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Abstract
AI-powered tools are becoming more prevalent in K-12 education, and questions about the evolving roles  
of humans and AI in supporting student learning have become increasingly urgent. This work-in-progress 
paper presents early findings from an ongoing mixed-methods study exploring the potential of generative 
AI to enhance high-impact mathematics tutoring and provides an opportunity to examine the evolving 
roles  of  humans  and  AI  in  supporting  student  math  learning  and  motivation,  engagement,  and 
persistence. We evaluate seven AI-powered math tutoring tools–four student-facing tools, and three tutor 
copilots–using a novel, multi-phased research design that integrates LLM-as-a-judge benchmarking with 
iterative rapid cycle evaluations and controlled impact studies. Preliminary results indicate that the tools 
effectively support students and tutors with step-by-step instruction yet currently fall short in providing 
motivational and metacognitive support needed to foster deeper understanding. Combined with literature  
demonstrating  the  importance  of  student-teacher  relationships  in  student  academic  achievement  and 
engagement,  this  suggests  that  hybrid  human-AI  tutoring  models  may  be  the  optimal  solution  for 
maximizing student math outcomes. The final study phase, a set of quasi-experimental trials in spring 
2026, will further assess tool effectiveness in authentic learning environments and refine the emerging 
framework for human–AI collaboration in K-12 tutoring.
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1. Introduction

With the rise of large language models (LLMs), artificial intelligence (AI) is increasingly prevalent  
in  classrooms and other  educational  settings.  Recent  reports  indicate  that  as  many as  85% of 
teachers and 86% of students in the United States used AI during the 2024-2025 school year [1]. AI 
integration in education shows promise in personalized learning and individual instruction [2], 
student engagement [3] and equity and accessibility [4]. However, some worry that widespread AI 
use  in  education poses  risks  for  academic integrity  [5],  data  privacy,  and the  development  of 
critical thinking skills [6]. Inarguably, AI in education is a complex matter that warrants continued 
research in a variety of contexts.

1.1. Humans vs. AI in education

While the research into optimal AI integration in education is not conclusive, it is evident that AI  
has the  potential  to  redefine  the  role  of  humans–especially  teachers–in  maximizing  student 
learning and development and transforming the way teachers and classrooms operate. Should AI 
serve as mainly a supporting tool for teachers, or as a co-teacher, shifting the role of the human 
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teacher from content deliverer to motivational coach or context connector? In what circumstances, 
if  any,  should  AI  handle  parts  of  the  teaching  process—like  providing  direct  instruction  or 
facilitating  independent  practice?  Different  perspectives  on  these  various  human-AI  scenarios 
generally center around the democratization of education and closing equity gaps, personalized 
and  adaptive  learning,  workload  and  time  management,  cost  and  scalability  of  high-quality 
interventions, algorithmic bias, and socio-emotional learning and development. For example, AI 
has the potential to help close learning gaps in providing scalable, cost-effective, personalized, and 
adaptive learning to more students while saving teachers time [7]; however, if the digital divide 
remains  between  low-income  communities  and  more  resourced  schools  and  districts,  AI  in 
education could further widen learning and achievement gaps [8].

1.2. Humans vs. AI in high-impact tutoring and the role of teacher-student 
relationships

Tutoring is a compelling context for exploring the role of AI and humans in education. Research 
has consistently shown supplemental high-impact tutoring interventions to be highly effective in 
improving  student  learning  outcomes  in  various  subjects  [9]  through  a  personalized  learning 
approach when conducted by highly  trained and competent  tutors.  The inherent  longstanding 
problem with using high-impact tutoring as a larger solution to educational and equity gaps is in  
its accessibility, scalability, and cost, and AI has the potential to address these issues. Intelligent 
tutoring systems (ITS), or computer programs that provide personalized instruction to students, 
have been shown to be effective learning tools across a variety of subject domains [10], particularly 
when the ITS tailors the instructional content based on an individual student’s prior knowledge,  
learning style, and needs [11]. 

Despite evidence for the effectiveness of ITS, questions remain regarding the distributed roles of  
ITS, AI tutors, and human tutors in supporting learning. Indeed, there is evidence that in some 
cases a hybrid human-AI tutoring model is more effective than AI tutors alone [12], suggesting an 
integrated human component may enhance the benefits of AI tutors. In their Framework for High-
Impact Tutoring, Robinson and Loeb [13] note that high-impact tutoring programs tend to include 
a stated focus on cultivating tutor-student relationships, and that many of these programs cite a 
positive tutor-student relationship as a critical feature. Indeed, there is widespread evidence that 
high-quality positive student-teacher relationships and interactions in learning environments more 
generally  are  beneficial  to  students.  When  students  feel  safe  and  supported  in  their  learning 
context  and  a  strong  connection  with  their  teachers,  they  are  more  motivated  to  learn  and 
persevere through difficulties [14]. Supportive teacher-student relationships can positively impact 
both student  academic achievement  [15,  16]  as  well  as  student  self-esteem [17],  an  important 
indirect component of student performance. Within the math learning context specifically, students 
have demonstrated greater motivation to learn mathematics when provided with teacher support  
of  self-perception  and  self-determination  [18].  Conversely,  students  risk  experiencing  harm 
through synthetic relationships built with AI [19], as has already been observed in some social 
media contexts [20]. 

The positive impacts demonstrated by positive student-teacher relationships and the potential 
risks associated with synthetic relationships built with AI thus raise compelling questions, such as: 

1. If a positive student-teacher relationship is an essential component of student achievement 
and growth, can AI replicate it in such a way as to elicit the same level of motivation and 
produce similar academic and durable skill outcomes in students? Or are the benefits that 
students get from a positive relationship with their teacher only achievable through direct  
human  interactions?  Additionally,  are  the  potential  risks  associated  with  synthetic 
relationships built with AI able to be mitigated within an educational context, or are the 
risks not worth the rewards? 



2. Is the ultimate role of AI in education to help students practice and reinforce concepts and 
skills using the lower levels of Bloom’s taxonomy while human teachers or tutors provide 
the  necessary  motivation,  encouragement,  and  metacognition  necessary  for  long-term 
retention and knowledge building? 

In this paper, we present a study in progress to examine the potential of AI-powered tutoring for 
math learning and the role of humans–teachers and tutors–in maximizing student outcomes. This  
work-in-progress paper contributes (1) a multi-phase research design integrating LLM-as-a-judge 
with human rapid cycle evaluation, (2) early findings on feasibility, engagement, and scaffolding 
dynamics  of  seven  AI-powered  math  tutoring  tools,  and  (3)  emerging  insights  into  the 
complementary roles of humans and AI in high-impact tutoring. 

2. Methodology

Leanlab Education, in partnership with NewSchools Venture Fund and The Learning Agency, is 
exploring  the  impacts  and  potential  of  seven  different  generative  AI-powered  math  tutoring 
solutions (Table 1) on K-12 student and teacher outcomes. The team is interested in learning if an 
iterative codesign research approach utilizing both LLM-as-a-judge and human evaluations leads to 
the development or refinement of AI-powered math tutoring tools that improve student learning, 
student  math  motivation,  engagement,  and  persistence,  and  teachers’  or  tutors’  experience 
teaching math. Additionally, the diverse feature sets and use cases of the generative AI-powered 
math tutoring solutions offer an opportunity to examine the role of humans and AI in high-impact 
tutoring. These questions will be explored through a three-phase mixed methods research design:

1. In the fall of 2025, The Learning Agency utilized an LLM-as-a-judge approach to assess the  
AI component of each tool on its mathematical accuracy, pedagogical quality, and equity 
and fairness by evaluating at least 100 interaction outputs from each tool. LLM-as-a-judge 
evaluators were provided with evaluation guidelines for each tool that were generated by 
LLMs using research-backed math intervention practice guides, tool-specific context, and 
human (teacher) input. In addition, Leanlab Education researchers conducted an audit of 
each  tool,  assessing  their  usability,  interoperability,  accessibility,  and  existing  evidence 
base.

2. In the fall of 2025, following the initial LLM-as-a-judge benchmark evaluations and audits, 
Leanlab Education conducted an eight-week rapid cycle evaluation study with each tool. In 
each cycle, a unique set of five elementary, middle, and/or high school human teachers or 
tutors  tested  each  tool  and  provided  feedback  (35  teachers  or  tutors  in  total).  Tool  
developers used the feedback to make iterations and improvements to their tool,  which 
were  then tested  again  in  the  subsequent  cycle.  A total  of  three  feedback cycles  were  
conducted. The LLM-as-a-judge and rapid cycle evaluations provided an opportunity for 
the tool developers to ready their AI-powered math tutoring tools for the third and final 
phase of research, a controlled efficacy study.

3. Between  January  and  April  2026,  Leanlab  researchers  will  utilize  a  quasi-experimental 
methodology to explore the relationship between regular tool use in a classroom or other 
learning  environment  and  student  math  learning  outcomes,  as  well  as  student  math 
motivation,  engagement,  and  persistence.  They  will  also  explore  the  feasibility  of 
implementing each tool in an authentic learning environment. A unique set of five or more 
treatment  group  teachers  or  tutors  will  implement  each  tool  with  students  in  their 
classrooms or tutoring environments, while a similar number of control group teachers or 
tutors will teach math “business-as-usual” without using the same generative AI-powered 
math  tutoring  tools.  Student  pre-  and  post-assessment  data  as  well  as  motivation, 
engagement and persistence survey data from these teachers and tutors will be compared to 



data from the similar sample of students who will not be exposed to the same AI-powered 
math tutoring tools. 

Table 1
Seven  generative  AI-powered  math  tutoring  tools  involved  in  iterative  codesign  and  efficacy 
research led by Leanlab Education

Tool Name Description

Tutor Assist and Tutor Feedback by 
Step Up Tutoring

Tutor Assist and Tutor Feedback is a two-in-one AI-powered 
tutor copilot tool that provides math tutors working with 
2nd-6th graders with real-time tutoring assistance (Tutor 
Assist) as well as feedback and coaching after tutoring 
sessions (Tutor Feedback).

ALTER-Math ALTER-Math uses an AI teachable agent to help students in 
grades 6-8 learn math through a peer teaching model.

Goblins Goblins is a multimodal AI math tutor that lets kids in grades 
5-12 speak naturally, draw freely, and get instant help with 
solving math problems.

Snorkl Snorkl is a multimodal AI math tutor that asks K-12 students 
to solve math problems and explain their thinking verbally.

Sophia by CitySchools Sophia is an AI-powered tutor copilot tool that a math tutor 
for grades 3-8 can use to prepare for tutoring sessions, get 
help during tutoring sessions, and reflect on completed 
tutoring sessions.

Talk Tree and JIA by the University 
of Colorado Boulder

Talk Tree and JIA comprise a two-in-one AI-powered math 
tutor copilot tool for grades 5-8 that can be used to build 
structure during a tutoring session (Talk Tree) and provide 
feedback to a tutor after a tutoring session (JIA).

Thinkverse Thinkverse is a personalized AI tutor that guides students in 
grades 3-12 through math challenges, utilizing assessment 
data to provide customized learning pathways.

The seven AI-powered math tutoring tools that will be examined in this multi-phase study were 
chosen for their robust foundation in the learning sciences and tutoring literature, potential for 
improving student outcomes using diverse pedagogical methods and approaches, and innovative 
application  of  artificial  intelligence  to  authentic  learning  environments.  Four  of  the  tools  are 
student-facing tools in which students interact directly with an AI tutor, while the remaining three  
are tutor copilot tools. In these cases, tutors use the AI-powered tools either to prepare for tutoring  
sessions with students, get help or guidance during tutoring sessions, and/or receive feedback on 
completed tutoring sessions. While the primary focus of this research collaboration is to assess the 
impact of codesigned generative AI math tutoring tools on student outcomes, the two distinct tool 
groupings (student-facing vs. tutor copilot) offer a secondary opportunity to examine and compare 
the role of humans–specifically, teachers and tutors–and AI in supplementary math learning. 

As the tools are at various stages of development–Step Up Tutoring’s tools, Thinkverse, ALTER-
Math,  and Snorkl  are all  fairly well  developed,  Goblins is  somewhat well  developed,  and Talk  
Tree/JIA and Sophia are still  in development–the goal of the first two phases of research is to 
prepare each tool for classroom implementation and efficacy evaluation, while acknowledging the 
variation in developmental stages of each product. 



3. Preliminary results

This section outlines preliminary findings from the LLM-as-a-judge benchmark evaluations for five 
of the seven AI-powered math tutoring tools (excluding Talk Tree/JIA and Sophia), research audits  
for all seven tools, and two of the three rapid cycle evaluations. 

3.1. Implementation feasibility

While all of the student-facing tools incorporate various multimodal learning components, such as 
allowing  students  to  explain  themselves  verbally  or  use  drawings  or  graphs  to  express  their 
mathematical thinking, the human evaluators (teachers and tutors) in the rapid cycle evaluations 
expressed  concerns  over  the  feasibility  of  students  utilizing  the  multimodal  components  in  a  
traditional classroom environment. For example, 20-30 students all speaking to an AI tutor at the 
same time in the same classroom (using, for example, Goblins or Snorkl) could lead to problems  
with the AI’s understanding of a single student in a sea of voices. Additionally, teachers and tutors 
expressed  concerns  over  students’  ability  to  draw  mathematical  pictures  or  diagrams  on  a 
computer when they are used to drawing pictures or diagrams with pencil and paper.

3.2. Motivation, engagement, and persistence

The four student-facing tools use a variety of strategies for engaging students. For example, the 
ALTER-Math teachable agent asks follow-up questions to the human learner to keep them engaged 
and  moving  forward  in  the  problem-solving  process.  It  also  awards  badges  to  students  for 
persisting through and solving problems and displays a leaderboard to students so they can see 
how  they  rank  compared  to  their  classmates.  The  Goblins  AI  tutor  provides  students  with 
humorous  and  light-hearted  feedback  that  incorporates  generationally  relatable  slang  and pop 
culture  language  (e.g.,  “rizz”).  Despite  these  intentional  motivation and engagement  strategies, 
teachers explicitly expressed concerns over three of the four tools’ abilities to capture and maintain 
student engagement and motivation. Teacher evaluators of Snorkl and ALTER-Math noted that the 
AI-generated  feedback  from both  tools  contains  too  much  text,  and  thus  is  not  conducive  to 
keeping  students  engaged.  Teachers  assessing  Goblins  and  ALTER-Math  also  felt  that 
incorporating more gamified components or incentives (e.g.,  giving students the ability to earn 
points from solving problems that can be traded in for virtual prizes) would provide more effective  
motivation for students to stay engaged. While gamification can hook students initially, ultimately, 
teacher and tutors recognized that long-term engagement is about implementing accountability 
measures,  clear  expectations,  systems  for  minimizing  student  frustration,  and  making  student  
progress visible.

3.3. Micro-scaffolding vs. macro-scaffolding

The  five  tools  with  LLM-as-a-judge  benchmark  results  were  all  rated  highly  on  mathematical 
accuracy and can provide  helpful  step-by-step or  moment-to-moment  support  to  students  and 
tutors (micro-scaffolding).  However,  the student-facing tools in their current form fall  short in 
macro-scaffolding techniques such as helping students reflect on their own thinking, understand 
why they solved a math problem the way they did, or think about how they could apply the same 
problem–solving techniques to other scenarios. Most student-facing tools also do not adequately 
recap, summarize, or reinforce what students learned at the end of a tutoring session. Finally, the  
student-facing tools frequently struggle to help students who stall out in their thinking, become 
frustrated,  or do not know where to start.  Students in these situations can find themselves in 
unproductive  conversational  loops  in  which the  AI  tutor  is  unable  to  provide the  appropriate 
adaptive scaffolding to help them make forward progress. 



4. Discussion

The preliminary findings from the first two phases of this research study offer compelling evidence 
for why the division of labor between humans and AI in high-impact tutoring is a critical question 
that should be further examined. Across the LLM-as-a-judge evaluations, the AI tutors and tutor  
copilots  consistently  demonstrated  strong  mathematical  accuracy  and  effective  step-by-step 
procedural guidance. This reflects the early promise of AI integration in education: the ability to 
support individualized practice at scale and scaffold students through moment-to-moment problem 
solving.  In  relation  to  Bloom’s  taxonomy,  the  tools  support  remembering,  understanding,  and 
applying, which are important foundations for math learning and proficiency. However, the same 
tools demonstrated a more limited capacity for engaging students or guiding tutors in higher order 
cognition,  such  as  evaluating  and  explaining  a  problem-solving  process,  drawing  connections 
between  ideas,  or  reflecting  on  one’s  own  learning–skills  that  help  build  solid  conceptual 
understandings. 

Additionally,  the  educator  focus  on  student  motivation  and  engagement  in  the  rapid  cycle 
evaluations for the student-facing tools validated their importance in math learning and shed light 
on potential shortcomings in the tools’ abilities to sustain student attention and engagement. While 
the  tools  attempt  to  approximate  motivational  dynamics  that  are  typically  offered  by  human 
teachers or tutors, they ultimately fall short, and are not yet perceived by teachers as supporting 
long-term engagement. This initial finding is compelling in that it is consistent with the robust  
literature  on  the  importance  of  student-teacher  connections  and  relationships  in  student 
motivation, engagement, and persistence.   

Teachers raised practical  concerns about implementing multimodal  AI tutoring tools  with a 
group  of  students  at  the  same  time,  particularly  voice-based  modalities.  This  illustrates  the 
potential  real-world limitations that  could come with shifting tutoring towards fully AI-driven 
models, at least in a traditional classroom/group learning context. It also points to the need for 
foundational shifts in how classrooms operate to support emerging technologies like AI tutoring 
tools.  These feasibility challenges in conjunction with the current limitations of AI tutors with 
motivation and metacognition suggest that an AI-human hybrid model in which AI both augments 
instruction  and provides  teachers  with  indicators  to  target  support  may be  most  effective  for 
optimizing student outcomes. 

The  results  presented  in  this  paper  are  preliminary  findings  from  a  multi-phase  study  in 
progress.  In  the  spring  of  2026,  seven  individual  quasi-experimental  design  studies  will  be 
conducted to test the feasibility and effectiveness of each of the seven AI-powered tutoring tools, 
and the question of the optimal role of humans (i.e.,  teacher or tutors)  and AI in high-impact  
tutoring will be further examined. Initial results from this last phase of research will be available 
between April and June 2026. At that time, we will also examine the effectiveness of the iterative 
codesign and hybrid human-AI (LLM-as-a-judge) methodologies employed in this research as a 
potential replicable blueprint for developing AI-powered educational tools that are pedagogically 
robust, contextually feasible, and responsive to real-world constraints. 

As AI adoption in schools accelerates, understanding the optimal integration of human and AI  
to support both teachers and students will be essential for improving educational outcomes and 
closing learning gaps. This work-in-progress contributes to an emerging body of scholarship that 
seeks to ground AI innovation in evidence and the realities of authentic learning environments. 

5. Limitations

The preliminary results presented in this paper are part of a work-in-progress and thus should not  
be over-interpreted without the additional context that will be provided by the final research phase  
data. Additionally, the results from the rapid cycle evaluations should be interpreted with caution 
due to the small sample size of teacher/tutor evaluators. 



The LLM-as-a-judge model for evaluating each tool’s AI interactions, which has been shown to 
be an effective evaluation method, was utilized for its cost-effectiveness and speed; however, the 
method  was  not  subjected  to  a  robust  comparison  (e.g.,  interrater  reliability)  with  human 
evaluators.   

Finally,  while  we aim to  explore  the  important  question  of  the  role  of  humans  and AI  in 
effective educational interventions like high-impact tutoring in this multi-phase research study, 
this study was not specifically designed to answer this research question. Thus, it may not yield 
conclusive results as to the most effective way to integrate AI into math tutoring interventions;  
however, it is likely to provide important insights to the field that can be applied to future study 
designs evaluating the hybrid roles of AI and humans in educational contexts. 
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