and ethical
concerns. As suggested by others, we envision an
increase in inter-disciplinary collaboration between
NLP researchers, domain experts, and educators
leading to the development of better assistive and
assessment technologies to support students and
teachers in the future. We hope that this paper
would serve as a good starting point for NLP re-
searchers, providing them with the necessary back-
ground on the state of the art in the educational
applications of NLP using LLMs and on what lies
ahead.

Limitations

We perceive two primary limitations: (a) Since our
goal in this paper is to provide an overview of what
lies ahead, we did not do an exhaustive survey of
the current state of the art, focusing largely on post-
LLM research and pointing to relevant surveys for
pre-LLM approaches; and (b) We have also primar-
ily restricted ourselves to NLP publication venues,
citing research from other related disciplines to a
much smaller extent. Our observations and con-
clusions drawn in this paper should be considered
along with these limitations. However, we provide
an extensive, although by no means an exhaustive,
list of additional readings grouped by the four di-
mensions – writing, speaking, reading, and tutoring
– in the Appendix Tables 1–4, for those interested
in exploring these topics further.

Ethical Considerations

The study does not involve the use of any datasets
with ethical concerns or training of AI models with
potential ethical issues. Hence, we do not anticipate
any significant risks associated with this work.
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reading, and tutoring, in the Tables 1–4.
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Table 1: Additional references for writing tasks (assistive/assessment)
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Feng et al. (2010); Vajjala and Meurers (2012); Xia et al. (2016);
Nadeem and Ostendorf (2018); Azpiazu and Pera (2019); Deutsch
et al. (2020); Lee et al. (2021); Wilkens et al. (2024)

LLM Approaches Lee and Lee (2023); Nohejl et al. (2024); Rooein et al. (2024); Wang
et al. (2024g); Smădu et al. (2024)

Text Simplification
Surveys Siddharthan (2014); Alva-Manchego et al. (2020)
Datasets Zhu et al. (2010); Coster and Kauchak (2011); Kauchak (2013);

Hwang et al. (2015); Xu et al. (2015, 2016); Kajiwara and Komachi
(2016); Zhang and Lapata (2017); Sulem et al. (2018b); Scarton et al.
(2018); Vajjala and Lučić (2018); Saggion et al. (2022); Hayakawa
et al. (2022); Ryan et al. (2023); Alhafni et al. (2024); Shardlow et al.
(2024); Jiang and Xu (2024); Saggion et al. (2024); Qiu et al. (2024);
Nagai et al. (2024)

Evaluation Xu et al. (2016); Sulem et al. (2018a); Vásquez-Rodríguez et al.
(2021); Alva-Manchego et al. (2021); Cardon et al. (2022); Huang
and Kochmar (2024); Agrawal and Carpuat (2024)

Pre-LLM
Approaches

Chandrasekar et al. (1996); Elhadad and Sutaria (2007); Zhu et al.
(2010); Woodsend and Lapata (2011); Wubben et al. (2012); Kaji-
wara et al. (2013); Shardlow (2014); Xu et al. (2016); Paetzold and
Specia (2016); Nisioi et al. (2017); Zhang and Lapata (2017); Alva-
Manchego et al. (2017); De Hertog and Tack (2018); Štajner and
Nisioi (2018); Guo et al. (2018); Maddela and Xu (2018); Zhao et al.
(2018b); Gooding and Kochmar (2018); Vu et al. (2018); Gooding
and Kochmar (2019); Surya et al. (2019); Qiang et al. (2020); Martin
et al. (2020); Omelianchuk et al. (2021); Maddela et al. (2021); Qiang
et al. (2021); Hazim et al. (2022); Martin et al. (2022); Sheang et al.
(2022)

LLM
Approaches

Chi et al. (2023); Nozza and Attanasio (2023b); Kew et al. (2023b);
Trott and Rivière (2024); Scalercio et al. (2024); Mondal et al. (2024);
Zečević et al. (2024); Tan et al. (2024); Hewett et al. (2024); Qiu and
Zhang (2024); Zetsu et al. (2024); Asthana et al. (2024); Farajidizaji
et al. (2024); Mo and Hu (2024); Barayan et al. (2025)

Question Generation
Surveys Kurdi et al. (2020); Al Faraby et al. (2024a); Flor (2025)
Datasets Chen et al. (2018a)

Evaluation Horbach et al. (2020); Xiao et al. (2023b); Gorgun and Bulut (2024);
Deroy et al. (2025)

Pre-LLM
Approaches

Flor (2025, ch4–ch9)

LLM
Approaches

Flor (2025, ch10), Al Faraby et al. (2024b); Säuberli and Clematide
(2024b); Scaria et al. (2024a); Kumar and Lan (2024)

Table 2: Additional references for reading tasks (assistive/assessment)
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Spoken GEC & GED
Evaluation Lu et al. (2022); Qian et al. (2025b)
Datasets Izumi et al. (2004); Caines et al. (2016); Kim et al. (2024a); Knill

et al. (2024)
Pre-LLM

Approaches
Izumi et al. (2003); Lee et al. (2011); Knill et al. (2019); Lu et al.
(2019b,a, 2020, 2022); Bannò et al. (2023b, 2024a); Karanasou
et al. (2025); Qian et al. (2025a,b)

LLM
Approaches

Lu et al. (2025)

Spoken Language Assessment
Surveys Zechner and Evanini (2019)
Datasets Menzel et al. (2000); Izumi et al. (2004); Yoon et al. (2009);

Ishikawa (2014); Baur et al. (2017, 2018); Zhao et al. (2018a);
Baur et al. (2019); Ishikawa (2019); Zhang et al. (2021); Coulange
et al. (2024); Kim et al. (2024a); Knill et al. (2024)

Pre-LLM
Approaches

Bernstein et al. (1990); Cucchiarini et al. (1997); Townshend et al.
(1998); Franco et al. (2000); Xi et al. (2008); Qian et al. (2012);
Malinin et al. (2017); Chen et al. (2018b); Evanini et al. (2018);
Craighead et al. (2020); Raina et al. (2020); Peng et al. (2021);
Wu et al. (2021a); Xu et al. (2021); Wang et al. (2021); Kim et al.
(2022); Bannò et al. (2023a); McKnight et al. (2023); Park and
Ubale (2023)

LLM
Approaches

Fu et al. (2024); Phan et al. (2024); Bannò et al. (2025b); Ma et al.
(2025); Voskoboinik et al. (2025)

Table 3: Additional references for speaking tasks (assistive/assessment)
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Intelligent Tutoring Systems
Surveys Paladines and Ramirez (2020); Wollny et al. (2021); Wang et al.

(2024f)
Datasets Michaels et al. (2010); Caines et al. (2020); Stasaski et al. (2020b);

Suresh et al. (2022); Demszky and Hill (2023); Macina et al.
(2023a); Wang et al. (2024d); Maurya et al. (2025); Sharma et al.
(2026)

Evaluation Demszky et al. (2021); Vasselli et al. (2023); Jurenka et al. (2024);
Kochmar et al. (2025); Maurya et al. (2025); Hardy and Kim
(2026); Naeem et al. (2026b)

Pre-LLM
Approaches

Evers and Nijholt (2000); Freedman (2000); Mitrovic et al. (2001);
Rosé (2001); Suraweera and Mitrovic (2002); Anderson et al.
(2004); Graesser et al. (2004, 2006); Weerasinghe and Mitrovic
(2006); Dzikovska et al. (2010); D’Mello et al. (2012); Romero
and Ventura (2013); Nye et al. (2014); Serban et al. (2020); Watson
and Kochmar (2021)

LLM
Approaches

Tack and Piech (2022); Elkins et al. (2023); Lee et al. (2023); Nay-
eem and Rafiei (2024); Markel et al. (2023); Sonkar et al. (2023);
Tack et al. (2023); Vasselli et al. (2023); Wang and Demszky
(2023); Chowdhury et al. (2024); Daheim et al. (2024); Denny
et al. (2024); Elkins et al. (2024); Liu et al. (2024a); Scarlatos
et al. (2024b); Wang et al. (2024a,b,c); Nam et al. (2025); Nie et al.
(2025); Peng et al. (2025); Srivatsa et al. (2025); Petukhova and
Kochmar (2025, 2026)

Table 4: Additional references for tutoring tasks (assistive/assessment)
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