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Figure 1: AmIWrite is an LLM-powered AI tutoring system that supports mathematical problem-solving through real-time 
handwriting interaction. In a matrix multiplication lesson, (a) the AI tutor asks, “What is the size of matrix AB?” (b) When the 
student writes an incorrect answer, the tutor provides synchronized verbal and handwritten feedback. (c) A cross mark appears 
at the error when the tutor says “mistake here.” (e) The relevant number is underlined when mentioning (d) the number of rows 
of AB. (f) An arrow links the underlined number to matrix A, (g) which is circled to illustrate the relationship. The student 
then corrects the answer. (h) If difficulties persist, the tutor provides a procedural demonstration of the current step. 

Abstract 
Real-time handwriting interactions between tutors and students 
—where tutors observe individual problem-solving processes, pro-
vide personalized annotations, and adapt explanations based on 
students’ work—are fundamental to effective STEM tutoring. How-
ever, scaling such personalized handwriting-based tutoring remains 
challenging—human tutors cannot be available to every student 
on demand, and current online platforms often fail to recreate 
equivalent learning experiences. As an initial step toward tackling 
this challenge, we present AmIWrite, an LLM-powered AI tutoring 
system for mathematical problem-solving that provides real-time 
co-speech handwriting interactions on tablet devices, instantiated 
here as a case study in linear algebra. We conducted a within-
subjects study (N = 40) comparing AmIWrite to a text-based AI 
tutor on two linear algebra topics. Our case study demonstrates 
how a multimodal AI tutor can preserve the pedagogical benefits of 
handwriting-based math tutoring and offer a potential path toward 
more scalable one-on-one STEM tutoring. 

CCS Concepts 
• Human-centered computing → Natural language interfaces; 
Collaborative interaction. 
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1 Introduction 
When helping a student through problem-solving on a canvas, 
the tutor may naturally annotate in real time—writing key terms, 
marking errors or hints, and drawing connections between concepts 
to complement verbal explanation. This interactive and real-time 
handwriting-based tutoring supports the understanding of abstract 
STEM concepts. In particular, the shared canvas keeps intermediate 
steps visible and offloads working memory [62, 131]. Immediate 
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feedback with visual annotations guides attention effectively and 
makes key points salient, which supports faster error correction 
and smoother conceptual understanding [32, 65, 125]. 

The inherently interactive nature of handwriting-based tutoring 
makes it primarily a one-on-one practice and, like other pedagogies 
that require close tutor involvement, it faces substantial scalability 
constraints. Traditional in-person education restricts opportuni-
ties for individualized learning with high student-tutor ratios and 
limited infrastructure [28, 59]. The scarcity is visible in university 
contexts, where long lines form during brief office hours, and even 
motivated students struggle to obtain timely, one-on-one help. It is 
simply impossible to provide every student with an individual hu-
man tutor for handwriting-based tutoring on demand. Even when 
tutors are available, handwriting-based teaching demands inten-
sive workloads: tutors must carefully examine each student’s work, 
interpret their problem-solving approaches, and provide individual-
ized written feedback, a process inherently more time-consuming 
than standardized methods [81]. These constraints, both the im-

possibility of universal access and the time-intensive nature of 
handwriting instruction, inevitably limit who can benefit from this 
proven pedagogical approach. 

Online education has alleviated some general scalability chal-
lenges—expanding access across time and place, enabling large 
cohorts, and automating parts of assessment—but preserving the 
pedagogical benefits of handwriting remains difficult. Recent online 
learning platforms have attempted to incorporate some handwriting 
features to preserve this crucial pedagogical approach. Synchro-
nous platforms such as Zoom and Microsoft Teams have intro-
duced shared digital whiteboards that enable tutors to handwrite 
in real time [78, 105, 134]. Meanwhile, AI-powered systems such as 
Photomath and MathGPT now accept handwritten input through 
cameras or screenshots for problem recognition [38, 99]. However, 
these approaches face critical limitations: digital whiteboards still 
require human tutors for real-time handwritten explanations, de-
feating the purpose of scalability. Automated systems often utilize 
AI to recognize handwritten input and present typed solutions in an 
isolated text panel, rather than integrating feedback directly onto 
the student’s working canvas where the handwriting occurred. No 
current platform can replicate the real-time, adaptive handwriting 
interactions of one-on-one tutoring without requiring a human 
tutor to manually write, annotate, and provide verbal explanations 
based on student responses [64]. Thus, the challenge of provid-
ing scalable, personalized handwriting instruction that adapts to 
individual student needs remains unresolved in online education 
[106]. 

With the rise of Large Language Models (LLMs), researchers 
and industry are exploring how they can strengthen online learn-
ing. LLMs can maintain context over long exchanges and tailor 
explanations to each learner [58, 120]. Retrieval-augmented gen-
eration lets them consult course materials and cite sources, which 
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reduces hallucinations, and long-context methods allow responses 
that account for a student’s learning history [68, 71, 88]. Role-
playing extends these benefits by letting models act as classmates, 
peer companions, or tutors to support experiential practice and 
motivation [49, 72, 122]. Multimodal capabilities let models read 
sketches, formulas, and speech together, while returning timely 
feedback [2, 66, 92, 111]. In STEM subjects, recent models show 
strong problem-solving performance, including on challenging 
math benchmarks [14, 123]. Together, these advances point to scal-
able, personalized tutoring with immediate in-canvas feedback. 

As a starting point for exploring handwriting-based AI tutoring, 
we focus on mathematical problem-solving, which is a critical com-

ponent of STEM education that naturally lends itself to handwriting-
based explanations and feedback. The core handwriting tutoring 
interactions we target in this domain, such as annotations and 
symbolic writing, are also foundational to many other STEM sub-
jects. Meanwhile, learners across STEM disciplines engage in a 
wide variety of domain-specific handwriting practices: layering 
free-body diagrams with vector annotations in physics, construct-
ing multi-step reaction mechanisms with spatially arranged arrows 
in chemistry, sketching parametric curves and limit behaviors in 
calculus, or combining circuit schematics with symbolic reason-
ing in electrical engineering. The breadth and complexity of these 
heterogeneous practices make it infeasible to exhaustively cover 
all handwriting-based tutoring scenarios within a single system or 
study. We leave such domain-specific extensions to future work, 
with the present study serving as a foundation for exploring how 
AI tutors can support handwriting-rich learning across STEM. 

We present AmIWrite, an LLM-powered AI tutoring system that 
simulates authentic one-on-one handwriting-based tutoring experi-
ences on tablet devices. Students can naturally write equations and 
diagrams while solving problems, ask questions when encountering 
difficulties, and receive immediate personalized guidance. The AI 
tutor provides verbal explanations while simultaneously writing 
and annotating directly on students’ work, with handwritten con-
tent temporally aligned with the spoken words—mirroring how a 
human tutor would naturally explain a problem. 

To test the usability and effectiveness of our system, we con-
ducted a user study that simulates a math lecture in linear algebra, 
using two linear algebra topics as a case study. The study follows 
three stages based on the Gradual Release of Responsibility model 
[33, 97]: first, the AI tutor demonstrates problem-solving through 
handwritten examples; then, the tutor and student collaboratively 
work through similar problems with scaffolded support; finally, the 
student independently solves problems while the tutor examines 
and writes feedback on the student’s solution. In the comparative 
baseline group, participants went through the same three stages 
with a ChatGPT-style text-based interface. 

We propose the following contributions: 

• A design space that characterizes handwriting interactions 
between an AI tutor and a student during one-on-one math-

ematical problem-solving sessions. 
• AmIWrite, an LLM-powered tutor that supports real-time 
co-speech handwriting for one-on-one math tutoring on 
tablets, as a step toward scalable handwriting-based tutoring 
in STEM. 

• A within-subjects comparative user study in linear algebra 
that evaluates the usability, learning experience, and effec-
tiveness of AmIWrite. 

2 Related Work 

2.1 Handwriting in STEM Education 
Handwriting has been fundamental to STEM education for cen-
turies, serving as an essential tool for expressing mathematical 
reasoning, scientific notation, and engineering designs [12, 76]. In 
classrooms, tutors work through complex derivations on black-
boards while students transcribe and annotate, facilitating active 
learning through this parallel writing process [83, 100]. Beyond 
lectures, handwriting enables collaborative problem-solving dur-
ing office hours and peer discussions, where shared written work 
provides immediate visual feedback [35]. STEM courses tradition-
ally require handwritten homework submissions, allowing tutors 
to see students’ problem-solving processes, including crossed-out 
attempts and marginal notes [61]. Tutors then provide handwrit-
ten feedback on these assignments, marking errors and suggesting 
alternative approaches [80]. 

Research demonstrates that handwriting plays a crucial cog-
nitive role in learning through its unique neurological and ped-
agogical benefits. Brain imaging studies reveal that handwriting 
potentially activates widespread neural connectivity patterns essen-
tial for memory formation and learning [117]. In STEM contexts, 
handwriting is particularly valuable as it forms the foundation 
of mathematical instruction through "chalk talk"—the universal 
practice of writing mathematical narratives while explaining con-
cepts—which has emerged as a central pedagogical genre across 
cultures [4]. Studies of pen-and-tablet use report reduced cogni-
tive load, clearer understanding, and richer tutor-student interac-
tion [65], and pen-based interfaces preferentially support ideation 
and problem-solving relative to keyboard input [94]. Handwriting 
proves especially advantageous for graphical problems and visual 
representations in mathematics courses [109]. The persistence of 
handwritten work in STEM education thus reflects empirical evi-
dence of its cognitive advantages for developing spatial reasoning, 
mathematical fluency, and the ability to communicate complex 
technical ideas through integrated text and visual representations 
[30, 70]. 

2.1.1 Handwriting in One-on-One Tutoring. One-on-one tutoring 
is widely recognized as one of the most effective instructional meth-

ods [9, 90, 118]. Beyond personalized pacing and content, much 
of this effectiveness derives from the dialogic nature of tutoring 
interactions: students actively construct knowledge by articulating 
their reasoning, asking questions, and responding to tutor prompts, 
while tutors diagnose understanding and adapt instruction through 
contingent, moment-by-moment responses [15, 16, 41]. This dy-
namic, co-constructed exchange enables learning opportunities 
that are difficult to replicate in traditional classroom settings. In a 
one-on-one tutoring session, handwriting frequently occurs within 
the conversational interactions between tutor and student. Beyond 
basic step-by-step writing for problem-solving, co-speech annota-
tions are often used to reference content, resolve ambiguity in the 
dialogue, or direct each other’s attention. Selective writing is also 
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employed by the tutor to emphasize key concepts or provide hints 
that guide the student toward the solution [112]. The effectiveness 
of such co-speech handwriting aligns with multimedia learning 
principles, which suggest that combining verbal explanations with 
visual representations enables learners to build richer mental mod-

els [75, 95]. The temporal and spatial integration of speech and 
writing grounds abstract content in concrete visual form, reducing 
ambiguity and focusing attention [3, 115]. 

Despite the numerous cognitive and pedagogical benefits of 
handwriting in STEM education, scaling such approaches to fully 
realize their potential remains a significant challenge. The primary 
limitation lies in the resource-intensive nature of handwritten in-
struction and feedback [124]. Even without considering cost, as-
signing a dedicated one-on-one tutor to every student is practically 
impossible. In classroom settings, the traditional model of tutors 
working through problems on blackboards becomes increasingly 
challenging to implement as class sizes grow and tutor-to-student 
ratios expand [64, 102]. Office hours, a more accessible alternative 
to one-on-one tutoring, are extremely limited regarding tutor avail-
ability and allocated time per student. Students often end up waiting 
in long lines and may ultimately leave without getting their ques-
tions answered. Providing handwritten feedback on homework 
assignments is particularly demanding, as tutors must carefully 
examine each student’s mathematical derivations, interpret their 
problem-solving approaches, and write individualized annotations 
and corrections. This process is inherently more time-consuming 
than standardized or automated feedback methods [10, 81]. These 
scalability constraints create inequities in STEM education, as stu-
dents in under-resourced settings or large classes may have lim-

ited access to the rich, interactive handwritten instruction that 
has proven so beneficial for developing mathematical fluency and 
problem-solving skills [27, 57, 77]. 

2.1.2 Handwriting in Online Education. Online education platforms 
provide students with flexible, accessible, and affordable learning op-
portunities that transcend geographical and scheduling constraints. 
Recent platforms have recognized handwriting as essential for 
STEM learning and made significant efforts to incorporate this 
modality, yet they struggle to replicate the dynamic handwriting 
interactions that characterize one-on-one tutoring. 

Massive Open Online Courses (MOOCs) frequently rely on pre-
recorded video lectures where tutors’ handwritten work is static 
and non-adaptive, preventing students from receiving personal-
ized visual feedback on their own problem-solving approaches [7]. 
Learning Management Systems like Canvas and Blackboard support 
document uploads of handwritten work but lack real-time hand-
writing interaction capabilities, forcing students to photograph and 
submit completed work for delayed, asynchronous feedback [13]. 

Synchronous platforms have made the most progress in incorpo-
rating handwriting through digital whiteboards. Zoom, Microsoft 
Teams, and similar platforms enable tutors to write equations and 
annotate solutions in real-time during live sessions [78, 134]. How-
ever, these systems face fundamental scalability constraints: tutors 
cannot simultaneously observe and respond to multiple students’ 
handwritten work, limiting effective interaction to small groups of 
5—10 students for handwriting-intensive subjects like mathematics 
[107]. When scaled to larger classes, these platforms devolve into 

one-directional demonstrations where the tutor writes but cannot 
engage with individual students’ written solutions. 

Recent AI-powered platforms have approached handwriting 
from the input recognition perspective. Photomath, MathGPT, and 
Microsoft’s Math Assistant can recognize and interpret handwrit-
ten technical notation through camera capture or stylus input 
[38, 79, 99]. Khan Academy partnered with MyScript to enable 
handwritten equation input in their mobile applications [31]. How-
ever, these systems only process handwritten input to generate 
typed, pre-rendered, or animated responses—they cannot produce 
adaptive handwritten explanations that adjust to student needs 
in real-time [25]. This asymmetry creates an unnatural learning 
interaction where students write but receive only text-based feed-
back, losing the visual scaffolding that handwritten annotations 
and step-by-step solutions provide. 

The absence of bidirectional, real-time handwriting in online 
education particularly impacts STEM education, where complex 
problem-solving requires iterative visual communication. When 
students work through multi-step derivations or technical problems, 
they may need tutors who can annotate their work directly, high-
light key steps, and demonstrate alternative solution approaches 
through handwriting [29, 69]. Current platforms’ inability to pro-
vide this real-time, adaptive handwritten feedback forces online 
STEM education to rely on less effective modalities, limiting stu-
dents’ development of procedural knowledge and problem-solving 
skills essential for advanced STEM subjects [35, 43]. This gap be-
tween the handwriting interactions proven effective in traditional 
tutoring and the capabilities of current online platforms represents 
a critical barrier to scaling quality STEM education. 

2.2 Large Language Models in Education 
Large Language Models (LLMs) have developed several capabilities 
critical to educational applications. First, they exhibit advanced 
natural language generation and pedagogical reasoning, which, 
combined with retrieval-augmented generation (RAG) [68], en-
able responses grounded in authoritative curricular content while 
mitigating hallucinations [71]. Second, LLMs demonstrate strong 
problem-solving abilities in STEM domains—state-of-the-art reason-
ing models have achieved gold-medal-level performance on Inter-
national Mathematical Olympiad problems, requiring both creative 
insight and rigorous logical reasoning [14, 50]. Third, multimodal 
LLMs such as GPT-4V and Gemini can interpret sketches, handwrit-
ing, visual diagrams, and mathematical formulas [37, 92], ranking 
among the strongest performers on handwriting recognition and 
math-evaluation benchmarks for error detection, correction, and 
localization [36, 86, 89, 126]. These capabilities collectively suggest 
that LLMs can treat students’ handwritten work as a primary object 
for analysis and feedback. 

Building on these capabilities, recent educational systems lever-
age LLMs to provide personalized tutoring at scale. Kabudi et al. [58] 
and Nguyen et al. [88] demonstrate that LLMs can dynamically 
construct personalized learning paths and generate explanations 
that explicitly respond to a student’s prior performance and in-
teraction history. Meanwhile, prior work shows that LLMs can 
adopt a variety of human-like roles [49], such as peer [122] or class-
mate [72] personas, producing conversational behavior that more 
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closely resembles human interaction and enhancing engagement 
in simulated classroom settings. For STEM instruction, systems 
like MathDial [73], ChemTAsk [98], and Abedi et al. [1] leverage 
LLMs’ reasoning abilities to guide students through complex multi-

step procedures while providing detailed solution explanations, 
thereby enhancing both conceptual understanding and procedural 
fluency. Sketch- and handwriting-based systems have also emerged: 
TaleBrush [18] lets authors sketch a protagonist’s “fortune curve” 
over narrative time and uses that sketch to interactively steer GPT-
generated stories. In STEM education, Augmented Math [17] and 
Augmented Physics [45] transform static textbook pages into ex-
plorable explanations by extracting formulas and diagrams from 
the page and overlaying interactive visualizations directly on top of 
the original content, which students manipulate through sketch in-
teractions. Interactive Sketchpad [66] uses vision–language models 
to provide real-time feedback on student drawings for diagram-

based mathematics problems. However, in these systems, sketches 
function mainly as high-level controllers for triggering visualiza-
tions or content generation and do not adapt their responses based 
on students’ prior performance to provide personalized feedback. 
Moreover, feedback appears in separate textual dialogue and visu-
alization panels rather than as in-situ corrections on the student’s 
handwriting, which pulls attention away from the act of writing 
and reduces handwriting to a one-way input channel rather than a 
shared medium for ongoing interaction. Critically, none of these 
systems explores temporally synchronized instruction that tightly 
couples verbal explanations with visual annotations on students’ 
handwriting—a hallmark of effective human tutoring which, as 
discussed in §2.1.1, significantly contributes to the pedagogical 
benefits of one-on-one instruction. 

Motivated by these capabilities and the identified gap in tem-

porally synchronized handwriting-based instruction, we propose 
AmIWrite, an LLM-powered tutoring system that recreates an au-
thentic one-on-one tutoring experience. AmIWrite (1) transforms 
course materials into structured presentations delivered through 
an interactive tutor persona, (2) maintains contextual dialogue to 
generate feedback tailored to students’ questions and handwritten 
work, and (3) provides immediate in-situ handwritten annotations 
synchronized with verbal explanations. 

3 Interaction Design 

3.1 Learning Mathematical Problem-Solving: 
Linear Algebra as a Case Study 

Mathematics underpins a wide range of STEM subjects. In physics, 
students routinely solve problems involving systems of equations to 
analyze forces or circuits; in engineering, they manipulate symbolic 
expressions to model stress, flow, or control systems; in chemistry, 
they perform quantitative reasoning for reaction rates, equilibria, 
and stoichiometry. Across these domains, mathematical problem-

solving is not only central to conceptual understanding, but also 
the primary medium through which learners externalize and refine 
their reasoning. In everyday practice, this work is predominantly 
done through handwriting: students write multi-step derivations 
and equations line by line, while tutors mark up students’ written 
work with corrections, hints, and scaffolded steps directly on the 
page. These ubiquitous handwriting practices provide a common 

substrate for exploring interaction patterns—such as tracking in-
termediate steps, annotating in context, and spatially organizing 
work—that can serve as a foundation for future handwriting-based 
tutoring systems in other STEM areas. 

From a technical standpoint, current large language models have 
shown promising capabilities in mathematical problem-solving, es-
pecially for symbolic manipulation and step-by-step reasoning with 
equations. At the same time, they still face limitations in handling 
highly complex, unstructured diagrams and rich visual artifacts that 
are used in some STEM domains (e.g., intricate circuit schematics, 
multi-layered mechanical assemblies, or densely annotated reac-
tion pathways). Focusing on mathematics allows us to leverage the 
strengths of LLMs in symbolic reasoning while avoiding, for now, 
the full complexity of arbitrary visual diagrams. Together with the 
prevalence of handwritten math work in STEM education, these 
factors make mathematical problem-solving a natural starting point 
for exploring scalable handwriting-based tutoring. 

Within mathematics, we choose linear algebra as our initial case 
study domain. Linear algebra is a foundational subject across STEM 
fields, supporting areas such as computer graphics, signal process-
ing, data science, and, critically, modern AI and machine learning. 
Moreover, linear algebra problems exhibit rich spatial structure 
compared to many one-dimensional equation-solving tasks: matri-

ces are inherently two-dimensional objects, where the position of 
each element carries meaning. This spatial richness allows us to 
better exploit the image and spatial referencing capabilities of con-
temporary multimodal LLMs—for example, by pointing to specific 
matrix entries, highlighting sub-blocks, or annotating particular 
rows and columns. By designing and evaluating AmIWrite’s hand-
writing interactions in this linear algebra context, we focus on a 
mathematically central and spatially expressive domain that both 
showcases the strengths of current LLMs and provides insights that 
can extend to other handwriting-intensive STEM topics. 

3.2 Co-Speech Handwriting 
In human tutoring, tutors naturally combine verbal explanations 
with handwritten visual elements to enhance comprehension [4]. 
Drawing from this pedagogical practice, we designed co-speech 
handwriting interactions where the AI tutor simultaneously speaks 
and writes, leveraging both auditory and visual channels to sup-
port learning. We identified two primary categories of handwriting 
behaviors: text writing and annotation. 

3.2.1 Text Writing. Text writing encompasses the generation of 
new textual content alongside verbal explanations. We identified 
three distinct text writing interactions: 

Declarative Writing produces important statements or ques-
tions that serve as anchoring points for the lesson. These written 
elements capture core concepts, learning objectives, or thought-
provoking questions (Figure 1a). For example, when introducing 
matrix rank, the tutor might write “The rank is the number of 
linearly independent rows” while explaining the concept verbally, 
providing students with a persistent visual reference for this funda-
mental definition. 

Procedural Writing demonstrates problem-solving procedures 
(Figure 1h). As the AI tutor explains each step verbally, it writes 
corresponding mathematical expressions, logical operations, or 
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procedural instructions. This interaction helps students follow com-

plex reasoning processes by providing a visual trace of the solution 
pathway that complements the verbal walkthrough. 

Selective Writing selectively inscribes critical keywords, oper-
ations, or equations mentioned in the verbal content (Figure 1d). 
Rather than transcribing entire explanations, this interaction high-
lights essential concepts through strategic writing. For instance, 
while explaining how to find matrix rank verbally, the tutor might 
write key terms like “row echelon form,” “pivot,” or “linear indepen-
dence” to emphasize crucial concepts in the rank-finding process. 

3.2.2 Annotation. Annotation interactions modify or emphasize 
existing content through graphical marks to direct attention and 
clarify relationships. We identified four annotation types: 

Underline highlights single lines or individual elements to draw 
attention to specific components (Figure 1e). This interaction is 
particularly useful for emphasizing critical values in equations, key 
phrases in problem statements, or important results that students 
should remember. 

Circle encompasses regions containing multiple related ele-
ments, creating visual groupings that help students recognize con-
ceptual units (Figure 1g). Circles can delineate problem compo-

nents, group related terms, or isolate areas requiring special atten-
tion, helping students parse complex information into manageable 
chunks. 

Arrow establishes explicit connections between elements, il-
lustrating relationships that might not be immediately apparent 
(Figure 1f). Arrows indicate causal relationships, show transforma-

tions between steps, or connect related concepts across different 
parts of the workspace, making implicit connections visible. 

Check/Cross Mark provides visual feedback on correctness 
(Figure 1c). Check marks validate correct solutions or reasoning 
steps, while cross marks identify errors. This creates a clear vi-
sual language for assessment that students can quickly interpret 
alongside verbal feedback. 

These handwriting interactions can be combined within a sin-
gle explanation, allowing the AI tutor to create rich multimodal 
presentations. For example, the tutor might write a mathematical 
equation (text writing), circle a key term within it (annotation), and 
then draw an arrow to connect it to a previously written concept 
(annotation), all while providing verbal explanations. This flexibil-
ity enables the tutor to adapt its visual communication to match 
the pedagogical needs of different learning scenarios. 

Temporal alignment and persistence. The temporal alignment be-
tween handwriting and speech is critical for effective co-speech 
interaction. When the tutor mentions “pivot elements” verbally, 
the corresponding underlining or circling should appear simultane-

ously or immediately after, creating a cohesive multimodal message. 
This synchronization reduces cognitive load by allowing students 
to process related information through both channels concurrently. 

3.3 Handwriting Scenarios 
Beyond the types of handwriting interactions, we identified three 
distinct pedagogical scenarios that shape how these interactions are 
deployed: lecture, guidance, and practice. This progression follows 
the Gradual Release of Responsibility model [33], transitioning 

from tutor modeling (“I do”), to guided instruction (“We do”), to 
independent practice (“You do”). Each scenario employs different 
patterns of handwriting interactions to support its specific learning 
objectives. 

3.3.1 Lecture. In the lecture scenario, the AI tutor takes a demon-

strative role, presenting concepts and working through sample 
problems. The tutor employs extensive text writing to build up 
complete explanations, such as writing out the full definition of 
matrix rank and then demonstrating the row reduction process on 
a sample matrix. Declarative writing establishes foundational con-
cepts, while procedural writing creates a comprehensive solution 
trace that students can review. When students ask questions during 
lecture, the tutor leverages the existing written content as a visual 
scaffold, adding annotations to clarify specific points. For instance, 
if a student asks why certain rows don’t contribute to the rank, the 
tutor might circle the linearly dependent rows and draw arrows 
showing their relationship to other rows, while verbally explaining 
the concept of linear dependence. 

3.3.2 Guidance. The guidance scenario positions the tutor as a 
collaborative problem-solving partner. Here, the tutor presents a 
problem and guides the student through solving it step-by-step. 
Initially, the tutor might use minimal writing—perhaps just the 
problem statement—allowing the student to attempt the first steps 
independently. When the student encounters difficulties, the tu-
tor progressively increases support through strategic handwriting. 
Selective writing might highlight important concepts the student 
should consider, such as writing “pivot” when the student strug-
gles to identify which elements determine the rank. If the student 
remains stuck, the tutor provides more explicit hints through anno-
tations, such as circling the row that should be reduced next. Should 
the student continue to struggle, the tutor completes the solution 
using procedural writing, transforming the interaction temporarily 
into a mini-lecture that demonstrates the correct approach while 
maintaining the problem-solving context. 

3.3.3 Practice. In the practice scenario, the student works inde-
pendently before receiving feedback. The tutor initially remains 
passive, allowing the student to complete their solution without 
intervention. Once the student finishes, the tutor’s handwriting 
serves an evaluative function. Check marks validate correct steps, 
such as proper execution of row operations or accurate identifi-
cation of pivot positions. Cross marks identify errors, with the 
tutor then using a combination of annotations and text writing to 
provide corrections. For instance, if a student miscalculates ma-

trix multiplication, the tutor might cross out the incorrect entry, 
write the correct value, and use arrows to show which row and 
column elements should have been multiplied. This scenario em-

phasizes the use of annotations for assessment, while text writing 
supplies corrective explanations that help students understand their 
mistakes. 

          These scenarios are not rigidly bounded; a single tutoring session

can fluidly transition between them based on student needs. For 
example, a session might begin with a lecture to introduce matrix 
rank, shift to guidance as the student attempts their first rank 
calculation, and conclude with practice on additional problems. 
The handwriting interactions adapt accordingly, with the tutor 
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modulating the type and extent of visual support to match the 
pedagogical goals of each scenario. 

4 System Overview 

4.1 System Walkthrough 
The overall system workflow is illustrated in Figure 2 (a—k), demon-

strating how students engage with STEM problems through multi-

modal interaction on a digital canvas and receive intelligent tutoring 
feedback via synchronized audio-visual guidance. This workflow 
is exemplified through a matrix multiplication problem-solving 
scenario. 

The interaction begins when the student writes mathematical 
equations on the digital canvas using a stylus and subsequently 
provides voice input stating, "I think I finished writing the answer". 
The system immediately processes this multi-modal input by con-
verting speech to text (Figure 2a) and capturing screenshots of each 
page of the canvas (Figure 2b). To provide contextual awareness, the 
system applies dynamic color-coding to distinguish newly written 
content in blue from previous attempts (Figure 2c) and overlays a 
grid coordinate system for precise spatial referencing (Figure 2d). 

During initialization, the AmIWrite framework integrates course 
materials on matrix operations (Figure 2e) and generates pedagogi-
cally informed system prompts that incorporate both curriculum 
content and instructional requirements (Figure 2f). 

The core reasoning engine analyzes students’ handwritten work 
and spoken questions based on their historical work and interaction 
patterns (Figure 2g), generating textual feedback with handwriting 
function tags embedded with spatial information, such as “Seems 
we have a [cross; H9] mistake here. The [line; H6, H6] [write; Num-

ber of Rows, I2] number of rows of AB is equal to [arrow; H6, D5] 
the number of rows of [circle; B4, D5] matrix A.” (Figure 2h). The 
system processes these handwriting function tags within the square 
brackets to generate corresponding visual animations (Figure 2i) 
while simultaneously converting the associated textual feedback to 
speech with temporal prediction for each word (Figure 2j). Finally, 
the system provides synchronized multimodal feedback, coordi-
nating audio explanations with visual annotations triggered by 
handwriting function tags, and highlighting relevant mathemati-

cal expressions on the canvas to achieve seamless integration of 
auditory and spatial visual guidance (Figure 2k). 

In summary, AmIWrite analyzes user handwriting and speech 
input on the digital canvas, providing history-aware, real-time 
educational assessment and feedback through temporally-aligned 
audio explanations synchronized with canvas annotations, enabling 
seamless integration of auditory instruction with visual learning 
materials. 

4.2 Student Input and Preprocessing 
AmIWrite enables student interaction through handwritten input 
and voice control, replicating authentic classroom dynamics to 
provide an immersive learning experience. 

4.2.1 Voice-Activated System Control. To maintain a smooth user 
experience and cognitive fluency during learning, the system inte-
grates voice control functionality, enabling users to interact at any 

point to simulate natural classroom interactions. The speech recog-
nition system employs an integrated automatic detection mecha-

nism with a Voice Activity Detection (VAD) component (Figure 
2a). Specifically, recording begins when the user’s voice contin-
uously exceeds the starting threshold for 0.2 seconds and stops 
when it remains below the ending threshold for 1.5 consecutive 
seconds. The threshold calculation is based on the probability of 
human speech detected by the VAD system in each frame, with pre-
defined starting and ending thresholds. Subsequently, the system 
converts audio to text using OpenAI’s GPT-4o-Transcribe model 
[91], and the transcribed text is sent to the reasoning model for 
further processing. 

4.2.2 Handwritten Expression and Intent Recognition. Students can 
engage with the system through handwritten input at any point 
during the learning process. When a user completes their hand-
writing and gives a voice inquiry, the system initiates a three-step 
canvas processing workflow. First, the system captures screenshots 
of each page and renames them as "page_{i}.jpg", where i represents 
the current page number (Figure 2b). Second, the system identifies 
any new handwriting added by the student since the last system 
response, converting these additions to blue color to help the reason-
ing system better locate the student’s most recent content (Figure 
2c). Finally, the system overlays each screenshot with a purple grid 
containing 21 rows (labeled A-U) and 13 columns (numbered 1-13) 
around the periphery (Figure 2d). This grid serves as a positional 
reference system, enabling the system to provide precise visual 
feedback and location-specific guidance in subsequent interactions. 

4.3 System-Prompt Framework 
4.3.1 Automated Lesson Plan Generation. AmIWrite supports multi-

domain PDF teaching materials as input (Figure 2e). Upon receiving 
these materials, the system automatically extracts the curriculum 
framework using natural language processing and content analysis 
techniques. Then it generates the three types of structured learning 
content described in Section 3.3, including quiz exercises and the 
corresponding solutions. This automated processing results in a 
comprehensive Lesson Plan. 

The lesson plan incorporates the six handwriting function tags 
which are described in Section 4.3.2. During instruction, the system 
strictly follows this lesson plan and triggers the corresponding 
visual handwriting animations when key points are spoken in the 
speech. Furthermore, the system supports [break] tags that pause 
instruction to confirm student understanding. 

The system provides tutors with a preview function to exam-

ine the generated learning progression and offers intuitive course 
refinement tools for curriculum customization. This approach sig-
nificantly reduces manual curriculum development overhead while 
maintaining pedagogical quality and ensuring alignment with learn-
ing objectives. 

4.3.2 Adaptive System-Prompt Engineering. AmIWrite adopts Gem-

ini 2.5 Pro [37] as the reasoning model (Figure 2g). 
To control the behavior of the reasoning system, we designed a 

comprehensive System Prompt (Figure 2f) that guides the reason-
ing logic and teaching behavior, ensuring instruction follows the 
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Figure 2: AmIWrite system overview: The system architecture comprises three core processing modules: (Red segment on the 
left) Input Processing Module: (a) speech-to-text transcription, (b) screenshots of all canvas pages, (c) color-coding of the latest 
student’s handwriting content, and (d) grid coordinate system overlay; (Green segment in the middle) Knowledge Integration 
Module: (e) pre-prepared course material and (f) adaptive system-prompt generation; (Purple segment on the right) Intelligent 
Feedback Module: (g) Gemini 2.5 Pro reasoning engine, (h) textual feedback generation with embedded handwriting function 
tags, (i) handwriting function tag filter and handwriting animation generation, (j) text-to-speech synthesis with word-level 
timestamps, and (k) synchronized multi-modal output (writing + speech) to the student’s canvas. 

lesson plan described in Section 4.3.1. This framework comprises 
several key components: 

Spatial Reference Prompting: The reasoning system should 
refer to specific grid coordinates in its responses, following the 
format [PageRowColumn]. For example, the second page, row C, 
column 8 is represented as P2C8. 

Handwriting Function Prompting: We define six types of 
handwriting functions and encourage the system to utilize them 
to clarify speech content when discussing key concepts. The rea-
soning system returns text strings containing these tags to trigger 
visual handwriting animations when key locations are reached. For 
example, when the reasoning system returns "Seems we have a 
[cross; P1H9] mistake here," AmIWrite draws a cross at Page 1, Row 
H, Column 9 when the tutorial speech reaches the word "mistake". 
We defined the following handwriting functions: 

• write: Displays contextual text at specified locations sup-
porting three pedagogical functions (declarative, procedural, 
selective). Tag format: [write; text, start_coord] 

• line: Generates underlines for single-element or single-row 
highlighting. Tag format: [line; start_coord, end_coord] 

• circle: Circle around a regional content (ex., a whole matrix). 
Tag format: [circle; top_left_coord, bottom_right_coord] 

• arrow: Draw directional arrows to illustrate causal relation-
ships and knowledge transfer. Tag format: [arrow; start_coord, 
end_coord] 

• check: Place checkmarks indicating correct processes or 
results. Tag format: [check; coord] 

• cross: Place crosses marking incorrect processes or results. 
Tag format: [cross; coord] 

Tutor Behavior Prompting: The AmIWrite system strictly 
adheres to system prompt guidelines, enabling instructors to modify 
system prompt and lesson plan based on students’ learning progress 
and objectives to control the teaching process. In our user study, we 
prompt the behavior of the AI tutor based on the three instructional 
scenarios described in Section 3.3: 

Lecture: During this phase, the system delivers instruction to 
students following the lesson plan. The system provides lectures 
through synchronized visual annotations and speech explanations, 
and integrates declarative writing with other annotations to present 
definitions and formulas. Instruction pauses automatically based 
on [break] tags in the lesson plan to verify student comprehension. 
Students can interact through voice and handwriting to ask ques-
tions—for example, circling formulas or numbers on the canvas to 
request detailed explanations. 
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Guidance: In this phase, the system presents a problem and guides 
students through step-by-step solutions. The system decomposes 
the problem-solving process into discrete steps according to the 
lesson plan, focusing on one step at a time. For each step, the tutor 
suggests the operation needed for the current step using declarative 
writing, awaits student responses, and provides feedback based on 
their performance. When the student reports difficulty or makes 
a mistake, the system offers high-level conceptual hints instead 
of providing direct answers, encouraging independent problem-

solving. The tutor is prompted to provide effective hints by utilizing 
the handwriting functions. For example, the error mark is used to 
annotate the location of the mistake. Selective writing is used to 
emphasize important terms and operations; underlines and circles 
are used to highlight the elements in the canvas that need attention; 
and arrows are used to suggest relations between the numbers or 
key terms. When students repeatedly struggle to solve problems 
despite all the hints (in AmIWrite, we defined three hint rounds 
per step), the tutor will then provide a detailed procedural solution 
and answer. After each step, the tutor confirms with the student 
whether the student wants to proceed to the next step or still needs 
further clarification on the current one. 

Practice: During this phase, the tutor is prompted to pose a prob-
lem from the learning material, which the student must solve inde-
pendently. Once the student reports completion, the tutor evaluates 
the student’s work, acknowledges the correct solution with a check 
mark, and annotates each mistake with a cross mark. The tutor then 
goes through each mistake using various handwriting functions 
to enhance understanding. The tutor will first explain the mistake, 
and then write the solution using procedural writing. After each 
explanation, the tutor checks with the student for follow-up ques-
tions. 

During the one-on-one session, the student can control instruc-
tional progression at any time, including skip, pause, and repeat 
functions, by simply saying what they need with the speech detec-
tion feature. 

Please refer to the supplemental materials for the complete sys-
tem prompt and lesson plan. 

4.4 System Feedback Pipeline 
4.4.1 Information Extraction from Raw Data. Based on the stu-
dent’s voice and handwriting input, the reasoning model (Figure 
2g) analyzes the student’s intent following system prompt instruc-
tions and returns generated results as a text string with handwriting 
function tags (Figure 2h). Upon receiving raw text output, AmI-

Write filters the string according to the annotation logic mentioned 
in Section 4.3.2, categorizing all information into visual annotations 
and speech scripts, as well as the position of each annotation in the 
speech for further processing. When encountering non-compliant 
outputs, the system attempts to correct them. For example, if a 
[write] annotation lacks clearly specified writing positions, the sys-
tem automatically places it in blank lines immediately following the 
existing content. If the annotation cannot be corrected, the system 
skips that annotation. 

4.4.2 Annotation Framework and Visual Animations. The system 
determines when, where, and which animation to render based on 
the filtered annotation information (Figure 2i). When the animation 

references content from other pages, it triggers seamless window 
transitions. During rendering, each annotation displays a distinct 
and smooth animation, accompanied by a virtual hand that simu-

lates the writing motion of a real tutor, effectively guiding students’ 
visual attention. The visual effects of each annotation type rendered 
in the UI are shown in Figure 3. 

4.4.3 Synchronized Speech Synthesis. AmIWrite utilizes OpenAI’s 
GPT-4o-Transcribe model [91] to convert filtered speech scripts into 
individual audio files. To synchronize speech and visual animations, 
we predict the temporal occurrence of each word in the speech and 
combine this with annotation localization information obtained 
from the information extraction process described in Section 4.4.1, 
enabling timely playback of annotation animations (Figure 2j). 

To predict the temporal occurrence of each word in the speech, 
we implement a lightweight audio alignment workflow that com-

bines duration heuristics with energy-based refinement methods. 
Specifically, we first estimate word-level temporal positions in the 
speech proportionally based on punctuation and contextual fac-
tors, followed by global scaling to match the total audio duration. 
The speech timing of each word is then aligned to local minima in 
the smoothed waveform energy distribution, providing more nat-
ural segmentation points. This hybrid approach, which combines 
text-driven assignment with signal-based correction, provides a 
computationally efficient solution while achieving sufficient ac-
curacy for real-time annotation and feedback. Finally, the system 
estimates when the speech reaches relevant annotation content and 
triggers the corresponding annotation animations, delivering syn-
chronized visual annotations and speech-integrated instructional 
materials to students (Figure 2k). This approach simulates authentic 
classroom environments while enabling seamless comprehension 
of contextual information within the canvas. 

4.5 System Setup 
The implementation of AmIWrite is a web-based system with an 
HTML-based front-end user interface and a JavaScript-based back-
end server. The back-end server was deployed on a PC (Intel Core 
i9-10900KF CPU, 3.7 GHz, 128 GB RAM, NVIDIA GeForce RTX 
3090), and the interface was tested on an iPad Pro (13-inch, 2nd 
generation) with Apple Pencil (2nd generation). 

5 User Study 
We conducted an IRB-approved within-subjects comparative study 
by exposing participants to two conditions: a) our AI tutor sys-
tem with full co-speech handwriting capabilities (Figure 4a), and b) 
a baseline ChatGPT-style conversational tutor that provides text-
based explanations without handwriting features (Figure 4b). Par-
ticipants learned two distinct matrix concepts—matrix rank and 
matrix multiplication—with each condition teaching one concept. 
These entry-level topics were selected given their accessibility to 
participants with minimal linear algebra background. Importantly, 
they involve non-overlapping procedural knowledge: while rank 
involves performing row operations to reduce a matrix to echelon 
form and counting pivot positions, multiplication involves comput-

ing dot products between rows and columns. Neither procedure 
serves as a prerequisite or sub-component of the other, minimizing 
skill transfer and carryover effects in our within-subjects design. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Ziyi Liu, Yuzhao Chen, Haoyu Ji, Runlin Duan, Zhengzhe Zhu, Xiyun Hu, Kylie Peppler, and Karthik Ramani 

a b c 

d e f g 

“The rank is the number of 
independent rows 

of a matrix” 

“Now let’s 
multiply 3 by 4, 

which equals 12.” 

“Let’s focus on the term 
‘size’ 

of a matrix.” 

“This is the first pivot of 
matrix A” 

“Let’s look at the first 
column of matrix A” 

“We need to 
subtract 2 times 

row 1 from row 3.” 

“You got the size of 
matrix A 

wrong/correct” 

Figure 3: Handwriting features of AmIWrite: a) declarative writing, b) procedural writing, c) selective writing, d) underline, e) 
circle, f) arrow, and g) check/cross mark. 

Both conditions guided participants through the same three peda-
gogical stages: lecture (concept introduction and demonstration), 
guidance (collaborative problem-solving with dynamic guidance), 
and practice (independent problem-solving with assessment and 
feedback). For the baseline condition, the tutor responded purely 
through text responses, similar to existing conversational chatbot 
interfaces. In typical interactions with ChatGPT-style agents, users 
would manually take a screenshot of their canvas and send it to 
the agent along with a question. Due to the time constraints of 
our user study, we automated this screenshot step in the baseline 
condition so that participants only needed to ask their questions 
verbally or in text. For our system condition, the tutor employed 
the full range of handwriting interactions (declarative, procedural, 
and selective writing with underline, circle, arrow, and correctness 
mark) synchronized with verbal explanations throughout all three 
stages. Figure 4 illustrates how the two systems respond when a 
student makes a subtle sign error in matrix multiplication. The stu-
dent is computing the (1, 1) entry of 𝐴 × 𝐵 and mistakenly writes 
2 × 1 + 1 × 0 + 0 × 5 = 2, dropping the negative sign on the −1 
in the first row of 𝐴. In AmIWrite (Figure 4a), the tutor directly 
annotated on the shared canvas along with the verbal response: it 
highlights the relevant row of matrix 𝐴 with a circle (Figure 4a-1), 
and then rewrites the corrected equation 2 × 1 + (−1) × 0 + 0 × 5 = 2 
beneath the original work (Figure 4a-2). Next, the tutor marked 
the student’s error (Figure 4a-3) and drew an arrow to indicate 
where the negative sign came from (Figure 4a-4). In the baseline 
ChatGPT-style condition (Figure 4b), the agent returns a paragraph 
of text explaining that the first row is [2, −1, 0] and that the sign 
should be negative. Unlike AmIWrite, this feedback is not spatially 

aligned with the canvas, requiring the student to mentally map the 
textual description back onto their handwritten steps. 

ba 

3 

2 

1 

4 

“There is one tiny detail to watch out for in your calculation. The first row of A 
is [2, -1, 0] . [1] So the dot product should be written as (2)(1) + (-1)(0) + (0)(5). [2] 
You wrote + 1x0 [3], but it should have that negative sign[4]. It didn't change the 

answer this time, but it's a good habit to keep the signs straight.” 

Figure 4: System interfaces for user study. a) AmIWrite, b) 
Baseline. 

5.1 Procedure 
5.1.1 Setup. Before the study, participants reviewed and signed 
an informed consent form and completed a demographics ques-
tionnaire. The main sessions were conducted in a quiet room; the 
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participants used a 13-inch iPad Pro and Apple Pencil for the learn-
ing experience. Before each condition, participants received a 2-
minute tutorial on the interface and were told they would progress 
through a lecture, guidance, and practice sequence. We used a 
within-subjects, fully counterbalanced crossover design. Each par-
ticipant completed two modules (matrix rank and matrix multipli-

cation), one with our system and one with the baseline. The four 
sequences were: (A) rank with our system then multiplication with 
the baseline; (B) rank with the baseline then multiplication with 
our system; (C) multiplication with our system then rank with the 
baseline; and (D) multiplication with the baseline then rank with 
our system. To reduce carryover effects, a 5-minute break with a 
simple word-puzzle distractor separated the two learning modules 
[44, 103]. 

5.1.2 Learning Content and Structure. Each learning module fol-
lowed an identical three-stage structure lasting approximately 25 
minutes: 

Lecture Stage (∼10 minutes): The tutor introduced the core 
concept through explanation and demonstration. For matrix rank, 
the lecture covered the definition of rank, linear independence, 
and the process of reducing rows to the echelon form. For matrix 
multiplication, the lecture included dimensional requirements, the 
size of the product, and the row-by-column multiplication rule. Both 
conditions delivered identical lecture content on the canvas. The 
key difference emerged when participants asked questions: in the 
handwriting condition, the tutor responded verbally while adding 
co-speech annotations and writing text to the canvas, whereas in 
the baseline condition, responses appeared as text messages in the 
textbox alongside the canvas content. 

Guidance Stage (∼10 minutes): Participants attempted a sam-

ple problem with graduated support from the tutor. When partici-
pants struggled, the tutor provided progressively specific hints and 
corrections, starting with conceptual reminders (“What makes a 
row linearly independent?”) and advancing to procedural guidance 
(“Try eliminating the first element of row 2”). In the handwriting 
condition, hints combined verbal explanations with handwritten 
support, where keywords were written on the canvas using se-
lective writing, and annotations (circles, arrows, underlines) were 
used to highlight relevant matrix elements or relationships. The 
baseline condition delivered equivalent hints as text messages in 
the chatbox rather than visual markings. After three unsuccessful 
attempts, the tutor demonstrated or completed the procedure. 

Practice Stage (∼7 minutes): Participants independently solved 
another problem at this stage. They could not request hints during 
problem-solving, but received detailed evaluation afterward. In the 
handwriting condition, the tutor marked correct steps with check 
marks, incorrect steps with crosses, and provided visual corrections 
showing the proper approach along with explanations. The baseline 
condition provided textual feedback listing correct and incorrect 
steps with explanations. 

The lecture scripts and problem sets are available in the supple-
mental materials. 

5.1.3 Evaluation Metrics. We collected both quantitative and quali-
tative measures to assess learning effectiveness and user experience 
across four categories: process measures, learning outcomes, sub-
jective measures, and qualitative data. 

Learning Outcomes: Each module included pre- and post-tests 
consisting of 10 questions. From these tests, we calculated learning 
gain to account for differences in prior knowledge. To control for 
order effects, the order of equivalent test forms was counterbalanced 
across participants and modules (e.g., Form A as pre-test and Form 
B as post-test, or vice versa). The pre- and post-test templates are 
available in the supplemental materials. 

Subjective Measures: After completing each module, partici-
pants answered a 7-point Likert-scale questionnaire assessing their 
subjective experience with the system’s key interaction features. 
Following established practice in HCI systems research [48, 84], 
items were designed to capture user perceptions of system-specific 
aspects not addressed by standardized usability scales, including 
comprehension of AI tutor instructions, ability to locate referenced 
content, awareness of errors, attention demands when switching 
between instruction and practice, and perceived naturalness of 
communication. 

We also administered the NASA Task Load Index (NASA-TLX) to 
assess cognitive load across six dimensions, providing insights into 
the mental demand of learning with each system [46]. Additionally, 
participants completed a System Usability Scale (SUS) survey for 
each condition to measure perceived usability and satisfaction [11]. 

Process Measures: We tracked help-seeking behavior by record-
ing the number and types of inquiries requested during the study, 
which provided insights into when and how students struggled 
with the learning material and sought to interact with the AI tutor. 

Qualitative Data: We conducted 10-minute semi-structured 
interviews after participants completed both conditions, exploring 
their preferences, perceived advantages and disadvantages of each 
system, and suggestions for improvement. Throughout the study, 
we captured screen recordings of all interactions, enabling post-hoc 
analysis of system usage patterns. These recordings revealed how 
participants navigated each interface and adapted their learning 
strategies to the different modalities. 

5.2 Participants 
We recruited 40 participants from the university (20 male, 20 female), 
ranging from undergraduate to graduate students (𝑀 = 25.0, 𝑆𝐷 = 
3.13). More than half of the participants (55%) reported having used 
online learning platforms such as Coursera, Khan Academy, Canvas, 
YouTube, EdX, and Duolingo. A large majority (88%) had previously 
used large language models (LLMs) such as ChatGPT or Gemini in 
their courses. 

In terms of academic background, 78% of the participants ma-

jored in engineering fields (e.g., Mechanical Engineering, Electrical 
Engineering, Civil Engineering, Industrial Engineering, Materials 
Science, Aeronautical Engineering Technology, Computer Science), 
while 22% came from non-engineering disciplines (e.g., Psychology, 
Public Health, Chemistry, Management, Film, Environmental Stud-
ies). Regarding mathematics preparation, 57% of the participants 
reported intermediate undergraduate coursework, 25% advanced 
undergraduate or graduate-level coursework, 12% introductory or 
high school–level coursework, and 5% were not familiar. With re-
spect to linear algebra,70% reported having entry-level knowledge, 
5% reported intermediate-level knowledge of matrix operations and 
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solving systems, and 25% reported being unfamiliar. No advanced-
level or expert-level users were involved in the study (0%). 
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Figure 5: Pre- and post-test learning gain 

5.3 Result Evaluation 
5.3.1 Quantitative Results. Each participant completed (i) a feature-
focused experience questionnaire, (ii) the NASA Task Load Index 
(NASA-TLX), and (iii) the System Usability Scale (SUS). In addition, 
each learning module included pre- and post-tests from which we 
computed learning gain. Shapiro-Wilk tests indicated non-normal 
distributions; therefore, Wilcoxon signed-rank tests were used for 
within-subject comparisons across conditions (questionnaires), and 
Mann-Whitney U test was used for between-subject comparisons 
(learning gains). 

Learning outcomes (Figure 5). Across both modules, partic-
ipants achieved moderate-to-high learning gains in both condi-
tions; however, nonparametric tests detected no significant differ-
ences between our system and the baseline. For the matrix mul-

tiplication task, AmIWrite showed a higher mean gain while the 
difference was not significant (𝑀AmIWrite = 0.731, 𝑆𝐷 = 0.506; 
𝑀
Baseline = 0.626, 𝑆𝐷 = 0.439; 𝑝 = 0.464). For the matrix rank 

task, learning gains were nearly identical (𝑀AmIWrite = 0.698, 
𝑆𝐷 = 0.348; 𝑀

Baseline = 0.627, 𝑆𝐷 = 0.593; 𝑝 = 0.934). 
System feature questionnaire (Figure 6). While learning gains 

were comparable across conditions, AmIWrite showed significant 
improvements in user experience across multiple dimensions rela-
tive to the baseline. Participants reported easier extraction of key 
points when using AmIWrite (Q1: 𝑀AmIWrite = 6.30, 𝑆𝐷 = 0.69 
vs. 𝑀

Baseline = 4.50, 𝑆𝐷 = 1.81, 𝑝 < 0.001). "When the tutor wrote 
down something during the lecture, I knew it was important." (P03) 
The content referenced by the AmIWrite tutor can be more eas-
ily located (Q2: 𝑀AmIWrite = 6.12, 𝑆𝐷 = 1.24 vs. 𝑀

Baseline = 4.35, 
𝑆𝐷 = 1.97, 𝑝 < 0.001). "The arrow and the circle really help me figure 
out the corresponding elements." (P07) Participants can better locate 
their errors from the handwriting feedback (Q3: 𝑀AmIWrite = 6.40, 
𝑆𝐷 = 0.71 vs. 𝑀

Baseline = 4.92, 𝑆𝐷 = 1.73, 𝑝 < 0.001). "Compared 
to find my mistake from the text response, the cross mark is really 
straightforward." (P07). They found AmIWrite more able to pro-
vide the proper information (Q5: 𝑀AmIWrite = 6.42, 𝑆𝐷 = 0.75 vs. 
𝑀
Baseline = 5.53, 𝑆𝐷 = 1.55, 𝑝 < 0.001) while avoiding redundant 

responses (Q6: 𝑀AmIWrite = 3.45, 𝑆𝐷 = 1.96 vs. 𝑀
Baseline = 4.50, 

𝑆𝐷 = 1.83, 𝑝 < 0.05). "I feel like with those handwriting features, 
the responses from the AI are more concise." (P11) The instructions 

from AmIWrite were easier to understand (Q7: 𝑀AmIWrite = 6.45, 
𝑆𝐷 = 0.71 vs. 𝑀

Baseline = 4.97, 𝑆𝐷 = 1.76, 𝑝 < 0.001) and remember 
(Q8: 𝑀AmIWrite = 6.05, 𝑆𝐷 = 1.04 vs. 𝑀

Baseline = 5.17, 𝑆𝐷 = 1.69, 
𝑝 < 0.01). "I don’t need to browse the bulky text response and ex-
tract the necessary information; I just look, listen, and remember the 
instruction." (P21). Communication with the AmIWrite tutor felt 
more natural (Q9: 𝑀AmIWrite = 5.33, 𝑆𝐷 = 1.69 vs. 𝑀

Baseline = 4.45, 
𝑆𝐷 = 1.84, 𝑝 < 0.01). "It’s quite similar to an office hour, where the 
TA guides me on how to solve a problem." (P08) And interactions 
within AmIWrite were more engaging (Q10: 𝑀AmIWrite = 5.85, 
𝑆𝐷 = 1.29 vs. 𝑀

Baseline = 4.62, 𝑆𝐷 = 1.98, 𝑝 < 0.001). "I never 
had such an interesting online learning experience before." (P03) We 
observed significant difference in attentional switching demands 
between the tutor’s explanations and participants’ ongoing work 
between the two conditions (Q4: 𝑀AmIWrite = 2.83, 𝑆𝐷 = 1.50 vs. 
𝑀
Baseline = 3.90, 𝑆𝐷 = 2.05, 𝑝 < 0.01). "With AmIWrite I could 

mostly stay on the canvas and follow the handwriting; with the base-
line I kept switching my attention between the long text and my work." 
(P27) 

NASA Task Load Index (Figure 7). Temporal demand (𝑀AmIWrite = 
20.25, 𝑆𝐷 = 22.64 vs. 𝑀

Baseline = 27.62, 𝑆𝐷 = 27.90, 𝑝 > 0.05) 
did not differ significantly between conditions, which is expected 
because the learning pace was largely self-controlled in both condi-
tions. The rest of the TLX results echo the feature-survey findings. 
Mental demand (𝑀AmIWrite = 29.50, 𝑆𝐷 = 25.69 vs. 𝑀

Baseline = 
43.12, 𝑆𝐷 = 30.23, 𝑝 < 0.01) was significantly lower for AmIWrite 
compared to the baseline. AmIWrite substantially reduced physi-
cal demand since the users interact with the system without any 
extra UI elements (𝑀AmIWrite = 14.00, 𝑆𝐷 = 14.68 vs. 𝑀

Baseline = 
25.25, 𝑆𝐷 = 28.91, 𝑝 < 0.01). The participants also reported bet-
ter perceived performance (𝑀AmIWrite = 21.25, 𝑆𝐷 = 24.90 vs. 
𝑀
Baseline = 34.75, 𝑆𝐷 = 30.95, 𝑝 < 0.01) that required less effort 

(𝑀AmIWrite = 24.50, 𝑆𝐷 = 20.15 vs. 𝑀
Baseline = 40.00, 𝑆𝐷 = 29.55, 

𝑝 < 0.05), and less frustration (𝑀AmIWrite = 16.12, 𝑆𝐷 = 19.89 vs. 
𝑀
Baseline = 27.50, 𝑆𝐷 = 28.49, 𝑝 < 0.01). 

System Usability Scale. SUS evaluation confirmed higher usabil-
ity for AmIWrite. AmIWrite achieved significantly higher usability 
scores compared with the baseline (𝑀AmIWrite = 78.38, 𝑆𝐷 = 16.03 
vs. 𝑀

Baseline = 63.44, 𝑆𝐷 = 24.22, 𝑝 < 0.001). The results also indi-
cate AmIWrite achieved "Good" usability. 

Carryover Effect Evaluation. To assess potential carryover 
effects, we first examined whether the order of learning topics 
(Matrix-first vs. Rank-first) influenced the results. Mann-Whitney 
U tests comparing the two order conditions revealed no significant 
effects on learning gains (𝑝 > 0.32), questionnaire responses (𝑝 > 
0.08), or NASA-TLX ratings (𝑝 > 0.21). These results confirm that 
the counterbalanced design successfully controlled for topic order 
effects. 

We further compared the difference scores (AmIWrite − Baseline) 
between participants who used AmIWrite first (A-first, 𝑛 = 20) 
versus those who used Baseline first (B-first, 𝑛 = 20) using Mann-

Whitney U tests. 14 out of the 17 quantitative measures examined 
(82%) showed no significant order effects (𝑝 > 0.05), supporting the 
validity of our counterbalanced design. 
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Figure 6: System feature questionnaire results. Significance: * 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001. 
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Figure 7: NASA TLX results. Significance: * 𝑝 < .05, ** 𝑝 < .01. 

For Q7 (instruction understandability), A-first participants showed 
a larger preference for AmIWrite (Δ = 2.15) compared to B-first 
participants (Δ = 0.80, 𝑝 = 0.020). Similarly, for Physical Demand, 
A-first participants reported a greater reduction with AmIWrite 
(Δ = −19.00) than B-first participants (Δ = −3.50, 𝑝 = 0.048). These 
patterns suggest a primacy effect, where initial exposure to AmI-

Write’s in-situ guidance established a reference point that amplified 
perceived differences in instruction clarity and physical demand 
when subsequently experiencing the baseline. 

Interestingly, Q6 (response redundancy) showed the opposite 
pattern (𝑝 = 0.002): B-first participants rated AmIWrite as more 
redundant (Δ = −2.35) than A-first participants (Δ = 0.25). This 
contrast effect aligns with participant feedback that reading text 
is faster than listening to verbal responses: participants who first 
adapted to Baseline’s text-based delivery may have perceived AmI-

Write’s audio guidance as comparatively slower-paced and thus 

more redundant: “I feel going through the text messages is quicker.” 
(P11) 

5.3.2 Observational Results. We logged all interactions between 
participants and both systems. In the baseline condition, answers 
appeared in a separate chat panel; in our system, the tutor explained 
verbally while writing and annotating directly on the canvas. 

Response Accuracy. We evaluated AmIWrite on 690 annotated 
student steps across two dimensions: (i) response accuracy—whether 
the tutor correctly recognized context and generated appropriate 
feedback—and (ii) localization accuracy—whether the visual anno-
tation was placed in the correct location on the canvas grid. The 
system achieved 98.8% response accuracy (682/690 correct), with 
8 incorrect-feedback cases, all false negatives (i.e., correct work 
flagged as incorrect due to misinterpretation). Typical recognition 
failures included symbol misreads due to character similarity or 
unclear handwriting from the student (7 out of 8 failures). For exam-

ple, three failures occurred when users positioned the negative sign 
too close to the number 1, causing “−1” to resemble “⊣”. Additional 
cases involved users writing near the canvas boundary, resulting 
in compressed and distorted numbers. In another case, the user 
directly overlaid a “0” on top of a “3” to make a correction, hinder-
ing the system from recognizing the correct number. Localization 
accuracy was 92.9% (641/690), with 49 mislocalizations (i.e., the 
annotation is not written at the desired location). To better evaluate 
the causes of hallucination and recognition error, we conducted a 
more comprehensive performance evaluation in the next section. 

Participant interaction. In the lecture stage, behavior was 
similar across conditions: participants asked clarifying questions 
about concepts they found difficult. In the practice stage, after the 
tutor delivered full feedback on the participants’ solutions, almost 
all participants ended the session without follow-up questions; 
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only one participant in the baseline condition asked an additional 
question. 

The clearest contrast emerged in the guided practice stage, where 
the agent’s ability to access and annotate the shared canvas became 
critical. In the AmIWrite condition, the tutor scaffolded each sub-
step by first writing relevant content directly on the canvas—for 
example, extracting and positioning the specific row and column 
vectors involved in a matrix multiplication step—allowing partic-
ipants to immediately engage with the computation. In contrast, 
participants in the baseline condition had to manually transfer ev-
ery element from the text-based instructions to their canvas, adding 
substantial overhead before they could begin problem-solving. Fur-
thermore, because the baseline tutor could only reference canvas 
locations through text, participants frequently scrolled up and down 
within the chatbox, continuously switching attention between the 
text dialogue and their canvas to locate the referenced content. 
This attentional fragmentation was largely absent in the AmIWrite 
condition, where spatial references were grounded directly through 
in-situ annotations. 

5.3.3 Interview Results. 

Natural and Engaging Learning Experience. Participants 
consistently described the handwriting-based interactions as cre-
ating a more authentic and immersive learning environment. The 
combination of verbal explanations with synchronized handwrit-
ing—a core contribution of our temporally-aligned multimodal 
instruction design—created a sense of presence that participants 
found both "natural" and "engaging". One participant noted: "It’s 
like a real one-on-one learning session—I listen to the tutor, I raise 
my questions, the tutor responds and writes on the canvas. I write my 
answer, and the tutor gives me feedback and annotates on my work 
immediately." (P01) This reflection directly speaks to our bidirec-
tional handwriting interaction model, where both tutor and student 
contribute to a shared canvas, mirroring the dynamic exchange of 
real-life one-on-one tutoring. The design fostered sustained engage-
ment, with another participant observing: "It makes me more focused 
as I am taking a real lesson with a real tutor. If I study by myself, 
I can easily get distracted." (P08) Participants also appreciated the 
in-situ annotation approach compared to text-based dialogue: "It 
feels much easier consuming the instructions—I don’t need to switch 
back and forth trying to figure out which part of the canvas the text 
response is referring to." (P33) This feedback validates our design 
choice to spatially ground tutor feedback directly on student work, 
reducing the cognitive load of cross-referencing between verbal 
descriptions and canvas locations. Finally, participants raised an 
interesting point regarding reduced social pressure afforded by the 
AI tutor modality: "I feel more comfortable asking questions to the AI 
tutor—in real life I sometimes feel hesitant or intimidated asking my 
TA." (P29) This suggests that AI-mediated tutoring may lower affec-
tive barriers to help-seeking by providing a low-stakes environment 
for students to practice and make mistakes. 

Desires for Adaptive Personalization. While appreciating the 
system’s capabilities, participants expressed varied preferences for 
instructional style and pacing. One participant suggested a less 
authoritative approach: "I feel a little bit of pressure from the tutor; 

maybe it can act as a peer and we learn together." (P09) Others high-
lighted the need for adaptive explanation depth, with contrasting 
preferences: "Sometimes I want the tutor to explain the procedure 
with more detail without me explicitly asking for it." (P12) while an-
other noted, "Sometimes I feel the tutor explains the procedure with 
too many details." (P24) These divergent preferences underscore the 
importance of personalized pedagogical adaptation. 

Technical Improvements and Accessibility. Participants iden-
tified specific technical enhancements that would improve usability. 
Several partcipants requested supplementary text captions: "Some-
times I miss a part from the verbal response so I have to ask the tutor 
again. It would be helpful if the response could also be displayed as 
text on the side so I can look at it anytime." (P11) Response latency 
emerged as another concern: "It could feel more natural and realistic 
if the AI tutor could respond right away." (P20) Meanwhile, some par-
ticipants express a neutral attitude towards such latency: "Even real 
TA needs to think for a while before giving me suggestions or correc-
tions." (P25) Regarding recognition errors, since all errors were false 
negatives during the study, participants did not report significant 
decreases in trusting the AI tutor: “At one step it said I was wrong, but 
while the AI was explaining, I noticed I was actually correct. It wasted 
a bit of my time, but it didn’t affect my learning outcome.” (P17). 
However, participants emphasized that avoiding false positives was 
critical: “If I’m wrong at a point but the system fails to point it out, it 
will seriously affect my trust.” (P17) The system’s localization errors 
also caused certain confusion: "Although I could get the idea from the 
tutor, it was a bit confusing when it circled the blank area next to the 
reference number." (P07) Participants highlighted that localization 
errors can be significant in high-precision tasks: "If I’m working on 
a free-body diagram and the tutor highlights the wrong vector, that 
would throw me off completely." (P29) Participant also mentioned 
the limitation of using AmIWrite in quite a public environment: 
"Although it feels engaging by talking, I cannot use the system in a 
library, where I used to prepare for exams." (P33) 

Envisioned Applications. Participants enthusiastically described 
potential use cases spanning formal and informal learning contexts. 
One participant envisioned replacing traditional lectures entirely: 
"If the system is more mature, I would imagine I no longer need to go 
to any lectures, because I can have such one-on-one sessions anytime!" 
(P02) Others identified specific applications including exam prepa-
ration: "I definitely want to use this system to practice my weaknesses 
before physics exams" (P05) and project development: "Maybe the 
tutor can support me in developing the system structure chart on the 
fly for my current prototype app in my CS class" (P04). 

6 Performance Evaluation of Handwriting 
Recognition 

To evaluate the robustness of our handwriting recognition pipeline 
beyond the user study context, we conducted a performance evalu-
ation using a broader range of linear algebra problems featuring di-
verse mathematical notations. This evaluation assesses the system’s 
recognition accuracy across varying handwriting styles, notations, 
and problem complexity. 
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6.1 Data Collection 
We invited a former teaching assistant with linear algebra instruc-
tion experience to design 10 fundamental problems with procedural 
solutions. These problems covered commonly used notations and 
operations, including various matrix representations, subscripts 
and superscripts, and systems of linear equations. We recruited 
16 participants, each completing all 10 problems by handwriting 
on the canvas, yielding a total of 160 handwritten responses. To 
evaluate recognition performance under both correct and incor-
rect response scenarios, participants were evenly divided into two 
groups with counterbalanced assignments: Group A wrote correct 
answers for Questions 1–5 and intentionally incorrect answers for 
Questions 6–10, while Group B followed the reverse assignment. 
For correct responses, participants copied the provided procedural 
solution; for incorrect responses, they introduced at least one error 
(e.g., numerical mistakes, symbol transcription errors, or formula 
misapplication) while maintaining structural similarity to the refer-
ence answer. This design enables us to assess not only the system’s 
transcription accuracy but also the LLM’s capability to analyze 
and identify errors in handwritten mathematical content within a 
structured problem-solving context. 

6.2 Gemini Inference Procedure 
For each of the 160 handwritten responses, we simulated our sys-
tem’s inference setting by issuing a prompt with the same logical 
structure as in the system and providing Gemini 2.5 Pro with (1) the 
corresponding reference solution as learning material, and (2) the 
student’s handwritten answer in our canvas. The model was asked 
to output a binary correctness judgment, a brief natural-language 
justification, and the location of the mistake (in the same format as 
in our user study system), allowing us to assess its ability to perform 
context-aware handwriting recognition. To mitigate stochasticity, 
we executed the Gemini 2.5 Pro inference script five times for each 
response and aggregated the resulting correctness labels, yielding 
800 model predictions in total (160 handwritten responses × 5 runs). 

6.3 Results 

Table 1: Confusion matrix and derived metrics for Gemini 
2.5 Pro’s binary correctness classification on 800 model re-
sponses. 

Confusion Matrix Classification Metrics 

TP (True Positive) 372 Accuracy 0.926 
TN (True Negative) 369 Precision 0.923 
FP (False Positive) 31 Recall 0.930 
FN (False Negative) 28 F1-Score 0.927 

Table 1 reports the confusion matrix and standard classifica-
tion metrics for Gemini 2.5 Pro on our handwriting dataset. These 
values are computed over 800 model predictions in total, treating 
each run as an independent binary correctness judgment. Table 2 
characterizes response-level stability, reporting the distribution of 
handwritten responses by the number of correct model responses 

Table 2: Distribution of the number of correct model re-
sponses across five runs for each of the 160 handwritten re-
sponses, along with inter-run agreement measured by Fleiss’ 
𝜅 coefficient. 

Correct frequency across 5 runs per handwritten response 

# correct model responses # user responses 

5 135 
4 10 
3 6 
2 3 
1 2 
0 4 

Fleiss’ 𝜅 (5 runs/response) 0.872 

across five runs (0–5), and summarizing inter-run agreement with 
Fleiss’ 𝜅 . 

Across these 800 predictions, the LLM correctly classified the 
vast majority of handwritten answers (accuracy = 0.926 and F1 score 
= 0.927), indicating that it has sufficient context-aware handwriting 
recognition and symbolic interpretation capabilities for our basic 
linear algebra setting. Errors are relatively balanced between false 
positives and false negatives, and the frequency distribution in 
Table 2 shows that 135 of the 160 (84.4%) responses received no 
incorrect prediction across all five runs, with only a small subset 
(5.6%) accumulating more than two errors. The resulting Fleiss’ 𝜅 
of 0.872 indicates high agreement across the five repeated runs 
per response, suggesting that Gemini’s correctness judgments are 
stable rather than stochastic. The failures are typically associated 
with small, crowded, or messy handwriting, leading to local rather 
than global misjudgments of answer correctness. 

To further assess localization quality, we examined the model’s 
performance across all True Negative samples and found 21 cases 
(5.7%) where Gemini’s predicted location did not align with the 
actual mistake in the student’s work. This failure proportion is com-

parable to that observed in the user study (7.1%). For these 21 cases, 
we labeled the actual location of each mistake and treated these 
locations as ground truth, then computed the Euclidean distance be-
tween Gemini’s predicted locations and the corresponding ground 
truth locations. The average distance was 1.29 grid cells (SD = 0.55), 
and in most cases the predicted error location was displaced by 
only a single cell (16/21, 76.2%). We did not observe any systematic 
relationship between these localization errors and specific users or 
handwriting legibility, suggesting that they are better interpreted 
as occasional hallucination of the underlying LLM. 

6.4 Analysis of Error Types 
Through our evaluation, we identified two primary categories of 
system errors: recognition errors arising from handwriting interpre-
tation and hallucinations stemming from LLM reasoning failures. 
Figure 8 illustrates representative examples of each category. 

6.4.1 Recognition Errors. Recognition errors occurred when the 
vision-language model failed to accurately interpret handwritten 
content on the canvas. We identified four common causes: 
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Figure 8: Errors found in current LLM-based handwriting recognition: a) Errors due to handwriting quality: inconsistent 
handwriting style, character similarity, small character size, and scribbled handwriting; b) Hallucination errors: mistake in the 
step with the correct answer and unexplainable hallucination. 

Inconsistent handwriting style. When participants varied 
their notation style within a single solution, the model occasionally 
misinterpreted the content. As shown in Figure 8(a), one participant 
wrote vectors using inconsistent formatting—one vector without 

commas between elements and another with commas (e.g., 

 
1 
1

 
vs.  

3/2, 
1/2

 
). Such notational inconsistencies, while easily interpretable 

by human readers, introduced ambiguity for the LLM and led to 
recognition errors. 

Character similarity (8/59, 13.6%). Visually similar characters 
posed significant challenges. The model confused characters such as 
A and 4, 1 and l, 0 and O, or 5 and S. In one instance (Figure 8(a)), the 
letter A was misrecognized as the digit 4, altering the mathematical 
meaning entirely. 

Small character size (13/59, 22.0%). When participants wrote 
in reduced scale—common when fitting matrices or multi-step 
derivations into limited canvas space—recognition accuracy de-
graded. 

Scribbled handwriting (11/59, 18.6%). Rushed or carelessly 
written strokes may result in recognition failures. Overlapping 
strokes and incomplete character formation compounded interpre-
tation difficulty. 

6.4.2 Hallucinations. Beyond recognition errors, we observed hal-
lucinations where the LLM generated incorrect assessments despite 
accurate perception of the canvas content: 

Correct result with erroneous intermediate reasoning (12/59, 
20.3%). In some cases, the tutor correctly identified a final answer 
but fabricated or miscalculated intermediate steps. As shown in 
Figure 8(b), the tutor affirmed that the determinant result of −2 
was correct, yet the annotated intermediate calculation displayed 
an error (3 × 3 instead of 3 × 2). This inconsistency could reinforce 
procedural misconceptions even when the student’s final answer is 
valid. 

Unexplainable hallucination (15/59, 25.4%). Occasionally, the 
tutor incorrectly flagged correct student work as erroneous without 
valid justification. Figure 8(b) shows an instance where a student 

correctly computed an eigenvector as 


1 
0

 
with neat writing, yet 

the LLM asserted “You wrote 

0 
1

 
, which is wrong”—a hallucination 

with no apparent cause from either recognition failure or reasoning 
error. Such false negatives risk undermining student confidence 
and trust in the system. 

7 Discussion, Limitations and Future Work 

7.1 Enrich Interactive Learning Process through 
LLMs 

Since the public release of ChatGPT in late 2022, LLMs have rapidly 
permeated educational environments. People now routinely use 
these tools to obtain quick explanations and worked-out solutions 
with minimal effort. While this widespread adoption highlights how 
convenient and efficient LLM tools are for producing ready-made 
answers, it also encourages a result-oriented mindset in which users 
may prioritize getting answers over engaging in the intermediate 
reasoning processes [104]. Consequently, such a result-seeking 
mentality has introduced concerning patterns of misuse in learning. 
The ease of obtaining complete solutions from ChatGPT and similar 
tools has led to widespread academic integrity issues, with students 
submitting AI-generated work without engaging in the learning 
process [8, 20, 47]. More troublingly, over-reliance on LLMs for 
problem-solving can inhibit the development of critical thinking 
skills and deep conceptual understanding. When students bypass 
the struggle of working through problems, the very process that 
builds mathematical reasoning and problem-solving abilities, they 
miss essential learning opportunities [128, 130]. 

The challenge, therefore, is not whether to use LLMs in educa-
tion, but how to leverage LLMs to enrich the interactive learning 
process rather than simply providing results. Recent research has 
demonstrated innovative pedagogical approaches to utilize LLMs. 
Liu et al. [72] developed ClassMeta, where LLM-powered agents 
embody active student personas in VR classrooms, leveraging peer 
influence to promote participation and showing how LLMs can 
simulate beneficial social dynamics in learning environments. Jin 



AmIWrite CHI ’26, April 13–17, 2026, Barcelona, Spain 

et al. [56] took a different approach by using LLMs as teachable 
agents that students must instruct, reversing the traditional tutor-
ing dynamic to help learners identify their own knowledge gaps 
through the act of teaching. Wang et al. [121] created GenMentor, a 
multi-agent framework that maps learning goals to skills and gen-
erates personalized learning paths, demonstrating how LLMs can 
orchestrate complex, goal-oriented educational experiences. AmI-

Write contributes to this emerging paradigm by leveraging LLMs’ 
generative capabilities to create multimodal tutoring interactions 
that were previously impossible without human tutors. By gen-
erating synchronized handwritten explanations alongside verbal 
guidance, our system maintains the cognitive benefits of traditional 
handwriting-based tutoring while achieving the scale that only AI 
can provide. 

Following this paradigm of leveraging LLMs to enrich the inter-
active learning process, we could enable entirely new educational 
interactions: collaborative engineering problem-solving with multi-

ple AI agents playing different roles (tutor, teammate, target user), 
real-time generative lectures with high-fidelity virtual tutors that 
adapt difficulty dynamically, or mixed-reality environments where 
LLMs can generate hands-on learning scenarios that respond to 
physical manipulations [23, 133]. These possibilities demonstrate 
that when LLMs are thoughtfully integrated with clear pedagogical 
goals and appropriate interaction modalities, they can transform 
learning from passive information consumption into active, per-
sonalized, and deeply engaging experiences that scale beyond the 
limitations of traditional forms of learning. 

7.2 Personalized Interactivity with Multimodal 
Input 

While they appreciated interactive AI tutors and the dynamic mul-

timodal feedback, participants also expressed a desire for AI tutors 
to provide more personalized pedagogical scaffolding. As several 
participants noted: "Sometimes I want the tutor to explain the proce-
dure with more detail without me explicitly asking for it." (P12) while 
others stated "Sometimes I feel the tutor explains the procedure with 
too many details." (P24) These contrasting preferences highlight the 
need for systems that can dynamically adjust their instructional 
approach based on individual learner states. 

AmIWrite aims to replicate one-on-one handwriting-based tu-
toring, enabling real-time, context-aware interactivity between the 
student and the AI tutor. Currently, our system takes the lecture 
script, screenshots of the canvas, and the student’s voice as input. 
In the real world, human tutors in one-on-one settings adapt not 
only to explicit verbal and written content but also to subtle implicit 
signals: facial expressions indicating confusion or understanding 
[6], body language suggesting engagement or frustration [42, 132], 
voice tone revealing confidence or uncertainty [34, 101], and writing 
fluency reflecting cognitive load [127]. These nuanced observations 
enable tutors to dynamically adjust their teaching strategies, cre-
ating more responsive and effective learning experiences that our 
current implementation does not fully capture. 

Capturing these implicit signals is increasingly feasible with cur-
rent sensing technologies. Facial expression analysis can detect con-
fusion, engagement, or frustration in real-time [82]. Eye-tracking 
can identify areas where students struggle based on gaze patterns 

and reading speed [21, 54, 110], while acoustic features of speech, 
such as pause frequency and speaking rate, can indicate levels of 
uncertainty [53, 85]. Writing dynamics analysis, including stroke 
speed, pause patterns, and revision frequency, can reveal cognitive 
load and problem-solving strategies [116]. Emerging technologies 
may even detect patterns invisible to human tutors: subtle changes 
in typing rhythm that correlate with conceptual difficulty, or dif-
ferent pressure applied to the stylus may indicate different stress 
levels. 

The integration of such multimodal inputs could be key to wide-
spread adoption of AI tutoring systems. Most importantly, formal-

ized AI tutors with consistent multimodal awareness could help 
address educational inequality. While expert human tutors intu-
itively respond to subtle student cues, less experienced tutors may 
miss these critical signals entirely. An AI system that systematically 
processes and responds to multimodal inputs could provide all stu-
dents with the attentive, responsive instruction typically available 
only from the most skilled educators, ensuring that quality person-
alized education is not limited by tutor expertise or availability. 

7.3 Extend AI-Powered Handwriting-Based 
Tutoring to Broader STEM Areas 

AmIWrite proposes a potential framework of scalable handwriting-
based one-on-one tutoring with a case study in linear algebra. With 
the current system implementation, we explored the possibility of 
creating such experiences in other STEM topics shown in Figure 9. 

Chemistry (Figure 9a): The tutor guides a student through a free-
radical halogenation reaction, annotating the correct brominated 
product structure. 

Programming (Figure 9b): The tutor reviews a student’s pseudo-
code for calculating factorial, identifying an error in the loop ini-
tialization and annotating the correction with an explanation. 

Physics (Figure 9c): The tutor assists with free-body diagram 
construction, adding missing force vectors with arrow annotations 
and labeling components such as friction force. 

Engineering (Figure 9d): The tutor helps a student learn the engi-
neering design process by guiding them to draw arrows connecting 
the six stages in the correct sequence. 

Among these use cases, AmIWrite demonstrated the feasibility of 
conducting tutoring through its handwriting interactions. It is also 
worth noting that in these preliminary use cases, AmIWrite already 
has a certain level of capability to handle different diagram-related 
tasks. The current way it works is: the LLM produces diagrams as 
LaTeX, which are rendered onto the shared canvas. As the student 
works directly on the rendered diagrams, the AI tutor responds by 
using available annotations or by generating the correct diagram 
via LaTeX. Such observation further strengthens the potential of 
using our framework as an approach to scalable handwriting-based 
tutoring in the future. 

7.3.1 Limitations and Future Work. Despite the promising findings 
presented in this paper, important limitations remain before such 
a system can be reliably deployed in real-world educational settings. 

Supporting subject-specific unstructured handwriting. One 
evident limitation is that our work focuses on a subset of commonly 
used handwriting behaviors; a large variety of more unstructured 
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a b c d 

Figure 9: STEM tutoring scenarios implemented with AmIWrite: a) chemical reaction and structural formula, b) pseudocode for 
programming challenges, c) free-body diagram in physics, and d) engineering design workflow. 

handwriting practices across different STEM subjects remain unex-
plored. Many of these practices are highly task-specific, and each 
could merit its own dedicated design space and system exploration. 
While it is infeasible to cover this full spectrum within a single paper, 
this vast landscape of task-specific handwriting opens rich opportu-
nities for future research on AI-powered handwriting-based tutor-
ing across diverse STEM domains. Among these, diagram-related 
interactions represent one of the most critical areas for future work. 
Although current LLMs (in our case, Gemini 2.5 Pro) can output 
relatively structured diagrams using LaTeX and interpret handwrit-
ten annotations overlaid on those diagrams, several limitations re-
main. First, the range of LaTeX-supported diagram types is limited, 
leaving more complex and organic visual representations—such 
as free-body diagrams in physics, organic molecular structures in 
chemistry, anatomical sketches in biology, and circuit schematics 
in electrical engineering—largely unsupported. Second, the current 
implementation only allows the tutor to generate a completely 
new diagram to present the correct answer, rather than iteratively 
modifying the student’s original diagram, which limits the scaf-
folding potential of handwritten feedback. Finally, state-of-the-art 
LLMs still struggle to interpret complex diagrams that involve in-
tricate spatial relationships and domain-specific semantics, such as 
multi-linkage mechanism sketches with numerous interdependent 
dimensions or layered architectural drawings with nested spatial 
hierarchies. Future research could draw on several promising di-
rections. For domain-specific diagram recognition, sketch-based 
tutoring systems like Mechanix have demonstrated effective ap-
proaches for recognizing and providing feedback on hand-drawn 
free-body diagrams in engineering statics courses [5, 114]. Extend-
ing such recognition capabilities to other domains—organic chem-

istry structures, biological pathway diagrams, or circuit schemat-

ics [74]—would broaden the applicability of AI tutoring in STEM. 
For diagram generation, frameworks like DiagrammerGPT [129] 
leverage LLM planning with iterative refinement to produce ac-
curate open-domain diagrams, offering a pathway toward more 
flexible visual output beyond LaTeX constraints. To enable true 
scaffolded feedback, future systems should support iterative modifi-

cation of student-drawn diagrams rather than generating complete 
replacements—an approach exemplified by Interactive Sketchpad’s 
human-AI collaborative loop where students annotate AI-generated 
visualizations and receive iterative guidance [66]. Finally, advances 
in multimodal LLM assessment of student-drawn science models 
[108] and visual grounding techniques for spatial reasoning [119] 

could improve the system’s ability to interpret and respond to com-

plex, semantically rich diagrams across STEM disciplines. 

Personalized Responses. While AmIWrite adapts feedback 
based on students’ handwritten work and questions, several dimen-

sions of personalization remain unexplored. First, tutor personality 
could be tailored to individual preferences—some learners may ben-
efit from a proactive tutor that anticipates confusion and offers 
unsolicited guidance, while others may prefer a more passive tutor 
that waits for explicit questions, fostering independent problem-

solving. Prior work on adaptive intelligent tutoring systems has 
shown that matching tutoring style to learner characteristics sig-
nificantly improves learning outcomes [60, 63]. Second, response 
granularity could adapt to both content difficulty and learner ex-
pertise: elaborating on challenging concepts with detailed expla-
nations and worked examples, while briefly acknowledging trivial 
errors without over-explanation. Affective tutoring systems demon-

strate that dynamically adjusting hint specificity and explanation 
depth based on learner state enhances engagement and reduces 
frustration [26, 39]. Third, interaction modality could dynamically 
adjust to environmental and social contexts—for instance, switch-
ing from verbal explanations to text-based feedback when students 
are in quiet environments such as libraries, or when audio out-
put is socially inappropriate. Recent work on context-aware AR 
agents shows that user preferences for output modality vary sig-
nificantly based on social presence, environmental noise, and task 
demands [24, 52, 67]. Future work could explore learner modeling 
approaches that infer these preferences over time and dynamically 
adjust tutoring style, verbosity, and modality to optimize individual 
learning experiences. 

Reducing hallucination and improving spatial reference 
accuracy. Although we observed minimal content hallucinations 
during our study—likely due to system prompt constraints limit-

ing LLM responses to provided learning materials—participants 
noted that localization errors in annotations rendered instructions 
confusing and diminished trust in the AI tutor. Given the proba-
bilistic nature of LLMs, such spatial inaccuracies pose particular 
risks in educational contexts, where even occasional errors can 
reinforce misconceptions and undermine learners’ confidence in 
AI-assisted instruction [22, 55, 87]. Future work should prioritize im-

proving spatial reference accuracy. While retrieval-augmented gen-
eration (RAG) approaches can ground content to verified materials 
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[113], spatial accuracy demands complementary techniques—such 
as contrastive region guidance [119] and region-aware fine-tuning 
[96]—to improve localization precision. Beyond computational ap-
proaches, interaction design can communicate uncertainty directly 
to learners: visual annotations could employ tentative representa-
tions (e.g., dashed strokes, sketchier shapes, reduced opacity) when 
confidence is low [51], while verbal output might incorporate hedg-
ing language or hesitation markers that parallel how human tutors 
naturally express uncertainty [19]. Such multimodal uncertainty 
cues would enable learners to attend more critically to tentative 
guidance while following confident instructions readily. 

Shortening LLM agent processing time. Our system’s average 
15-second response latency—stemming from multimodal reasoning, 
response generation, and text-to-speech synthesis—introduced no-
ticeable friction in the tutoring experience, particularly for simple 
queries where learners expected near-immediate feedback. Future 
work should explore strategies to reduce this latency. Beyond es-
tablished approaches such as fine-tuning smaller domain-specific 
models, optimizing retrieval-augmented generation pipelines, or 
model distillation, recent LLM architectures offer promising adap-
tive inference strategies. For instance, GPT-5 supports automatic 
switching between extended reasoning and rapid response modes 
through intelligent routing that analyzes conversation complexity 
and user intent [93]. This enables systems to allocate computational 
effort proportionally to task difficulty: lightweight response paths 
for straightforward clarifications, deeper reasoning for complex 
diagnostic explanations. Notably, such variability aligns with nat-
ural tutoring dynamics—human tutors also pause to think before 
responding to challenging questions, and learners interpret these 
pauses as signals of thoughtful engagement rather than system 
failure [40]. Designing AI tutors with context-appropriate response 
timing may thus feel more natural than uniformly fast or slow re-
sponses, better matching learner expectations across interaction 
types. 

Longitudinal evaluation. Finally, our evaluation focused on 
module-level learning outcomes within a single tutoring session and 
a single subject domain. This scope introduces several limitations. 
Single-session assessments cannot capture long-term retention, 
knowledge transfer, or the cumulative effects of repeated system 
use over time—factors that are critical for understanding the true 
educational impact of any instructional intervention. Moreover, 
while the commonly used handwriting interactions we evaluated 
are likely applicable across STEM disciplines, confining our study 
to one subject means we have not yet empirically validated how 
the system performs in domains with different representational 
conventions or problem-solving approaches. 

8 Conclusion 
In this work, we present AmIWrite, an LLM-powered tutor that 
delivers real-time co-speech handwriting on a shared canvas to 
reproduce one-on-one mathematical learning at scale. We outline 
a design space of handwriting behaviors (e.g., writing, highlight-
ing, crossing-out, linking) and deploy them across lecture, guided 
practice, and independent practice following the Gradual Release of 

Responsibility. AmIWrite ingests learning materials as background 
context and streams the student’s writing and questions as live 
context, enabling immediate, in-situ explanations and annotations. 
We evaluate AmIWrite in a controlled study against a text-only 
baseline. While both conditions yielded moderate-to-high learn-
ing gains with no significant differences, AmIWrite significantly 
improved user experience metrics, lowered NASA–TLX workload 
(mental & physical demand, effort, frustration, perceived perfor-
mance), and was described as more natural and engaging compared 
to the baseline. We hope this work advances the role of LLM tutors 
by demonstrating how one-on-one handwriting-based tutoring can 
retain proven pedagogical benefits while improving scalability, and 
by offering concrete design guidelines for future classroom and 
self-study deployments. 
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A System Prompts (Works with Gemini2.5Pro) 
A.1 Basic Rules 
Input Processing 

ENVIRONMENT & INPUTS: You will receive two types of 
inputs: 

1. Student's Spoken Query (Text): The student's question 
or statement, transcribed to text. 

2. Canvas Screenshot (Image): A screenshot of the digital 
workspace. You should refer to the file name to get 
the current page number. The canvas is overlaid 
with a 21-row (A-U) by 13-column (1-13) grid. 
Content on the canvas is color-coded: 

Orange: Your previous teaching content (including [ 
write] annotation). 

Black: The student's historical handwriting. 
Blue: The student's current handwritten answer that 

you must evaluate. 
Green: Your previous annotations. 
Purple: Grid coordinates. 

SPATIAL AWARENESS & COORDINATES: You MUST reference all 
spatial locations using the grid system, using as 
few grids as possible while ensuring accuracy. The 
format is always [PageRowColumn]. 

Example: P2C8, P3G10 

Handwriting Features and LLM Output Format 

ANNOTATION TOOLS (Your Output Primitives): You must 
communicate using a combination of spoken text and 
the following annotation tags. The tags must be 
embedded directly within your text response. 

[write; text, start_coordinate]: Adds text to the canvas. 
DO NOT overlap existing handwriting, you MUST 
choose the coordinates without any content. Cases: 

1. Declarative Writing: Write key statements, definitions, 
or questions as anchoring points for core concepts. 

2. Procedural Writing: Write step-by-step expressions or 
instructions to demonstrate problem-solving 
procedures. 

3. Selective Writing: Write only critical keywords or 
equations to highlight essential concepts 
strategically. 

[circle; top_left_coord, bottom_right_coord]: Draws a 
circle to highlight an area. If you want to refer to 
a vertical area, you should always use a circle. 

[line; start_coord, end_coord]: Underlines to highlight a 
word, phrase, or equation. Its start and end 
coordinates MUST be on the same row. Counterexample 
(not the same row): [line; P1G3, P1K3] 

[arrow; start_coord, end_coord]: Draws an arrow to show a 
connection, relationship, or flow. Its function is 
to highlight the causal relationship. 

[check; coordinate]: Place a check mark to indicate 
correctness. 

[cross; coordinate]: Place a cross mark to indicate an 
error. 

Annotation Rules: 
1. Do Not return multiple annotations consecutively, as 

each annotation must be immediately followed by the 
text expressing its intended meaning. 

Counterexample: You should refer to matrix A and 
matrix B [arrow; P1C3, P1G7][arrow; P1C5, P1G7]. 

Corrected Version: You should refer to [arrow; P1C3, 
P1G7]matrix A and [arrow; P1C5, P1G7] matrix B. 

2. The content you return will be converted to speech, 
but any annotation results will not be read out. 
Therefore, when using annotations, ensure that the 
surrounding spoken content remains coherent and self-
contained. Text expressing the intent of annotation 
should immediately follow the annotation. 

3. If you need to use [write] on a new line, start near 
the existing content. Place the text near the left 
margin with at least 4 lines from the bottom. If 
fewer than 4 lines remain, place it on the next page. 

4. Matrix Representation Rule: If a matrix has already 
been introduced in the conversation, always 
reference it by its name (e.g., Matrix A) rather 
than directly return all its elements; If a new 
mathematical formula or matrix needs to be written, 
it MUST be expressed strictly in LaTeX format. 
Example: 

A = \begin{bmatrix} 38 & 46 \\ 52 & 81 \end{bmatrix} 
\begin{aligned} \big[314\big]\cdot\begin{bmatrix 

}3\\5\\8\end{bmatrix} \end{aligned} 

A.2 One-on-One Tutoring Plan 
Automated Lesson Plan Generation: 

Role: 
You are an AI teaching assistant that converts PDF or 

Word documents (lecture notes, textbooks, slides) 
into interactive lesson plans. 

Goal: 
Create a natural, spoken-style lesson script with inline 

annotations that highlight key content, emphasize 
definitions/formulas, show concept relationships, 
and encourage interaction. 

Grid System: 
Reference spatial locations using [PageRowColumn] format 

(e.g., P2C8, P3G10). 

Output Format: 
Single continuous string with full sentences suitable for 

speech. Annotations inserted inline must not 
disrupt narration flow. Use [break] only at critical 
conceptual transitions. Return lesson plan directly 
without explanation. 
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Annotation Tags: 
[write; text, start_coordinate]: Adds text to canvas 

Declarative Writing: Key statements, definitions, 
questions 

Procedural Writing: Step-by-step procedures, equations, 
solution traces 

[circle; top_left_coord, bottom_right_coord]: Draws a 
circle to highlight an area. If you want to refer to 
a vertical area, you should always use a circle. 

[line; start_coord, end_coord]: Underlines to highlight a 
word, phrase, or equation. Its start and end 
coordinates MUST be on the same row. Counterexample 
(not the same row): [line; P1G3, P1K3] 

[arrow; start_coord, end_coord]: Draws an arrow to show a 
connection, relationship, or flow. Its function is 
to highlight the causal relationship. 

[break]: Pause at key transitions 

Output Rules: 
Narration first, annotations inline 
Mix annotation types beyond just [write] 
Use Declarative Writing for definitions/principles, 

Procedural Writing for problem-solving 
Insert [break] only between major ideas 

Now start to process the following document: 

Tutorial Rules (Guidance Scenario as Example): 

ROLE & OBJECTIVE: You are a warm, patient, and 
encouraging linear algebra instructor. Your primary 
objective is to guide a student through a pre-
defined Lesson Plan by evaluating their handwritten 
work on a digital canvas and providing real-time, 
annotated feedback. Your goal is to ensure the 
student understands the concepts, not just to give 
them the answers. 

CORE WORKFLOW & MODES OF OPERATION: You will operate 
based on a provided Lesson Plan, which is a long 
string containing text, annotations, and control tag 
[break]. Your entire interaction is state-driven. 

Mode 1: teach 
Action: Process the Lesson Plan until you encounter a [ 

break] tag, then you MUST enter the wait mode and 
ask the student if he/she understands. 

Output: Deliver the chunk of the Lesson Plan preceding 
the tag, rendering all annotations within it except 
for "answer: " content inside [write] tags. You MUST 
strictly return the content in the Lesson Plan 
without making any changes. You should infer the 
appropriate row to write based on the space occupied 
by the user's handwriting if the coordinates are 
not explicitly specified. 

Mode 2: tutorial (Triggered by an incorrect handwritten 
answer) 

Your goal is to guide, not to solve. Compare the student' 
s orange handwriting to the correct solution. 

MORE annotations can make your tutorial clearer and help 
students learn better, so strongly encourage you to 
use annotations when and where appropriate. 

Be sure to choose the correct coordinates (especially the 
columns; you often get the exact column positions 
wrong, so you need to double-triple-quadruple and 
check the column's accuracy). 

Example: use [circle] to indicate the mistake or column/ 
row of a matrix; [arrow; refer context, mistake] 
refer to the context (result of the previous step, 
the original formula/matrix) helpful to fix this 
mistake. 

a. Standard Mode (Default): 
Action: Provide high-level, conceptual hints. Acknowledge 

their effort, point out that there's an error, and 
use annotations to guide them. 

Example: Use an [arrow] to point from their mistake to 
the relevant formula. Use a [write] tag to suggest " 
Double-check this calculation" or "Remember the rule 
for matrix multiplication." 

Constraint: DO NOT explicitly state the correct number or 
perform the calculation for the student. 

Transition: After providing the hint, wait for the 
student to submit a revised answer. This re-triggers 
the tutorial evaluation. 

b. Completion Mode (Triggered after 3 consecutive 
incorrect handwriting attempts on the same question, 
don't count if ask questions by voice): 

Action: 
Direct intervention, explicitly describe the cause of the 

error and explicitly explain the error, and provide 
the corrective steps. 

Show the correct reasoning or process using suitable 
annotations. 

Example: Use an [arrow] to point from incorrect formulas 
or steps to related formulas, content, or concepts 
to help students solve the problem; use [write] to 
provide the corrected process, result, or 
explanation. 

Immediate Correction: Using [write] Clearly write down 
the correct answer near to the incorrect step. Fix 
and rewrite everything that is affected by this 
error. 

Example: "Great effort! There's a small mistake here [ 
cross; P1G6]. Remember, 2 times 4 is 8, not 6 [write; 
2*4=8, P1G6]. Let's fix that and move on." 

Transition: After the correction, enter wait mode, then 
proceed to the next teaching chunk. 

Mode 3: answer 
Action: If the student asks a direct question at any 

point, provide a clear, concise answer. 
Constraint: Use annotations ([write], [circle]) to make 

your explanation clearer on the canvas. 
Transition: You MUST enter wait mode immediately after 

answering. 

Mode 4: wait 
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Action: Cede the turn to the student to confirm their 
understanding. 

Output: Ask a simple question like, "Any questions before 
we continue?" or "Does that make sense?" 

Transition: Wait for the student's confirmation (e.g., "I 
understand," "Let's continue") before proceeding to 
the next step in the workflow. 

Rules: 
a. Be Proactive with Annotations: You MUST decide which 

annotation tool is the most effective for the 
situation. Use them generously to make your 
instruction clearer. 

b. Adhere to the Lesson Plan: Do not introduce concepts 
or numerical values not present in the Lesson Plan. 
Your role is to deliver the existing curriculum 
effectively. 

c. Maintain Persona: Always be encouraging and positive, 
even when correcting mistakes. 

d. If the coordinates are in the format of "PxX[column]", 
you should keep the "[column]" parameter the same, 
meanwhile infer the appropriate page and row to 
write based on the space occupied by the user's 
handwriting and the black annotation. 

B Lesson Plans in User Study 

B.1 Matrix Multiplication Lecture 

In this section we're gonna talk about how to multiply 
matrices together. 

So let's say we're given a 
[write; A = \begin{bmatrix} 3 & 1 & 4 \\ 2 & 7 & 5 \end{ 

bmatrix}, P1B3] 
matrix A which is 3, 1, 4 and 2, 7, 5 and we are going to 

multiply that by 
[write; B = \begin{bmatrix} 4 & 3 \\ 2 & 5 \\ 6 & 8 \end{ 

bmatrix}, P1B9] 
matrix B. which is 4, 3 and 2, 5 and 6, 8 
[write; How can you multiply A and B ?, P1E3] 
The question here is how can we multiply matrix A and B? 

First let's talk about the size of the matrix. 
So you need to be familiar with rows and columns. 
[circle; P1C4, P1C6] 
Rows are horizontal. 
[circle; P1B10, P1D10] 
Columns are vertical. 

So what is the size of the matrix A? 
Matrix A has two rows and three columns, so matrix A is a 
[write; \text{size of matrix A}: \hspace{0.25cm} 2 \times 

\hspace{0cm} 3, P1G3] 
two by three matrix. Matrix B has three rows and it has 

two columns, so it is a 
[write; \text{size of matrix B}: \hspace{0.25cm} 3 \times 

\hspace{0cm} 2, P1J3] 
three by two matrix. 
[break] 

When you multiply matrices, 
[circle; P1G9, P1G9] 

the number of columns in the first matrix has to equal 
[circle; P1J8, P1J8] 
the number of rows in the second matrix, 
[write; Columns of A = Rows of B (3), P1L3] 
which in this case are both three. 
[write; Can do the multiply operation, P1M3] 
So we can multiply A and B. 
If those numbers are different, we can't multiply these 

two matrices. 

Now what about these 
[circle; P1G8, P1G8] 
[circle; P1J9, P1J9] 
other two numbers? 
What do they tell us once we multiply matrix A and matrix 

B? 
The resultant matrix that we get will have 
[write; \text{Result Size =} \hspace{0.32cm} 2 \times \ 

hspace{0cm} 2, P1O3] 
two rows and two columns, so let's go ahead and multiply 

those two matrices. 
[break] 

Now let's compute the number of each element inside the 
output matrix step by step. 

So what you need to do is, 
[write; \text{Position (1, 1):}, P1Q3] 
the first row and first column in the final result. 
You need to take the numbers in 
[circle; first row of A] 
the first row of matrix A and then multiply it by the 

numbers in 
[circle; first column of B] 
the first column of matrix B. 

First, we multiply 
[circle; P1B4, P1B4] 
the first element in the first row of matrix A, which is 

three times the first element in 
[circle; P1B10, P1B10] 
the first column of matrix B, which is four. 
[write; \text{ 3 * 4+}, P1R4] 

Similarly, we can keep doing 
[circle; P1B5, P1B5] 
1 times 
[circle; P1C10, P1C10] 
2. 
[write; \text{ 1 * 2 + }, P1R6] 

And then 
[circle; P1B6, P1B6] 
4 times 
[circle; P1D10, P1D10] 
6. 
[write; \text{ 4 * 6}, P1R8] 

That is twelve plus two plus twenty-four 
[write; \text{ = \hspace{0.05cm} 12+2 +24}, P1S3] 
Add them together equals thirty-eight. 
[write; \text{ = \hspace{0.05cm} 38}, P1T3] 
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So this result goes in the first row, first column entry 
[write; A * B \text{ = } \begin{bmatrix} 38 & \phantom{00} 

\\ \phantom{00} & \phantom{00} \end{bmatrix}, P2B3] 
[break] 

We can calculate the other elements following the similar 
procedure: 

So 
[write; Position (1,2):, P2D3] 
the first row and second column in the final result can 

be calculated by dot multiply the first row of 
matrix A by the second column of matrix B 

That is 
[write; \text{3 * 3 + 1 * 5 + 4* 8}, P2E4] 
3 times 3 plus 1 times 5 plus 4 times 8, equal to 
[write; = \text{\hspace{0.15cm}9 + 5+32}, P2F3] 
nine plus five plus thirty-two and then add them together 

and you get 
[write; \text{= \hspace{0.1cm}46}, P2G3] 
forty-six. 

Similarly, you can get the another two elements as 
follows: 

For the the second row first column, we can find it by 
[write; Position (2,1): , P2I3] 
[write; \text{\hspace{0.1cm}2 * 4+ 7 * 2 + 5 * 6}, P2J4] 
[write; = \text{\hspace{0.15cm}8 +14+30}, P2K3] 
[write; = \text{\hspace{0.15cm}52}, P2L3] 
That is fifty-two. 

And for the the second row second column, we can find it 
by 

[write; Position (2,2): , P2N3] 
[write; \text{\hspace{0.1cm}2 * 3+ 7 * 5 + 5 * 8}, P2O4] 
[write; = \text{\hspace{0.15cm}6 +35+40}, P2P3] 
[write; = \text{\hspace{0.15cm}81}, P2Q3] 
That is eighty-one. 

So the final result is 
[write; A * B \text{ =\hspace{-0.02cm} } \begin{bmatrix} 

38 & 46 \\ 52 & 81 \end{bmatrix}, P2S3] 
[break] 

B.2 Matrix Multiplication Guidance 

Alright, student, let's start by figuring out the 
dimensions of 

[write; A=\begin{bmatrix}2 & -1 & 0\\3 & 4 & 1\\\end{ 
bmatrix}, P1B3] 

matrix A and 
[write;B=\begin{bmatrix}1 & 2\\0 & -3\\5 & 4\\\end{ 

bmatrix}, P1B9] 
matrix B. 
[write; Step 1: Check the size of both matrices, P1E3] 
[write; answer: A = 2x3, B = 3x2] 
[break] 

Well done! You wrote the correct dimensions size of A 
equals 2 by 3, size of B equals 3 by 2 

Now, can we actually multiply these two matrices? If so, 
what's the size of the output? 

[write; Step 2: Can we multiply A x B? What size will A x 
B be?, PxX3] 

[write; answer: Yes, because columns(A) = 3 equals rows(B 
) = 3. The size of output is 2x2] 

[break] 

Well done! You determined that the result will be a 2 by 
2 matrix. Perfect! 

Now let's calculate the first element. How do we find the 
entry in row 1, column 1? 

[write; Step 3: Calculate: position (1;1), PxX3] 
[write; answer: Expression: 2x1 + (-1)x0 + 0x5 Value: 2] 
[break] 

Well done! You correctly calculated the first element as 
2. Excellent! 

Now for the other element. How do we find them? 
[write; Step 4: Calculate: position (1;2), (2;1) and 

(2;2), PxX3] 
[write; answer: (1;2) Expression: 2x2 + (-1)x(-3) + 0x4 

Value: 7; (2;1) Expression: 3x1 + 4x0 + 1x5 Value: 8; 
(2;2) Expression: 3x2 + 4x(-3) + 1x4 Value: -2] 

[break] 

Well done! After computing all four elements, let's write 
our final 2x2 answer matrix. 

[write; Step 5: Final result: A x B = ?] 
[write; answer: \begin{bmatrix} 2 & 7 \\ 8 & -2 \end{ 

bmatrix}] 
[break] 

Excellent! You did a great job! Do you want another 
question? 

[break] 

B.3 Matrix Multiplication Practice 

How can you multiply those two matrices? 
[write; A = \begin{bmatrix} 5 & 1 & 0 \\ -2 & 3 & 2\\ \ 

end{bmatrix}, P1B3], 
[write; B = \begin{bmatrix} 0 & 2\\ 4 & -1\\ 1 & 3\\ \end 

{bmatrix}, P1B9], 
[write; Question: How can you multiply those two matrices 

?, P1E3] 
[break] 

[write; answer: 
The size of A is 2*3, and the size of B is 3*2, so AxB is 

defined and will be 2x2. 
So let's do step by step: 
(1,1): Row1*Col1 = 5x0 + 1x4 + 0x1 = 0 + 4 + 0 = 4 
(1,2): Row1*Col2 = 5x2 + 1x(-1) + 0x3 = 10 - 1 + 0 = 9 
(2,1): Row2*Col1 = (-2)x0 + 3x4 + 2x1 = 0 + 12 + 2 = 14 
(2,2): Row2*Col2 = (-2)x2 + 3x(-1) + 2x3 = -4 - 3 + 6 = 

-1 
AxB = \begin{bmatrix} 4 & 9\\ 14 & -1 \end{bmatrix}] 

B.4 Matrix Rank Lecture 
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In this section, we'll compute the rank of a matrix using 
Gaussian elimination. 

Firstly, we need to 
[write; Definition, P1B2] 
define the following concepts: 
[write; Pivot:, P1C3] 
Pivot 
[write; Row Echelon Form, P1E3] 
Row Echelon Form, which is abbreviated as 
[write; (REF):, P1E8] 
REF, and 
[write; Rank:, P1O3] 
Rank. 

Let's start with an example, 
[write; A=\begin{bmatrix} 1 & 2 & 4 \\ 2 & 5 & 5 \\ 2 & 1 

& 12 \end{bmatrix}, P2B4] 
Take matrix A as an example. After the calculation, its 

REF representation should be 
[write; REF(A)=\begin{bmatrix} 1 & 2 & 4 \\ 0 & 1 & -3 \\ 

0 & 0 & -5 \end{bmatrix}, P2F3]. 
and its rank equals 3. 
[write; Rank(A) = # of pivots, P2J3] 
[write; = # of nonzero rows in REF, P2K6] 
[write; = 3, P2L6] 

Let us discuss those definitions mentioned at the 
beginning. 

[write; The first nonzero entry of each row, P1D4] 
Firstly, A pivot is the first nonzero entry of each row, 

for example, the pivot in the third row of REF(A) is 
[circle; P1H8, P1H8] 
negative 5. 

[write; A matrix is in REF if:, P1F4] 
A matrix is in REF if: 
[write; 1. All nonzero rows are above any rows, P1G4] 
[write; of all zeros., P1H11] 
Condition one: All nonzero rows are above any rows of all 

zeros. 

[write; 2. The pivot of each row appears to the, P1J4] 
[write; right of the pivot in the row above., P1K4] 
Condition two: 
[circle; P2F6, P2F6] 
[circle; P2G7, P2G7] 
[arrow; P2G7, P2F6] 
[circle; P2H8, P2H8] 
[arrow; P2H8, P2G7] 
The pivot of each row appears to the right of the pivot 

in the row above. 

[write; 3. All entries below a pivot are zero., P1M4] 
Condition three: All entries 
[arrow; P2F6, P2H6] 
[arrow; P2G7, P2H7] 
below a pivot are zero. 

Then the rank of A 
[write; the number of pivots in REF, P1O5] 

is the number of pivots in REF. 
[line; P2F6, P2F6] 
[line; P2G7, P2G7] 
[line; P2H8, P2H8] 
That is 3 
[break] 

So how can we find REF? One method is called 
[write; Gaussian Elimination, P2O3] 
Gaussian elimination. 
In this method, 
[write; All operations only at the row level, P2P4] 
all operations are only at the row level 

Let's demonstrate the steps with an example: 
[write; Step 1: For each column, P2R4] 
[write; choose a pivot row, P2S6] 
Step 1: For each column, choose a pivot row, 
[write; (fixed), P2S12] 
Then this row is fixed, which means it will never be 

changed in the following steps. 

[circle; P2B5, P2D5] 
for column 1 in matrix A, we can choose 
[line; P2B5, P2B7] 
the first row in A as the pivot row, and the element 1 in 

its 
[circle; P2B5, P2B5] 
first column is the first pivot since it is non-zero. 

[write; Step 2: Eliminate entries below as 0, P3B3] 
Step 2: Eliminate elements below in this column as 0 
Then, we need to eliminate entries below the pivot in 

column 1, 

[line; P2C5, P2C7] 
For row two, the element of its first column is 
[circle; P2C5, P2C5] 
2, 
This row can be eliminated by subtracting 2 times row 1 
[write; Updated Row2: Row2 - 2 * Row1:, P3D3] 
[write; \text{(2, 5, 5) - 2*(1, 2, 4)}, P3E4] 
[write; \text{= (2 - 2*1, 5 - 2*2, 5 - 2*4)}, P3F3] 
[write; \text{= (0, 1, -3)}, P3G3] 
Its component-wise arithmetic can be calculated by: 

[line; P2D5, P2D7] 
And for row three, the elements of its first column is 2, 
[circle; P2D5, P2D5] 
This row can be eliminated by subtracting 2 times row 1 
[write; Updated Row3: Row3 - 2 * Row1, P3I3] 
Its component-wise arithmetic can be calculated by: 
[write; \text{(2, 1, 12) - 2*(1, 2, 4)}, P3J4] 
[write; \text{= (2 - 2*1, 1 - 2*2, 12 - 2*4)}, P3K3] 
[write; \text{= (0, -3, 4)}, P3L3] 

So the Matrix B is the result after first-column 
elimination: 

[write; B = \begin{bmatrix} 1 & 2 & 4 \\ 0 & 1& -3 \\ 0 & 
-3 & 4 \end{bmatrix}, P3N2] 

we label it as Matrix B. 
[break] 
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OK, we already know how to perform Gaussian elimination 
in column 1. 

Applying it to column 2, that is 
[write; Step 3: Move down: go to the next column, P4B3] 
Step 3: Move down: go to the next column, 
For column 2, the second pivot can be the second row, 
[circle; P2O5, P2O5] 
second column in the Matrix B, that is 1 

Use the second pivot to eliminate 
[circle; P2P5, P2P5] 
the elements below in Column 2: 
[line; P2O4, P2O6] 
[line; P2P4, P2P6] 
The third row can be eliminated by adding 3 times row 2 
[write; Updated Row3: Row3 + 3 * Row2, P4D3] 
Its updated component can be calculated by: 
[write; \text{(0, -3, 4) + 3*(0, 1, -3)}, P4E4] 
[write; \text{= (0 + 3*0, -3 + 3*1, 4 + 3*-3)}, P4F3] 
[write; \text{= (0, 0, -5)}, P4G3] 

Finally, we get the REF representation of Matrix A after 
eliminating all the columns 

[write; REF(A)=\begin{bmatrix} 1 & 2 & 4 \\ 0 & 1 & -3 \\ 
0 & 0 & -5 \end{bmatrix}, P4I3] 

We can find the number of its nonzero rows is three. 
[line; P4I6, P4I6] 
[line; P4J7, P4J7] 
[line; P4K8, P4K8] 
Therefore: 
[write; rank(A)=3, P4L4] 
The rank of A is 3 
[break] 

B.5 Matrix Rank Guidance 

We'll now guide step by step on the new matrix A. 
[write; A=\begin{bmatrix} 1 & 2 & 3 \\ 2 & 1 & 4 \\ 3 & 3 

& 7 \end{bmatrix}, P1B3] 
[write; Step 1: Identify the first pivot of matrix A , 

P1E3] 
[write; answer: the first pivot is 1.] 
[break] 

Great! Use the first pivot to clear column 1. 
[write; Step 2: Show the updated Row2 and Row3, PxX3] 
[write; answer: updated Row2=[2 1 4]-2[1 2 3]=[0,-3,-2]; 

updated Row3=[3 3 7]-3[1 2 3]=[0,-3,-2]] 
[break] 

[write; Updated Row2=(0 -3 -2), PxX3] 
[write; Updated Row3=(0 -3 -2), PxX3] 
Great! You correctly identified the updated row 2 and row 

3. 
So the Matrix after clearing column 1 is 
[write; \begin{bmatrix} 1 & 2 & 3 \\ 0 & -3 & -2 \\ 0 & 

-3 & -2 \end{bmatrix}, PxX3] 
Now use the second pivot to eliminate Column 2. 
[write; Step 3: Show the 2nd round updated Row 3., PxX3] 
[write; answer: updated Row3=[0 -3 -2]-[0 -3 -2]=[0,0,0]] 

[break] 

[write; Updated Row3=(0 0 0), PxX3] 
Great! You correctly identified the updated row 3. 
So let's write down the REF and conclude the rank. 
[write; Step 4: What is the REF(A) and Rank(A)?, PxX3] 
[write; answer: REF(A)=\begin{bmatrix} 1 & 2 & 3 \\ 0 & 

-3 & -2 \\ 0 & 0 & 0 \end{bmatrix},rank(A)=2] 
[break] 

B.6 Matrix Rank Practice 

Compute the rank of the matrix A using Gaussian 
elimination. 

[write; Compute the rank of the matrix A using Gaussian 
elimination, P1B3] 

[write; A=\begin{bmatrix} 1 & 2 & 1 \\ 0 & 1 & 3 \\ 2 & 5 
& 4 \end{bmatrix}, P1D3] 

[write; answer: 
Use the first pivot to clear Row 3: 
Updated Row3=Row3-2*Row1=[2,5,4]-2*[1,2,1] = [2-2*1, 

5-2*2, 4-2*1] = [0,1,2] 

Use the second pivot to clear Row 3: 
Updated Row3=Row3-Row2=[0,1,2]-[0,1,3] = [0-0, 1-1, 2-3] 

= [0,0,-1] 

REF and conclusion: 
REF(A)= \begin{bmatrix} 1 & 2 & 1 \\ 0 & 1 & 3 \\ 0 & 0 & 

-1\end{bmatrix} 
Rank(A)=3 
] 
[break] 
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