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Abstract—Intelligent tutoring systems (ITSs) that imitate hu-
man tutors and aim to provide immediate and customized
instructions or feedback to learners have shown their effective-
ness in education. With the emergence of generative artificial
intelligence, large language models (LLMs) further entitle the
systems to complex and coherent conversational interactions.
These systems would be of great help in language education as
it involves developing skills in communication, which, however,
drew relatively less attention. Additionally, due to the complicated
cognitive development at younger ages, more endeavors are
needed for practical uses. Scaffolding refers to a teaching tech-
nique where teachers provide support and guidance to students
for learning and developing new concepts or skills. It is an
effective way to support diverse learning needs, goals, processes,
and outcomes. In this work, we investigate how pedagogical
instructions facilitate the scaffolding in ITSs, by conducting a
case study on guiding children to describe images for language
learning. We construct different types of scaffolding tutoring
systems grounded in four fundamental learning theories: knowl-
edge construction, inquiry-based learning, dialogic teaching, and
zone of proximal development. For qualitative and quantitative
analyses, we build and refine a seven-dimension rubric to evaluate
the scaffolding process. In our experiment on GPT-4V, we observe
that LLMs demonstrate strong potential to follow pedagogical
instructions and achieve self-paced learning in different student
groups. Moreover, we extend our evaluation framework from a
manual to an automated approach, paving the way to benchmark
various conversational tutoring systems.

Index Terms—Intelligent Tutoring Systems, Scaffolding, Multi-
modal Language Models

[. INTRODUCTION

Intelligent Tutoring Systems (ITSs) are adaptive instruc-
tional systems equipped with Artificial Intelligence (Al) and
Natural Language Processing (NLP) technologies and inte-
grated educational methodologies [1]. These systems offer
personalized learning content, instant feedback, and interactive
learning experience to learners. A significant feature of ITSs
is their ability to tailor instructional activities and strategies to
align with the learners’ different characteristics, experiences,
and learning needs [2]. Numerous studies have highlighted
the effectiveness and broad applicability of ITSs across var-
ious educational fields [1], [3]. On the other hand, with the
emergence of generative artificial intelligence [4], [5], large
language models (LLMs) further empower interactive ITSs
with exceptional capabilities on conversational interactions
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:ﬁ; What do you notice first when you look at this picture?

[Questioning]

There are 4 people in the picture...

e

)
ur

L
™y __She is a teacher...
Tr
:au Great! Now, can you describe what these people are doing?
T?f Hmm... | don't know how to describe.
A [ I ! She teachi ith. ]
see! She teaching mal
ur

&

Exactly, well donel Lets look at the person standing near the blackboard. |
Usually, there is someone who leads the class, explaining and teaching
something. What do we call him or her?

[Feeding back, Instructing, Hints, Questioning]

[Feeding back, Questioning]

No worries, let's observe together. The blackboard has some numbers
and symbols. What subject do you think the teacher is teaching?

[Social- tional support, Hints, Qi

Yes, she is teaching math! Let's make a small correction for grammar
and clarity, you should say “She is teaching math” or “She teaches math.

[Feeding back, Modeling]

Fig. 1. A dialogue example of interactive language learning via an image
description tutoring system. The student is asked to describe the picture.

[6], [7], and show great potential to support students learning
outside of classrooms in various disciplines, and they can make
online education personalized and more accessible [8].

For the applications of ITSs, the majority of the studies were
conducted within the field of computer science and mathemat-
ics education and primarily targeted for university students
[1]. Compared to those fields which more focus on abstract
concepts, learning a language involves developing skills in
communication, including speaking, listening, reading, and
writing, resulting in a higher interaction demand for ITSs.
Given the diverse learning needs, the complexity of open-
ended questions, and cognitive development at younger ages,
it’s more challenging for ITSs to be applied effectively in
children’s language education.

“It is only when scaffolding is needed that learning will
actually take place (Gibbons, 2002)”

To improve tutoring systems in language learning, a crucial
aspect is providing effective scaffolding for learners. Scaffold-
ing refers to an instructional technique in which teachers pro-
vide temporary and dynamic support and guidance to students
as they learn and develop new concepts or skills [9]. Over



recent decades, scaffolding has been promoted as an effective
way to support diverse learning needs, goals, processes, and
outcomes. Its application is particularly effective in children’s
language learning [10]. Previous studies have shown that
learners are more likely to succeed in language learning when
their teachers provide pedagogical support, facilitating a higher
level of skill and understanding [10], [11].

In practice, teachers provide scaffolding by clarifying, ques-
tioning, and presenting models for the learners. They guide
students through hints and suggestions, encouraging them to
connect new information with their personal experiences and
prior knowledge [10]. Since scaffolding is a dynamic interven-
tion finely tuned to the learner’s ongoing progress, the support
given by the teacher during scaffolding strongly depends on
the patterns of teacher-student interactions [12]. Therefore, it
would be of great help to improve the performance of ITSs
by promoting the effectiveness of interactions.

In this work, we investigate how pedagogical instructions
facilitate the scaffolding in LLM-based ITSs, and conduct a
case study on guiding children to describe images for language
learning. Following task-specific prompts, multi-modal LLMs
can effectively organize the conversation by asking proper
questions, giving constructive suggestions, and providing in-
formative hints. We build different types of conversational ITS
grounded in four fundamental learning theories: knowledge
construction, inquiry-based learning, dialogic teaching, and
zone of proximal development, and compare them in simulated
teaching sessions of a set of images and two student groups.
To evaluate the scaffolding process of conversational interac-
tions, we build and refine a seven-dimension rubric, which
is employed in both qualitative and quantitative evaluations
through feedback, hints, instruction, explaining, modeling,
questioning, and social-emotional support. In our experiments
on GPT-4V, we observe that LLMs can demonstrate strong
potential to follow pedagogical instructions and achieve self-
paced learning in different student groups. Furthermore, we
transform our evaluation framework from manual to automated
by leveraging the in-context learning capability of LLMs, and
this paves the way to benchmark various tutoring systems.

II. RELATED WORK
A. Intelligent Tutoring Systems

ITSs aim to provide personalized and effective instructional
support to students, and they have gained increasing impor-
tance due to the growing demand for adaptive and accessible
education, especially in remote and online learning environ-
ments. One significant approach to developing ITSs is to lever-
age various statistical features to perform learning analytics
activities and performance prediction [13], [14], and many
previous studies have focused on engagement and dropout
prevention, such as leveraging students’ facial expressions for
emotion recognition and engagement prediction [15]. On the
other hand, as an advanced form of ITSs, conversational ITSs
have been extensively investigated as educational dialogue sys-
tems [16]-[18], as they can provide adaptive instructions and
real-time feedback to students. Most existing studies focus on
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learning the pedagogical strategies to teach the students of the
given exercises [19], [20], or generating high-quality responses
in the tutoring dialogues [21]. Latest studies [7], [22], [23]
on interactive ITSs powered by LLMs have showcased the
exceptional capabilities of natural language interactions.

B. Scaffolding in Children’s Language Learning

Since the late 1970s, scaffolding has gained increasing
popularity across various educational fields, especially in lan-
guage learning contexts. This popularity is due to the crucial
roles of the meaning-making process and linguistic assistance
in students’ language development [24], [25]. Teachers can
apply scaffolding strategies, such as questioning, reformula-
tion, repetition, and elaboration to assist English language
learners in co-constructing content knowledge, thereby making
these processes “visible” to them [10]. With the support and
guidance of teachers, students are more likely to complete
the given task and face similar challenges in the future with
greater confidence [26], [27]. Previous research has identified
several key characteristics essential for effective scaffolding
[28]. The most salient feature is contingency. Teachers assess
students’ competency levels and dynamically adapt scaffolding
strategies based on the learners’ understanding and actions
[24]. Another aspect of scaffolding is fading [29], [30]. In
this process, teachers gradually withdraw the scaffolding as
students are able to carry out tasks independently [31]. Thus,
scaffolding is a temporary and adjustable process, with support
aligned towards facilitating students’ learning goals.

While research on scaffolding has enriched the understand-
ing of teaching practices, the process is often limited to either
one-on-one or one-to-many teacher-led instruction. This can
result in limited access and fewer opportunities for students to
engage in practice. Consequently, students might have fewer
chances of being heard, scaffolded, and receiving feedback.
Such limitations could adversely affect their language learning
and usage. The advent of LLMs has empowered ITSs to
provide scaffolding strategies in supporting students learning
outside of classrooms in various disciplines, and they can make
online learning personalized and more accessible.

I1I. MULTI-MODAL TUTORING SYSTEMS WITH
PEDAGOGICAL INSTRUCTIONS

A. Tutoring Language Learning via Image Description

Teaching and improving primary students’ language learn-
ing through image description is a dynamic and engaging
approach [32]. As the example shown in Figure 1, a learning
session usually begins by presenting an image and encouraging
students to observe it closely, then the teacher asks open-ended
questions to stimulate their thinking, such as “What do you see
happening in this picture?” or “Can you describe the people
or animals you see?”

Beyond merely listing the objects in the image, the teacher
further guides students to describe how things look, feel, or
sound, and encourages students to use adjectives and adverbs.
This exercise enhances their language skills including vocab-
ulary, organization, and fluency [33]. To further develop their



TABLE I
TABLE OF THE DESCRIPTION OF PEDAGOGICAL INSTRUCTIONS.

Theory Type Definition

Pedagogical Strategy

Knowledge Construction
(Sullivan Palincsar, 1998)

The effortful, situated, and reflective process by
which students solve problems and construct an un-
derstanding of concepts, phenomena, and situations.

Consistently assisting students in building upon their prior knowl-
edge, organizing and synthesizing information, integrating ideas,
and making inferences.

Inquiry-based Learning

(Pedaste et al., 2015) through questioning and exploration.

Engaging learners by creating real-world connections

Guiding learners with explicit learning goals and helping them
develop an explanatory learning process, breaking down complex
tasks into small and manageable segments, making observations,
asking questions, posing hypotheses, investigating, interpreting, and
discussing.

Dialogic Teaching
(Alexander, 2006)
standing.

The ongoing process of dialogue in stimulating and
developing students’ thinking, learning and under-

Co-constructing knowledge through dialogue and collaboration,
encouraging the free exchange of ideas, using follow-up questions,
clues, elaborations, reformulations, confirmations, or recaps, build-
ing on prior knowledge and understanding.

Zone of Proximal Devel-
opment (Vygotsky, 1978)

The space between what a learner can do without
assistance and what a learner can do with adult guid-
ance or in collaboration with more capable peers.

Assessing the learner’s current ability level, connecting content to
learners’ existing knowledge, breaking down a task into smaller,
manageable components, and using prompts and cues to help
students achieve a potential level beyond their current capabilities.

language skills, the teacher introduces new vocabulary related
to the image, and engages students in storytelling. Students are
asked to create a short story or summary, thereby stimulating
their creativity and imagination to enrich the narrative with
additional details and depth.

B. Multi-modal Systems as an Image Description Tutor

Beyond text-based interactive learning (e.g., math and cod-
ing tutoring), multi-modal capabilities are essential for build-
ing image description tutoring systems. Basically, it includes
four functional aspects: vision modeling, speech recognition,
natural language generation, and dialogue management. More
specifically, given an image input, vision modeling is to cap-
ture the visual features and recognize various scenes, objects,
and activities, as well as grounded knowledge such as spatial
relationships [34]. Speech recognition is to convert student
responses from audio to text. Natural language generation
and dialogue management enable the tutoring system to in-
teract with students via effective communication, including
generating fluent, coherent, and descriptive language of the
image, raising contextualized questions, and providing hints
and explanations. In oral courses, spoken language assessment
is also an integral component within machine-aided language
learning, which is used to evaluate oral proficiency [35].

Upon the versatility and capability of LLMs, one can
build tutoring systems without massive supervision from
time-consuming manual annotation [19], [20]. Therefore, we
leverage GPT-4V as an image description tutoring agent for
language learning, since it is a multi-modal model that sup-
ports all four functional aspects, and shows state-of-the-art
instruction-following and reasoning capabilities [36].

C. Enhancing Tutoring Systems with Pedagogical Instructions

In practical settings, teachers adhere to established pedagog-
ical principles to enhance their instructional methods, demon-
strating the efficacy of a more focused and systematic approach
[37]. Consequently, to develop an image-based tutoring system
that effectively motivates and supports students in language
acquisition, we explore the impact of incorporating structured
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pedagogical strategies. On the other hand, LLMs are capable
of following complex and detailed prompts, and performing
as task-specialized agents [38]. Previous work shows that
prompting in a structured manner is beneficial for complex
instruction following [39], thus we split it into three parts:
role & task definition, pedagogical instruction, and behavior
constraint. Here is one template:

[Role & Task Definition] You are a primary school language
teacher who teaches me to describe the picture.
[Pedagogical Instruction] You are using the knowledge con-
struction approach. This involves any one of the following:
building on prior knowledge, selecting information, organizing
information, integrating ideas, making inferences, and helping
me describe the picture.

[Behavior Constraint] Ask me only one question at a time.
Always wait for my input before proceeding to the next step.
Correct my answers if they are inaccurate.

Moreover, for the pedagogical instruction, we apply four
constructivist learning theories (as shown in Table I) and
conduct experiments on how they affect the scaffolding of
language learning via image description.

Knowledge Construction When individuals encounter new
information, they rely on their prior knowledge and per-
sonal experience to interpret it [40]. During this meaning-
making process, learners reformulate the new information or
restructure their existing knowledge, thereby achieving deeper
understanding [41]. Prior research found that knowledge con-
struction can range from simple restatements and paraphras-
ing to more complex activities like explanations, inferences,
justifications, hypotheses, and speculations [42]. Specifically,
teachers facilitate students’ knowledge construction process
by consistently assisting students in building upon their prior
knowledge, organizing and synthesizing information, integrat-
ing ideas, and making inferences [43].

Inquiry-based Learning is a pedagogical approach that en-
gages learners by creating real-world connections through
questioning and exploration [44]. It aims to inspire students to
take ownership of their learning journey. To support these in-



TABLE II

TABLE OF THE RUBRIC DEFINITION FOR EVALUATING SCAFFOLDING EFFICACY.

Dimension

Definition

Utterance Example

Cognitive Scaffolding Feeding back

The teacher directly evaluates the behavior or response
of the student.

Yes, the girl does look happy!
Great! You're right.

Hints

The teacher gives an explicit hint with respect to the
expected answer.

Does he look happy, surprised, or something
else? Look at the TV in the picture for a clue.

Instructing

The teacher provides information so that the student
knows what to do or how to do it. Request for a specific
action (e.g., look at sth. or focus sth.).

Look at the things around them for clues.
Remember to include what you’ve noticed about
cleaning and organizing.

Explaining

The teacher provides detailed information on “why” or
clarification.

When someone opens their mouth like that and
has tears on their face, it often does indicate that
they are crying or upset.

Modeling

The teacher demonstrates behavior (verbal or non-
verbal) for imitation.

Just a small grammar tip: when we say “with

the girl is dancing,” we don’t need the word “is
after “girl”.

Questioning

The teacher asks the student questions that require an
active linguistic and cognitive answer.

Can you tell me if it’s daytime or nighttime?
And how can you tell?

Social-emotional Support

Responses related to emotion and motivation such as
positive affirmation, showing empathy, promoting self-
efficacy, fostering a sense of connectedness, encourag-
ing perseverance, and other related constructs.

No problem at all!
No worries, let’s observe together!

quiry outcomes, researchers have proposed several scaffolding
strategies [45], [46]. For example, teachers guide learners with
explicit learning goals and help them develop an explanatory
learning process [47]. Specifically, tasks are structured to
minimize cognitive overload. Teachers break down complex
tasks into small and manageable segments. This approach
narrows the “problem space”, enabling learners to focus their
efforts and utilize available resources or tools effectively [46].
Dialogic Teaching highlights the role of talk in stimulating
and developing students’ thinking, learning, and understand-
ing [48], [49]. To facilitate productive interactions, teachers
encourage students by posing thought-provoking questions
and inviting them to share their knowledge and experience,
which aims not just to seek right answers, but also to elicit
reasons and explanations [50]. This often involves a scaffolded
dialogue pattern known as initiation-response-feedback pattern
(IRF) [37]. Specifically, the teacher initiates a topic, students
respond, and then obtain feedback [51]. In this cyclic IRF se-
quence, teachers guide students by using follow-up questions,
clues, elaborations, reformulations, confirmations, or recaps,
thereby maintaining students’ active participation [52].

Zone of Proximal Development (ZPD) is defined as the space
between what a learner can do without assistance and what a
learner can do with adult guidance or in collaboration with
more capable peers [9]. In Vygotsky’s view, a learner’s ability
to bridge this gap between actual performance and potential
ability depends on the scaffolding provided by more capable
others [53]. In pedagogical contexts, scaffolding techniques
involve several processes: assessing the learner’s current abil-
ity level, connecting content to learners’ existing knowledge,
breaking down a task into smaller, manageable components,
and using prompts and cues to help students achieve a potential
level beyond their current capabilities.

Based on the aforementioned pedagogical theories, we
summarized key features of each theory and synthesized
corresponding instructional strategies for scaffolding within
our ITS, as shown in Table I. These strategies, embedded in
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student-ITS conversational interactions, aim to provide guid-
ance and support in image description tasks, thereby enhancing
the overall learning experience.

IV. EVALUATING TUTORING SYSTEMS FROM
SCAFFOLDING PERSPECTIVE

A. Building Student Capability Levels for Evaluation

Scaffolding strategies effectively support the learning pro-
cesses of students. However, the needs, learning styles, and
educational experiences of low- and high-achieving learners
differ significantly [54]. First, low achievers often feel uncom-
fortable expressing their ideas because they may lack prior
knowledge and self-confidence. They tend to wait for assis-
tance rather than attempting to solve problems independently
[55], [56]. Second, students with lower performance frequently
encounter more misconceptions resulting in the need for more
individualized learning paths and more interactive and adaptive
scaffolds [57], [58].

These differences have led to the classification of students
into high- and low-ability groups. In this study, high-ability
students are defined as those with high language proficiency
who can answer each question correctly with minimal support
and guidance. Conversely, low-ability students are character-
ized by low language proficiency and are not able to answer
questions independently. This classification serves two main
purposes: first, to investigate how scaffolding strategies are
applied to students with varying abilities, and second, to
explore the differences among different tutoring systems.

B. Building Scaffolding Evaluation Rubric

When comparing the learning efficacy of tutoring systems,
it is common to conduct assessments on post-learning perfor-
mance, dropout rate, and user feedback. However, the scaffold-
ing strategy in conversational interactions, another important
aspect, is overlooked [59]. To evaluate the effectiveness of
scaffolding strategies, here we introduce and refine a rubric of
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Fig. 2. Coding result of the five systems with different pedagogical instructions (Up: high-ability group; Down: low-ability group).
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6
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emotional
Support

Social-

B
‘emotional
Support
Questioning

Modeling

Instructing Instructing Instructing

Hints Hints Questioning Hints

Explaining Explaining Modeling Explaining

Fig. 3. Normalized capability scoring in seven dimensions of the five systems with different pedagogical instructions.

dialogic analysis at the utterance level. Based on previous ped-
agogical work [12], [37], our rubric is designed to understand
how scaffolding is performed during students’ language learn-
ing, and it consists of seven dimensions (as shown in Table
II): Feeding back, Hints, Instructing, Explaining, Modeling,
Questioning, and Social-emotional Support.

C. Experimental Setting and Qualitative Analysis

Inspired by real-world learning materials for primary school
level 1 and level 2 students, we constructed a seed dataset for
qualitative analysis. To improve the diversity of visual and
language features, the selected 10 image description samples
cover various scenes (e.g., classroom, playground, home),
objects (e.g., family, kids, teacher), and activities (e.g., sports,
reading). We simulate the learning process via human-machine
interaction, where the tutoring system leads the conversation,
and we feed user responses according to the assigned student
group. The average turn number of each conversation is 22.5,
we repeat each session across 5 pedagogical instruction types
as well as 2 student groups (a system without pedagogical in-
struction is added as control), and the total collected utterance
number is 2250. In our preliminary analysis, we observe that
the system without any pedagogical instruction is also capable
of utilizing visual features and organizing the conversation. For
instance, when students get confused, the tutor will ask them
to look at one specific part of the picture and encourage their
attention to certain objects.

Based on our rubric, we code the system utterances and
calculate the scores among five types of pedagogical instruc-
tions and between two students’ ability levels. For each system
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utterance, a score of 1 was assigned if it corresponded with the
dimensions of scaffolding strategies. Two linguistic annotators
coded system generations independently, and we conducted
two rounds of preliminary coding to consolidate the rubric
description and reduce discrepancies. The final inter-annotator
Cohen’s Kappa is 0.75.

D. Experimental Results and Analysis

1) Comparison between high- and low-ability students:
The concept of contingency emphasized the malleable feature
of scaffolding in relation to students’ understanding. Con-
tingent support suggests that the tutor amplifies the level of
support in reaction to student failure or diminishes it following
student success. In this study, we compared the scaffolding
strategies that ITS applied to high- and low- ability students.
We observed that systems with four pedagogical instructions
outperformed in providing contingent support, managing to
increase the degree of contingency for low- ability students
while reducing it for those with high abilities. This increased
level of contingency was associated with a rise in the provi-
sion of hints, instruction, explanations, modeling, and social-
emotional support.

Specifically, in Figure 2, we observed that when engaging
with high-ability students, the scaffolding typically begins
with positive affirmation, followed by guiding the students
through questions and clarifying their answers. In contrast,
when interacting with low-ability students, systems tend to pay
more attention to social-emotional support. Additionally, the
scaffolding for these students includes more hints and expla-



TABLE III

EXPERIMENTAL RESULTS OF AUTOMATED SCORING BY LEVERAGING LLMS AS EVALUATOR.

Zero-Shot Inference 1-Shot Inference 3-Shot Inference
Model Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score
LLaMA-2-7B-Chat 0.533 0.497 0.548 0.536 0.654 0.644
LLaMA-2-13B-Chat 0.599 0.375 0.609 0.583 0.708 0.698
Vicuna-13B-V1.5 0.417 0.368 0.670 0.650 0.765 0.757
Mistral-7B-Instruct-VO0.1 0.480 0.426 0.743 0.733 0.777 0.769
Zephyr-7B-Beta 0.711 0.706 0.746 0.732 0.785 0.778
GPT-3.5-turbo-1106 0.783 0.764 0.787 0.775 0.805 0.795

nations, and in most cases, they provide structured examples
for the students to imitate.

2) Comparison among Scaffolding Tutors: Figure 3 illus-
trates capability scores in 7 dimensions of various scaffolding
strategies (normalized by the max value of each dimension).
Those equipped with pedagogical instructions outperformed
the ones without pedagogical instruction in each dimension
except for Modeling. This can be attributed to the difference
of Modeling contents. The system lacking pedagogical instruc-
tions predominantly offers direct answers to students who are
unable to answer questions themselves. In contrast, other ones,
particularly when interacting with students of lower language
proficiency, initiate with hints and explanations, aiming to
encourage and assist the students.

Hints are one of the most supportive dimensions in fa-
cilitating students with language learning [60]. During the
scaffolding process, hints work as moderators between stu-
dents and knowledge. They effectively help learners access
contextual information and important shortcuts, ultimately
assisting students in language development [61]. In this study,
the occurrence of hints is significantly more prevalent among
pedagogical-based tutoring systems, particularly in interac-
tions with low-ability students due to their limited vocabulary
and lower language proficiency. This suggests that they are
capable of dynamically adapting their scaffolding approach
to meet the diverse needs of learners, prioritizing language
support where it is most needed.

Language learning occurs through imitation, reinforcement
of contextual or verbal stimuli, practice of correct responses,
and immediate correction of incorrect responses by the teacher
[62]. Additionally, several strategies have been identified for
introducing or explaining new topics, concepts, or terms to
students, including explaining, reformulating, clarifying, and
exemplifying [63]. These approaches effectively build connec-
tions between new information and students’ prior knowledge.
In this study, we observed that tutors with pedagogical instruc-
tions are capable of explaining, describing, elaborating, and
comparing new knowledge by leveraging students’ familiar
concepts. They could also provide grammatical structures,
contextual forms, or examples for correction, thus enabling
students to construct descriptions accurately. Conversely, the
tutor without pedagogical instructions often provides direct
answers with less personalized scaffolding and fewer interac-
tive learning opportunities, leading to a more passive and less
engaging learning experience for students.

V. TOWARDS AUTOMATED SCAFFOLDING EVALUATION
A. Leveraging LLMs for Automated Evaluation

Since the student scaffolding can be significantly affected by
the pedagogical tutor, in practical use cases, transforming from
manual to automated utterance scoring represents a significant
advancement in scalable, accurate, and efficient evaluation. In
this section, we investigate the potential of employing LLMs
for automated scoring. Recent work shows that LLMs can
achieve a high correlation with human judgments on various
tasks [64]. Based on previous work, we designed a natural
language instruction for the scoring task according to our
rubric. The prompt is created by concatenating the scoring
criteria, and utterance context, and then fed to a model for
prediction. The output is the labeled types for each dimension
based on the defined schema.

B. Experimental Results and Analysis

To demonstrate the feasibility and efficacy of automated
evaluation and compare the performance of LLMs, we use
our manual annotation as a reference, and results are presented
in terms of correlation with human judgments, using accuracy
and F1 scores. Here we selected and tested a list of representa-
tive models. As shown in Table III, while most models cannot
provide reasonable results under zero-shot inference setting,
the performance can be significantly improved by adding only
3 examples (i.e., 3-shot inference). In particular, for LLaMA-
based models (i.e., LLaMA-2 and Vicuna), a larger parameter
size (13B vs. 7B) brings higher accuracy. The 7B models can
achieve state-of-the-art performance (e.g., Mistral-7B, Zephyr-
7B), and are comparable to GPT-3.5 in the few-shot setting.
This demonstrates the feasibility of utilizing open LLMs to
build automated and scalable scaffolding benchmarks.

VI. CONCLUSION

Our work contributes to an in-depth understanding of LLM-
based ITSs from the scaffolding perspective. First, we built a
tutoring system that guides children to describe images for
language learning, and enhanced it with pedagogical instruc-
tions. Second, we developed and validated a seven-dimension
rubric to assess scaffolding strategies for different student
groups. Our findings offer valuable insights into instructional
design, improving the learning experience through interactive
and supportive scaffolding strategies, which are aligned with
personalized learning needs. Third, we leveraged LLMs to
automate the scaffolding evaluation framework, paving the
way to benchmark various conversational tutoring systems.
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