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students: An exploratory RCT in UK classrooms
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One-to-one tutoring is widely considered the gold standard for personalized education, yet it remains
prohibitively expensive to scale. To evaluate whether generative AI might help expand access to this
resource, we conducted an exploratory randomized controlled trial (RCT) with 𝑵 = 165 students across
five UK secondary schools. We integrated LearnLM—a generative AI model fine-tuned for pedagogy—into
chat-based tutoring sessions on the Eedi mathematics platform. In the RCT, expert tutors directly
supervised LearnLM, with the remit to revise each message it drafted until they would be satisfied
sending it themselves. LearnLM proved to be a reliable source of pedagogical instruction, with supervising
tutors approving 76.4% of its drafted messages making zero or minimal edits (i.e., changing only one or
two characters). This translated into effective tutoring support: students guided by LearnLM performed
at least as well as students chatting with human tutors on each learning outcome we measured. In
fact, students who received support from LearnLM were 5.5 percentage points more likely to solve
novel problems on subsequent topics (with a success rate of 66.2%) than those who received tutoring
from human tutors alone (rate of 60.7%). In interviews, tutors highlighted LearnLM’s strength at
drafting Socratic questions that encouraged deeper reflection from students, with multiple tutors even
reporting that they learned new pedagogical practices from the model. Overall, our results suggest
that pedagogically fine-tuned AI tutoring systems may play a promising role in delivering effective,
individualized learning support at scale.
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1. Introduction

One-to-one tutoring is the gold standard for supporting students’ learning and education. Decades of research
demonstrate that individualized tutoring results in substantial gains in learning [1–3]. Unfortunately, the
high cost of one-to-one tutoring and relative scarcity of educators makes this support inaccessible for most
students and classrooms. The tension between tutoring’s effectiveness and inaccessibility presents an enduring
challenge for education systems: can educators deliver individualized support in a way that is both highly
effective and broadly scalable?

A growing number of researchers and practitioners now look to generative AI (“genAI”) as a potential solution
to this challenge [4–7]. Indeed, a wave of new tutoring systems incorporate genAI for direct interactivity with
students [8]. Yet rigorous, in-classroom research on the learning efficacy of genAI remains scarce [9]. The
evidence that does exist is mixed: while some studies suggest genAI can offer effective instruction [10–13],
others find that deploying genAI tutoring systems without appropriate pedagogical safeguards can actively
harm learning [14, 15].

Here we report the results of an exploratory randomized controlled trial (RCT) with 𝑁 = 165 students,
designed specifically to evaluate if an AI tutor can safely and effectively support students in UK secondary school
classrooms. Our study took place on the Eedi educational platform, an evidence-based learning ecosystem that
provides students with both curriculum-aligned mathematics activities and one-to-one support from remote
human tutors via online chat conversations. In our experiment, we tested whether LearnLM—a genAI model
fine-tuned for pedagogical applications [16–18]—could help scale this assistance.1 To ensure a high standard

1Since the launch of this RCT, Google DeepMind has infused the pedagogical capabilities of LearnLM into the Gemini model family (see
goo.gle/learnlm for details). Teams seeking to replicate these findings or build similar experiences should now use Gemini 2.5 Pro.
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(a) (b)

Figure 1 | We designed this exploratory RCT to evaluate the safety, pedagogy, and efficacy of LearnLM. (a)
The RCT randomly assigned each of 𝑁 = 165 students to receive either static hints or interactive tutoring.
Students in the tutoring condition experienced a further level of randomization. When they started a tutoring
session, the platform randomly assigned them to either a session with a human tutor or a session with LearnLM
(supervised by a human tutor). This design allows us to compare static, pre-written support against interactive
tutoring, as well as human tutoring against (supervised) tutoring from LearnLM. (b) In sessions with LearnLM, a
supervising tutor reviewed each message that LearnLM drafted. They could either edit the message, completely
re-write it, or approve it without any changes. The Eedi platform then sent the message to the student.

of safety and pedagogy for all students in our trial, 𝑁 = 17 expert human tutors directly supervised LearnLM,
assuming ultimate responsibility for every interaction it had with students. In particular, the tutors appraised
each message that LearnLM generated, retaining full control to approve, edit, or replace it before it reached
the student.

LearnLM proved to be a trustworthy source of pedagogical instruction, with the supervising tutors approving
over 76% of its messages without changes or with only minimal edits (changing one or two characters; e.g.,
deleting an emoji). In fact, across all of the learning outcomes we measured, supervised support from LearnLM
proved at least as effective as guidance from a human tutor. Most surprisingly, students tutored by LearnLM
exhibited measurably better knowledge transfer than those receiving support from human tutors alone. On
average, supervised support from LearnLM improved the probability of a student solving a novel problem
correctly by 5.5 percentage points over guidance from a human tutor.

To better understand this broad effectiveness, we surveyed and interviewed the supervising tutors for their
perspectives on LearnLM. They reported that LearnLM consistently generated high-quality, Socratic dialogue,
providing a strong foundation for academic interactions with students. The supervising tutors’ interventions
tended to focus on moderating the dialogue’s pacing and providing the social and emotional nuance required
to maintain student engagement.

Overall, our exploratory RCT identifies several avenues for new research on AI and education, while also
suggesting a potential role for genAI tutors in delivering effective, individualized learning support at scale.
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2. An Exploratory Classroom Trial

Our RCT aimed to evaluate LearnLM in a rigorous, real-world, in-classroom testbed. Hundreds of secondary
schools in the UK integrate the Eedi learning platform directly into their mathematics instruction. The platform
provides students with curriculum-aligned study units and a spectrum of personalized support, including two
forms of assistance central to this RCT: carefully designed hints for common misconceptions in each study
unit, and one-to-one guidance from trained, expert tutors via online chat interactions. Students who receive
this standard support on the Eedi platform experience the equivalent of two additional months of academic
progress, with the impact doubling for highly engaged students [19]. We recruited 𝑁 = 165 students in Year 9
and 10 (ages 13–15) across five of these schools for the RCT (see Appendix A). Each student and each tutor
provided informed consent to participate in the trial. The trial ran from May through June 2025.

The trial leveraged these two forms of Eedi support—hints and chat-based tutoring (“hybrid tutoring” [20])—as
baselines to assess the pedagogical efficacy of LearnLM (see Figure B.1 in Appendix B). During the trial period,
we randomly assigned each student either to receive static pedagogical support (pre-written hints) or to enter
an interactive one-to-one tutoring session (Figure 1; see also Appendix B). Students in the tutoring condi-
tion experienced a further level of randomization: when a student entered a tutoring session, we randomly
connected them either with an expert human tutor or with LearnLM (supervised by a human tutor). We
prompted LearnLM to adopt a Socratic approach aimed at guiding the student to identify their own mistake,
and provided the model access to the full question text, the student’s incorrect answer, and explanations
for both the student and a teacher about the misconception underlying the incorrect answer, among other
information (see Appendix D.1).

Our approach allowed us to pose a set of four research questions:
RQ1: Was LearnLM a reliable and pedagogically sound source of instruction?
RQ2: Was interactive tutoring (whether delivered by a human tutor alone or in a supervised session with

LearnLM) more effective for student learning than static pedagogical support?
RQ3: For students receiving interactive tutoring, was support from a supervised session with LearnLM more

effective than support from a human tutor working alone?
RQ4: What can we learn from tutor and student experiences of interacting with LearnLM?

To answer these questions, we adopted a Bayesian framework and directly estimated the magnitude and
credibility of our treatment effects. Unlike standard frequentist approaches, this method allows us to calculate
the probability that one intervention outperforms another by a specific magnitude, providing a more practical
foundation for making decisions about real-world deployment. For all analyses, we assigned identical, weakly
informative priors to each intervention. We then used the resulting posterior distributions to calculate the exact
probability that outcomes in one group exceeded those in another, providing a more precise signal than a simple
comparison of the intervals (cf. [21–23]). For complete experimental details, see Methods and Appendices A–D.

3. Results

We first verified the basic safety and quality of LearnLM’s tutoring (RQ1) by auditing the full corpus of 3,617
messages that it drafted, as well as the supervising tutors’ decisions to approve, edit, or rewrite those messages.
LearnLM proved a trustworthy source of instruction. The tutors who supervised and reviewed its messages
accepted 74.4% without any edits. As judged by edit distance [24, 25], many of the 𝑘 = 926 instances where
tutors edited or rewrote a suggestion reflected minor or targeted adjustments (see Table E.1 for examples). The
two most frequent edit distances, accounting for 5.5% and 2.4% of re-writes, were just a single character and
two characters, respectively; these virtually always reflected a tutor deleting or changing an emoji. The median
intervention altered 59 characters, or just a few words. Still, after the RCT finished, we asked the supervising
tutors to systematically review the corpus of edits and re-writes. This review revealed zero instances of harmful
or risky content and only five factual errors, or 0.1% of the total 3,617 messages that LearnLM drafted (see
Table E.2 in Appendix E). Overall, a close audit confirmed that LearnLM provided safe and reliable guidance
during the trial.

Next, we evaluated effects on student learning (RQ2, RQ3), comparing students’ performance after receiving
one of the standard interventions on the Eedi platform or interacting with LearnLM. As described in Methods,
students worked through a series of short study units, each consisting of several multiple-choice questions

3



AI tutoring can safely and effectively support students: An exploratory RCT in UK classrooms

Figure 2 | Student progression through the study unit. If a student makes a mistake on the first question in a
study unit, they receive a support intervention. We analyze whether the intervention helps the student identify
and remediate their mistake, resolve the misconception underlying their incorrect choice, and transfer the
knowledge from the intervention to the next study unit. See Methods and Appendix C for more information on
the Eedi platform.

designed to assess a specific mathematical topic (Figure 2). Whenever a student answered the first question
in a unit incorrectly, the platform triggered a support intervention. Depending on their assigned condition,
students either received a static, pre-written hint specific to their mistake on that question, or an interactive
(chat-based) session with a tutor. Immediately following the intervention, the platform presented the student
with the exact same question and prompted them to try answering it again.

Echoing prior research [3], interactive support with a human tutor proved far more effective for this kind
of immediate course-correction. Students who joined a real-time session with a human tutor were substantially
more likely to correct their mistakes than were those who received a static, pre-written hint (see Figure 3,
left). In particular, 91.2% of students who received interactive support from a human tutor solved the problem
correctly on their second attempt (with a 95% credible interval of [88.5%, 93.6%]), compared to only 65.4%
[63.8%, 66.9%] of students who received a static hint. Supervised instruction from LearnLM proved just as
effective at helping students correct their mistakes. Students receiving guidance from LearnLM answered their
second attempt correctly 93.0% [90.4%, 95.3%] of the time. (For context, simply eliminating the previous
mistake and guessing from the remaining options would yield an expected success rate of 33.3%.)

If a student still answered the question incorrectly on their second attempt, the platform provided them
with several additional opportunities to correct their underlying misconception. Specifically, it offered them
two attempts at a new question on the exact same mathematical topic. We thus examined whether tutoring
helped students eventually resolve their misunderstanding—that is, whether they answered any of the post-
intervention questions correctly. On this broader measure, interactive tutoring once again proved superior
to static hints (see Figure 3, center). When working with a human tutor, 94.9% [92.6%, 96.8%] of students
resolved their misconception, relative to only 86.8% [85.7%, 88.0%] of students receiving pre-written hints.
No meaningful difference emerged between students working with LearnLM and those working with human
tutors. Students tutored by LearnLM resolved misconceptions 95.4% [93.1%, 97.1%] of the time. For this kind
of near-term correction, both interactive methods appear equally effective.

Of course, the critical question is whether these guided successes (the opportunity to remediate mistakes
and resolve misconceptions) reflect durable learning (the ability to solve a new problem without any assistance).
Within the scope of this RCT, the best test for durable effects of tutoring is how students performed when
progressing to a new topic. The Eedi platform organizes study units into sequences of five, where each unit
builds directly upon the last. Our subsequent analysis therefore analyzed a student’s likelihood of correctly
answering the initial question in the very next unit in their current sequence.

Here, a clear advantage for LearnLM’s tutoring emerged (see Figure 3, right). Students tutored by LearnLM
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Figure 3 | Tutoring interventions improve student learning outcomes. (left, center) For immediate learning
outcomes, sessions with human tutors and expert-supervised sessions with LearnLM promote similar growth
for students. Students who receive interactive tutoring from either source substantially outperform students
who receive pre-written, static hints. (right) In contrast, students tutored by LearnLM demonstrate greater
knowledge transfer to new topics than those supported either by static hints or by human tutors alone. Error
bars indicate 95% credible intervals. Dashed lines represent the chance of success when guessing randomly
(33.3%, 66.7%, and 25%, respectively).

on a study unit proved substantially more likely to answer the first question in the following unit correctly
(66.2% [61.1%, 71.2%]) than students who had received help from an unassisted human tutor (60.7% [55.8%,
65.4%]). In particular, a supervised session with LearnLM increased the likelihood of learning transfer to
a distinct topic by an additional 5.5 percentage points [–1.4%, +12.4%] relative to human tutoring. Both
tutee groups, in turn, outperformed students who had received only a static hint (56.2% [54.2%, 58.2%]).
Altogether, we attribute a high credibility (93.6%) to LearnLM offering better support for knowledge transfer
than human tutors alone, and near certainty (>99.9%) to its advantage over static, pre-written hints. The
AI-supported interventions fostered a more durable and transferable understanding—an advantage revealed
only when students faced a fresh challenge. (See Appendix F for our full analysis of learning outcome data.)

Throughout the RCT, we sought a richer, more nuanced understanding of the experience of interactions with
LearnLM (RQ4) by conducting in-depth, semi-structured interviews with a random subset of 𝑁 = 5 supervising
tutors (see Table 1). In addition, we invited all students and supervising tutors to share their thoughts in brief
surveys. We gathered 𝑁 = 27 student responses from a post-trial survey, and 𝑁 = 17 tutor responses on both
pre- and post-trial surveys. These firsthand perspectives help contextualize LearnLM’s effectiveness and the
specific role that human expertise played in its tutoring successes.

Over the course of the trial, supervising tutors came to view LearnLM as a source of high-quality, expert-
level pedagogical insights. The most prominent theme from our interviews, raised independently by all five
interviewed tutors, was LearnLM’s consistent use of Socratic dialogue. Tutors reported that its suggestions
prompted a more inquisitive, student-led interaction. One tutor highlighted its ability to ask “really good
questions that I hadn’t necessarily thought of [...] in a good way, a nice way” (T3). As another reported,
“[LearnLM] definitely explained certain topics in a better way than I probably could have” (T5). This praise
aligned with tutors’ actions during the trial: as established earlier, the tutors approved the vast majority of the

Tutor ID Gender Years of teaching experience

T1 F 6–10 years
T2 F More than 10 years
T3 F More than 10 years
T4 F More than 10 years
T5 F 6–10 years

Table 1 | We conducted semi-structured interviews with a subset of five supervising tutors to seek a deeper,
nuanced understanding of LearnLM’s behavior and the general experience of participating in the RCT. Table A.1
in Appendix A contains comparable details for the full sample of supervising tutors.
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messages drafted by LearnLM without any edits or changes.
In interviews, three tutors noted that supervising this high standard of instruction prompted an unexpected

outcome on their part: professional growth and development. For instance, one tutor contrasted LearnLM’s
Socratic strategy with their prior approach, noting that the drafted messages prompted “questions more like
‘Okay, what made you think that was the answer?’ [...] whereas before [...] my main goal was to identify their
misconception myself” (T1). Another explained, “I remember thinking, ‘Oh, I hadn’t thought of explaining
it that way before.’ Just like when you watch another teacher” (T2). Over the course of the trial, LearnLM’s
standard of instruction made a considerable impression on the tutors who supervised it.

One-to-one tutoring requires sustained, substantive effort to process the scenario at hand and craft effective
pedagogical guidance. LearnLM’s ability to consistently generate high-quality pedagogical responses thus made
the entire tutoring process more fluid and efficient. Our post-trial surveys corroborated this; when asked about
LearnLM’s most useful feature, 82.4% of tutors chose “supporting multiple students at the same time.” This new,
effective process quickly set a new standard for the supervising tutors. In fact, every tutor that we interviewed
independently raised this increased capacity as a key strength. As one tutor explained in their interview, “I got
to the point of being disappointed when I didn’t get [a session] with the AI suggestions” (T2). These positive
experiences translated into a broad increase in comfort with AI across the cohort. Tutors’ self-reported comfort
with using AI tools rose from an average of 3.4 [2.9, 4.0] out of 5 in the pre-trial survey to 3.9 [3.3, 4.4] in the
post-trial survey (posterior probability of increase: 90.0%).

Building LearnLM’s pedagogical insights into effective tutoring conversations, however, required the su-
pervising tutors to incorporate social and emotional nuance from their understanding of the students. Our
retrospective analysis of the 25.6% of cases where tutors edited or re-wrote LearnLM’s messages identified
two primary motivations for these interventions: moderating the pedagogical pacing of the conversation
and providing social-emotional nuance to LearnLM drafts. The most frequent intervention was adjusting the
conversation’s pacing to prevent exasperating students, accounting for 44.3% of all edits. Our tutors echoed
this specific challenge in five of our five interviews. As one tutor explained in their interview, “quite often the
students just got frustrated, and then they lost complete interest in the question, so it was a case of overriding
it” (T2). Tutors often found it necessary to step in when LearnLM’s Socratic questions, while pedagogically
sound, persisted longer than a student’s patience. One tutor described a common scenario where “[LearnLM]
will go, ‘Okay, you’ve got the answer. Let’s dig a little deeper about why you’ve got that answer.’ And the child
is just like, ‘No, I’ve got it. I know what I’m doing. Can I go now?”’ (T1).

Providing social and emotional context to LearnLM’s drafts emerged as a second prominent motivation
for supervisors’ interventions. In total, 19.5% of tutors’ edits adjusted the persona or tone conveyed by the
drafted messages. Tutors consistently added personal touches that recognized the student as an individual.
For example, one tutor noted the importance of acknowledging a student they had helped before, a nuance
LearnLM could not replicate, given that its prompt did not provide any information on past tutoring sessions:
“...if you’d already helped that student twice before, [LearnLM] didn’t quite have the capability to go like, ‘Oh
Sarah, it’s you again. Hi!’ And I like to have that kind of rapport” (T3). Tutors also calibrated the tone of
the messages to ensure they were appropriate for student communication styles. One tutor remarked that
LearnLM’s predilection for emojis “comes across as a bit fake, and [...] the students pick up on that” (T1).
Overall, the human tutors grounded LearnLM’s suggestions with social and emotional nuance, translating its
pedagogical insights into effective educational interactions.

Finally, student feedback indicated broad satisfaction with their tutoring interactions. In post-trial surveys,
students who received interactive tutoring rated the helpfulness of the support they received an average of 3.9
[3.1, 4.7] out of 5, relative to 3.6 [2.9, 4.2] for students who received static hints (posterior probability of an
advantage for tutoring: 74.9%). Ultimately, interactive tutoring delivered not just strong learning outcomes,
but an enjoyable experience for the learners themselves.

4. Discussion

When deployed responsibly, can generative AI safely and effectively support students in real-world learning
environments? Our exploratory trial investigated whether LearnLM—a genAI model fine-tuned for pedagogical
applications—could help provide in-classroom guidance across five UK secondary schools. Students in these
schools use Eedi, an online mathematics platform that effectively improves learning outcomes [19], for their
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regular instruction. We incorporated LearnLM into the platform so that it drafted messages to send to students
in chat-based tutoring sessions. Of course, genAI tools carry well-known risks, including their capacity to
fabricate information [26, 27] and erode critical thinking [28, 29]. Given the heightened ethical weight of
these risks in educational settings, we assigned a group of expert (human) tutors to directly supervise LearnLM,
assuming ultimate responsibility for each of its interactions with students. The tutors applied a simple, rigorous
standard: they revised each of LearnLM’s drafts until they were satisfied sending the message as their own.

The supervising tutors found LearnLM to be a reliable source of pedagogical instruction, approving the
vast majority of its drafted messages without any edits. A systematic review of the drafted messages revealed
zero instances of harmful content and only five factual errors out of 3,617 messages drafted by LearnLM
total. For students, this translated into effective support for learning: tutoring from LearnLM helped students
identify their mistakes and correct their misconceptions just as well as instruction from human tutors alone.
Unexpectedly, students tutored by LearnLM demonstrated greater knowledge transfer to subsequent topics
than did students who received guidance from human tutors.

Tutors consistently praised LearnLM’s use of Socratic dialogue, but also noted that the model’s relatively
inflexible adherence to pedagogical principles threatened to exasperate some students. The best human tutors,
in contrast, draw on experience, empathy, and judgment to decide when to push students and when to moderate
their approach. This is a constant judgment call for tutors: weighing the long-term benefits of productive
struggle against the immediate risks of frustrating a student and causing them to disengage completely. This
delicate calibration remains a fundamental challenge for current AI systems [30–33].

Beyond safety and pedagogy, expanding access to one-to-one tutoring will require improving its cost and
scalability. In our interviews, the supervising tutors consistently reported that LearnLM made their work feel
more fluid and efficient. Our own anecdotal observations during the trial supported these reports: tutors
appeared comfortable managing higher workloads during their supervised sessions. Unfortunately, the design
of this RCT—with tutors fluidly switching from supervision to direct interaction during the same classroom
periods—precludes a rigorous measurement of throughput or efficiency for each condition. After the trial, we
simulated additional sessions as an informal test of scalability (see Appendix G). The results of this informal
test corroborate the improved efficiency of the supervised sessions, with tutors sustaining a higher volume of
simultaneous conversations when supported by LearnLM. Altogether, these signals support a possible role for
genAI tutoring in helping educators to deliver individualized instruction at scale.

Overall, the design of this exploratory RCT allowed us to rapidly validate LearnLM’s safety and gather
initial signals of its efficacy. We measured these outcomes using students’ standard, daily activities on the Eedi
platform. This approach provided us with learning signals immediately, eliminating the need to develop and
administer new trial-specific assessments, or to wait for the next round of standardized exams. In addition, by
randomly assigning the source of support for each individual tutoring session, we could measure the alternating
impact of LearnLM and human tutoring on the same students. This approach disentangled tutoring effectiveness
from pre-existing student differences, permitting us to detect meaningful indications of efficacy working with
just five schools.

On the other hand, this design offers only a partial glimpse at the broader trajectory of learning. Randomizing
the source of tutoring session-by-session allowed our RCT to efficiently investigate immediate learning outcomes,
but also prevented it from isolating the cumulative impact of working with LearnLM over time. Measuring
substantive, longer-term effects on learning will require a different approach. In addition, the finding from our
interviews that tutors learned from supervising LearnLM indicates another methodological wrinkle. If tutors
applied those insights in sessions without LearnLM, that crossover might dampen the measured difference
between the two tutoring conditions. Future research can overcome these limitations by assigning students to
receive one consistent type of support for an entire study, ideally following their progress over several months
and tracking their performance on external, standardized assessments. Such a longitudinal approach could help
determine whether the immediate successes that we observed translate into persistent, substantive learning
gains—a vital step toward validating the potential of AI tutoring to deliver scalable, individualized support for
students and educators.

To what extent might the tutoring efficacy we observe in this RCT generalize beyond mathematics? In part,
LearnLM’s strong performance reflects the nature of the inputs that we provided to it: questions with precise
answers, discrete incorrect responses, and validated explanations of why students might have veered off the
right path. Mathematics curricula often focus on verifiably solvable problems, so they readily offer this clear
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structure. In contrast, many other subjects taught in secondary school emphasize ambiguity, interpretation,
and argumentation. Consequently, LearnLM’s performance in this trial offers limited evidence for its ability
to shepherd students through more interpretive activities in fields like history or literature. We will need to
conduct research across a diverse range of subjects to understand where current AI tutors may already offer
strong support, and which domains require us to develop new, distinct approaches to AI pedagogy.

Ultimately, our research did not start from scratch with this trial. Two lines of conceptual and empirical
groundwork enabled this RCT: first, a generative AI model specifically fine-tuned for pedagogy [16–18], and
second, an educational platform deeply rooted in learning science [19]. Our results integrating LearnLM
into the Eedi ecosystem illustrate how learning science and technological development can complement one
another to support and scale better learning outcomes for students. Moving forward, we invite collaboration
across the AI and learning science communities to partner on new research and offer an honest appraisal of
how this technology helps—or hurts—students and educators in different contexts and settings. Building and
sharing this knowledge helps bring us closer to the goal of providing effective, safe, and accessible learning
opportunities for all students.

5. Methods

Our protocol underwent independent ethical review, with a favourable opinion from the Human Behavioural
Research Ethics Committee at Google DeepMind (#25 003).

Participants We recruited 𝑁 = 165 students from five UK secondary schools to participate in the trial. We
drew the cohort exclusively in Years 9 and 10 (ages 13–15), from classrooms that incorporate the Eedi platform
as part of their regular mathematics instruction for one hour per week. Each student provided informed consent
to participate in this research. As part of their informed consent process, we explained to students that their
tutors might rely on AI support during the trial. A pool of 𝑁 = 17 expert tutors—all qualified teachers with
extensive teaching experience—delivered the trial’s interactive interventions (i.e., tutored students directly and
supervised tutoring sessions with LearnLM). Each tutor also provided informed consent to participate in this
research.

Platform The Eedi platform provides a range of curriculum-aligned mathematics activities for students and
classrooms. In this RCT, we focused on student performance on its short study units, each designed to assess a
specific mathematics topic and consisting of diagnostic multiple-choice questions with four response options
(Figure 2). Whenever a student answers the first question in a unit incorrectly, the platform triggers a support
intervention. Immediately following this intervention, the platform prompts the student to retry the question
that they originally missed. If they miss this question again, the platform presents them with a new question on
the same topic, written to assess the same topic and misconceptions using different concrete details. Students
complete a unit and progress to the next unit as soon as they answer a question correctly, or after they incorrectly
answer all four questions. The platform organizes these study units into sequences of five. Individual study
units in a sequence build iteratively upon one another, so students must typically grasp one before successfully
engaging with the next.

Model LearnLM is a family of generative AI models fine-tuned to specialize in pedagogical dialogue.1 For this
RCT, we accessed the most recent version of LearnLM available at the time, fine-tuned from Gemini 2.0 Flash.
We connected the Eedi platform to LearnLM via a custom API created specifically for this trial. During platform
tutoring sessions with LearnLM, the platform assembled a strictly defined system prompt instructing the model
to draft a concise, Socratic response aimed at guiding the student to self-correct their specific misconception
without revealing the answer. The prompt also provided rich real-time context, including the question text, the
student’s incorrect answer, and the specific misconception underlying the answer identified by the platform
(see Appendix D.1 for the detailed prompt). The platform sent the assembled prompt to the API, which then
returned a draft response from LearnLM for the platform to pass to the supervising tutor for approval, editing,
or re-writing.
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Procedure We conducted the exploratory RCT over seven consecutive weeks (May through June 2025). The
trial employed a two-level randomized controlled design to address our research questions. First, we randomly
assigned students to either the control condition (𝑁 = 91 students) or the tutoring condition (𝑁 = 74 students).
Second, specifically for students in the tutoring condition, we randomly assigned each individual tutoring
session to either a human expert or to LearnLM (under supervision from a human expert).

Whenever a student in the control condition answered a question incorrectly, they received a pre-written
message designed to prompt reflection on a specific misconception, based on which incorrect option they
selected (a “static hint”). The platform then prompted them to retry the question.

To support the tutoring condition, we scheduled a team of tutors to remain on-call in the Eedi platform
during class hours on each day of the trial. Whenever a student in the tutoring condition answered a question
incorrectly, the standby team received an alert. One of the tutors would then initiate a session with the student.
The platform randomized each of these sessions to either connect the tutor directly to the student (“session
with a human tutor alone”) or to assign them to supervise the model (“supervised session with LearnLM”).
That is, tutors both directly guided students and oversaw sessions with LearnLM on the same day. In supervised
sessions with LearnLM, the human tutor reviewed the suggestions generated by the model and approved,
edited, or replaced each drafted message before the platform sent it to the student. The student interface
appeared identical across both conditions, with no explicit indication of whether the student was connected
with a human tutor alone or a tutor supervising LearnLM.

For both conditions, we recorded the student and question identifiers, timing, correctness, and position
(both within its study unit and within its sequence of five units) of every attempted answer on the platform.

To complement this central evaluation, we incorporated several qualitative lines of inquiry. First, we
recorded the entire message corpus and the supervising tutors’ decisions. Throughout the seven-week trial, the
platform logged every draft generated by LearnLM, the supervising tutor’s action (approve, edit, or re-write),
and the finalized message sent to the student. Second, we administered short baseline and endline surveys to
all supervising tutors. All tutors completed both rounds (𝑁 = 17). Third, we invited all participating students
to complete a short survey via the Eedi platform after the trial concluded, resulting in 𝑁 = 27 responses. Finally,
we randomly selected five tutors and invited them to participate in hour-long, semi-structured interviews.
These interviews followed a standardized protocol designed to elicit detailed narratives of their experiences
supervising LearnLM.

Analysis. We evaluated efficacy across three primary quantitative outcomes derived from Eedi platform data:
mistake remediation (success at attempting a question a second time, after an intervention), misconception
resolution (success at answering any question within a study unit, after an intervention), and knowledge
transfer (success at answering the first question of the next study unit within the same sequence, after an
intervention). We leveraged Bayesian regression to estimate treatment effects for these outcomes. We included
baseline performance as a covariate in all regression models to account for pre-existing differences between
students. The success rates reported in the Results section represent posterior predictive margins estimated
from these regressions, adjusting for students’ baseline performance. Practically speaking, these estimates differ
only negligibly from the unadjusted success rates observed during the trial (see Appendix F for all unadjusted
success rates and posterior predictive margins).

To verify the safety and pedagogical quality of LearnLM’s tutoring, we audited the full corpus of drafted
messages through an iterative, inductive process [34]. We first counted the number of outright approvals
without changes. For all edited and re-written messages, we quantified the magnitude of change by computing
the Levenshtein distance and the edit ratio (the Levenshtein distance divided by the total character count of the
initial draft). We then categorized the apparent functional purpose of each revision. Specifically, a generative
AI model (Gemini 2.5 Pro [35]) performed an initial coding of every edit, processing 30 to 50 pairs of original
and edited messages at a time. Two members of the research team reviewed and refined the generated codes
into a focused codebook. Next, two expert tutors reviewed each pair of messages to validate the assigned codes.
A member of the research team then conducted a final review of the coding decisions to ensure consistency
and accuracy. Finally, the research team synthesized these codes into broader themes and specifically searched
the coded corpus for any instances of harmful or erroneous generations.

We took an iterative approach to identify themes in the supervising tutors’ interviews, following emerging
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guidance on applying genAI tools to support qualitative coding [14, 36, 37]. A member of the research team
first reviewed all transcripts to gain familiarity with the content. We then applied a generative AI model
(Gemini 2.5 Pro) to identify segments of text describing tutors’ perceptions, experiences, or attitudes and
to generate initial descriptive labels for them. A member of the research team then refined them into clear
definitions, organized them into a structured set of themes, and then manually applied these labels to the full
dataset. Finally, a member of the research team verified every coded excerpt against the original transcript to
create a complete audit trail.

Finally, we analyzed responses from our short surveys for additional context on student and tutor experiences
and perspectives.
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A. Participants

A.1. Students

The trial included 𝑁 = 165 students in Year 9 and 10 (ages 13–15) from five UK secondary schools. Participants
ranged in age from 13 to 15. Among those who reported their gender, the cohort was relatively evenly split
(51.1% female, 48.9% male).

The schools varied broadly in academic performance and socio-economic background. Progress 8 scores
ranged from –0.68 to +0.24, spanning the 5th to 75th national percentiles for state-funded schools in
England [38]. Free School Meal eligibility ranged from 12% (representing affluent areas) to 26% (closely
aligned with the national secondary school average of 25.7% [39]). However, the schools contained low
proportions of students speaking English as an Additional Language (EAL), ranging from 2–11%. These rates
fall below the national average and do not reflect the EAL rates seen in major urban centers [40].

A.2. Tutors

A pool of 𝑁 = 17 expert tutors delivered the interactive interventions in the RCT and provided additional
insights in baseline surveys, semi-structured interviews, and endline surveys (Table A.1).

Tutor ID Gender Years of teaching experience Additional contributions

T1 F 6–10 years Interview, surveys (baseline, endline)
T2 F More than 10 years Interview, surveys (baseline, endline)
T3 F More than 10 years Interview, surveys (baseline, endline)
T4 F More than 10 years Interview, surveys (baseline, endline)
T5 F 6–10 years Interview, surveys (baseline, endline)
T6 F More than 10 years Surveys (baseline, endline)
T7 F More than 10 years Surveys (baseline, endline)
T8 F 3–5 years Surveys (baseline, endline)
T9 F 6–10 years Surveys (baseline, endline)
T10 M 6–10 years Surveys (baseline, endline)
T11 F More than 10 years Surveys (baseline, endline)
T12 F 6–10 years Surveys (baseline, endline)
T13 F More than 10 years Surveys (baseline, endline)
T14 F More than 10 years Surveys (baseline, endline)
T15 F More than 10 years Surveys (baseline, endline)
T16 F 3–5 years Surveys (baseline, endline)
T17 F More than 10 years Surveys (baseline, endline)

Table A.1 | Teaching experience and additional research contributions for all supervising tutors.
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B. Trial

The research presented in this report focuses on two types of support interventions provided by the Eedi
platform: static, pre-written hints that map to particular student misconceptions about individual topics, and
interactive, chat-based tutoring (Figure B.1).

To estimate baseline performance levels, we examined data from regular platform usage during the ten
weeks preceding the trial, from March 1 to May 12, 2025 (the baseline period). During this period, the platform
provided all students with static hints when they answered the first question of a study unit incorrectly.

Following the baseline period, we conducted the RCT over seven consecutive weeks, from May 13 to June
30, 2025 (the trial period). At the start of the trial, we randomly assigned each student to one of two conditions.
Students in the control condition continued to receive only static hints after they made a mistake on the initial
question of a study unit. Whenever a student in the tutoring condition answered the first question of a study
unit incorrectly, the platform instead initiated an interactive, chat-based tutoring session for them. The students
in the tutoring condition experienced a further level of randomization: at the start of each of their tutoring
sessions, the platform randomly connected the student either to a human tutor working alone or to a supervised
session with LearnLM.

Because the Eedi platform dynamically triggered support interventions based on students’ real-time perfor-
mance, the trial did not follow a fixed schedule. Beyond these platform-initiated support interventions, students
in both conditions could also manually request tutoring support at any time. In addition, the platform allowed
students to cancel tutoring sessions at any time (potentially including when the session was still pending and
before a tutor had sent a message). If a student cancelled a tutoring session, the platform would immediately
provide them with a static hint instead. Consequently, the total frequency and timing of interventions varied
from student to student, depending entirely on their individual activity and performance on the platform.

Figure B.1 | Our RCT focused on two support interventions on the Eedi platform. After making a mistake in a
study unit, students in the control condition received static hints (left), which deliver immediate, pre-written
feedback targeting the specific misconception underlying the incorrect answer they chose. Students in the
tutoring condition (right) received one-to-one, chat-based assistance from a tutor.
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C. Platform

The full ecosystem of support on the Eedi platform includes a number of features beyond the two that this RCT
employs as interventions (i.e., beyond static hints and interactive tutoring; Figure B.1).

The core of the Eedi ecosystem is its vast library of over 60,000 diagnostic questions. This library consists
entirely of multiple-choice questions covering K-12 mathematics topics, all following a specialized epistemic
structure. Every question incorporates one correct answer and three incorrect answers (distractors), with each
distractor mapped to a specific, common student misconception. When a student answers a diagnostic question
incorrectly, this structure allows the platform to precisely identify the underlying error in their thinking based
solely on their answer choice.

After identifying a misconception from a student’s error on a diagnostic question, the platform guides the
student to a library of materials corresponding to the overall topic of that question. These materials include
in-depth videos crafted by expert teachers, featuring worked examples that model key thinking steps. The
platform also triggers a pre-written hint based on the individual distractor that the student picked, providing
immediate feedback on the misconception underlying that distractor. Finally, the platform allows students to
request and access one-to-one, chat-based support from experienced (human) tutors as they work through
diagnostic questions.

Beyond immediate intervention, the platform provides personalised retrieval practice to help students
consolidate learning over time. It also offers pre-requisite practice to prepare students for upcoming topics and
“stretch and challenge” questions for those who have mastered a concept and are ready for greater difficulty.

Finally, the platform equips educators with detailed analytics dashboards and targeted instructional tools.
Teachers can view insights on class-wide and individual student-level misconceptions, as well as data on student
effort and proficiency. Other tools allow teachers to present relevant diagnostic questions to their entire class or
smaller targeted groups.

For the duration of this RCT, to investigate our research questions, we made several targeted changes to the
student experience. In particular, we imposed an automated trigger following an incorrect answer, immediately
assigning students to receiving either a static hint or an interactive tutoring session.
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D. Model

D.1. Tutoring prompt

We used the following system prompt to constrain LearnLM’s pedagogical approach during tutoring sessions.
The Eedi platform dynamically populated the {placeholder} values in this prompt template before each
individual API call, injecting real-time metadata about the student’s current activity, diagnosed misconception,
and predicted performance:
Listing D.1 | System prompt template
Act as a mathematics tutor named { ChatConstants . BotName } who is currently helping a student

↩→ named { ChatConstants . FirstName } with the activity below in a clipped , Socratic style .

# Directives
- Do not let students know you are a bot , you are { ChatConstants . BotName } the tutor .
- No LaTeX or markdown . Plaintext only. Even if the question has latex in it.
- Use short , focused sentences .
- Ensure you address the students ’ specific misconception , if they have one.
- Use only British English , British weights , and measures .
- Keep it direct , concise and friendly . Try to keep messages short and to one line where

↩→ possible .
- End session if the user is rude , they ’ve resolved their misconception / guessed the correct

↩→ answer , or finished .
- Only ask the student one question at a time.
- Only return responses on a single line , no line breaks .
- Do use a creative variety of emojis , but NOT the wink emoji
- If the user asks to go , let them go!
- If a user knows the correct answer (e.g. "It ’s B)" or "A)?") , say you can return them to

↩→ their lesson Or you can dig deeper to help them understand (in case they are guessing !)
- If the user is unsure , not confident , off - topic or rude please be friendly in your responses .

↩→ Acknowledge their concerns and pivot accordingly , maybe try simple questions to get them
↩→ back on track .

- If a user doesn ’t engage after a few messages , ask them if they want to go back to the lesson .

# The Current student activity
The below is what the student was doing when this learning intervention started , so assume all

↩→ responses relate to this:
{ ChatConstants . Activity }
# Activity details
{ ChatConstants . QuestionMetaData }
# Students ability level (if provided )
{ ChatConstants . StudentInsight }

# Examples of good Socratic responses
"What happens if we multiply these two numbers first ? "
"Sure! How do you find the perimeter of the shape ?"
" Super work! And what about the triangle ?"
"That ’s okay , did you watch the video for this lesson ?"
" Shall I return you to the lesson ?"
" Could you estimate the height ?"
"Yes it is equilateral so the slant height is 8, so the vertical height would have th be a

↩→ little less"
"Yes sure , so we know what 5km is and we ’re trying to get to 30 km"
"When you are finding the original shape , complete the steps in the reverse direction , and do

↩→ the opposite "
"Ok , so can we try and make some even smaller ones? :)"
"Awesome , I’ll pass you back to Eedi "
"It says that 1g = 10 decigrams "
"And then would have to convert to kilograms afterwards :)"
"So to convert into a decimal , we want it to be over 100 or 1000 or another power of 10"

## Checking understanding (use if the student is confused or unsure )

" Fantastic ! Are you feeling more confident with this ?"
" Great ! Are you happy with how we got to the answer ?"
" Awesome work. Do you feel ready to head back to the lesson ?"

## Closing remarks (use if the student has answered correctly )

" Great job today "
" Amazing work keep it up !"
" Super ! I’ll hand you back to the lesson "
" Great ! I’ll hand you back "
" Fantastic work I’ll hand you back so you can select your answer "

## Rudeness (use if the student is rude e.g. ’shut up ’ or ’I don ’t care ’)

"That ’s not an appropriate way to speak to a tutor . Please remember your manners "
" Please remember your manners can I help you with this question ?"
"I am happy to help you with the maths , but please remember you are speaking to a real person !"
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"That is not an appropriate way to talk to a tutor . If this continue then I will need to pass
↩→ this on to your teacher (only for extended periods of misuse )"

"I am here to help you with the maths and have lots of people to help right now. You need to be
↩→ using the platform maturely so I can help you. I will send you back to the lesson , where
↩→ you can use the videos to help you. I will make a note of your name and if there is
↩→ future silly behaviour we will contact your teacher "

"I will be ending this conversation here as that is not an appropriate way to talk to a tutor .
↩→ I will be letting your teacher know so that they can remind you how to get the most out
↩→ of Eedi. In the meantime please do watch the help videos if you ’re stuck "

# Important response guidelines
- Please don ’t use wink emojis
- If a student wants to end the session , please let them go.
- Do not use the word "bot" or "AI" in your responses .
- Do not give the student the answer .

To help tailor these pedagogical instructions for LearnLM, the prompt included specific directives based on the
student’s year group and predicted performance on the current quiz. Specifically, the prompt incorporated a
directive determined by the student’s year group according to the rules in Table D.1, then included a second
directive based on the student’s predicted quiz score following the logic in Table D.2.

Year group Instructional directive

Year 9 Discuss more abstract ideas and build logical arguments.
Year 10 Explore complex topics in depth, using nuanced language and encouraging critical thinking.

Table D.1 | Instructional directives based on student year group.

Predicted score Instructional directive

Score ≥ 80% The student is predicted to do well. Help with more advanced concepts.
Score ≥ 60% The student is predicted to do okay. Check for understanding of core concepts.
Score ≥ 50% The student is predicted to struggle. Help with core concepts using simple explanations.
Score < 50% The student is predicted to really struggle. Use brief, simple language.

Table D.2 | Instructional directives based on predicted student performance.

The following example shows a prompt populated by following these rules for a hypothetical session with a
Year 9 student working on quadratic functions:

Listing D.2 | Example of a fully populated system prompt
Act as a mathematics tutor named Claire who is currently helping a student named Rose with the

↩→ activity below in a clipped , Socratic style .

# Directives
- Do not let students know you are a bot , you are Claire the tutor .
- No LaTeX or markdown . Plaintext only. Even if the question has latex in it.
- Use short , focused sentences .
- Ensure you address the students ’ specific misconception , if they have one.
- Use only British English , British weights , and measures .
- Keep it direct , concise and friendly . Try to keep messages short and to one line where

↩→ possible .
- End session if the user is rude , they ’ve resolved their misconception / guessed the correct

↩→ answer , or finished .
- Only ask the student one question at a time.
- Only return responses on a single line , no line breaks .
- Do use a creative variety of emojis , but NOT the wink emoji
- If the user asks to go , let them go!
- If a user knows the correct answer (e.g. "It ’s B)" or "A)?") , say you can return them to

↩→ their lesson Or you can dig deeper to help them understand (in case they are guessing !)
- If the user is unsure , not confident , off - topic or rude please be friendly in your responses .

↩→ Acknowledge their concerns and pivot accordingly , maybe try simple questions to get them
↩→ back on track .

- If a user doesn ’t engage after a few messages , ask them if they want to go back to the lesson .

# The Current student activity
The below is what the student was doing when this learning intervention started , so assume all

↩→ responses relate to this:
Current quiz name: Quadratic Functions & Graphing . On question no. 3 of 5.

# Activity details
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The Diagnostic Question : 2r^2 - 4r What is the value of this expression when r = -2?
The student answered option : A) -34
The student friendly explanation for the answer is:
I think you found the first part correctly , but remember that 4r means 4 x r
The misconceptions possibly held by the student are: Arithmetic error in substitution ,

↩→ misunderstanding of order of operations with negative numbers .
The correct answer to this question is: C) 16 (NOTE: Correct answer is only confirmed upon

↩→ valid Socratic resolution )
The correct answer explanation is: We have 2 * ( -2) ^2 - 4 * ( -2) = 2 * 4 + 8 = 16.

# Students ability level (if provided )
The student is in year group 09.
Discuss more abstract ideas and build logical arguments .
- They are 28% through the lesson
- Their predicted score for the quiz is 86%
- The student is predicted to do well. Help with more advanced concepts .

# Examples of good Socratic responses
"What happens if we multiply these two numbers first ? "
"Sure! How do you find the perimeter of the shape ?"
" Super work! And what about the triangle ?"
"That ’s okay , did you watch the video for this lesson ?"
" Shall I return you to the lesson ?"
" Could you estimate the height ?"
"Yes it is equilateral so the slant height is 8, so the vertical height would have th be a

↩→ little less"
"Yes sure , so we know what 5km is and we ’re trying to get to 30 km"
"When you are finding the original shape , complete the steps in the reverse direction , and do

↩→ the opposite "
"Ok , so can we try and make some even smaller ones? :)"
"Awesome , I’ll pass you back to Eedi "
"It says that 1g = 10 decigrams "
"And then would have to convert to kilograms afterwards :)"
"So to convert into a decimal , we want it to be over 100 or 1000 or another power of 10"

## Checking understanding (use if the student is confused or unsure )

" Fantastic ! Are you feeling more confident with this ?"
" Great ! Are you happy with how we got to the answer ?"
" Awesome work. Do you feel ready to head back to the lesson ?"

## Closing remarks (use if the student has answered correctly )

" Great job today "
" Amazing work keep it up !"
" Super ! I’ll hand you back to the lesson "
" Great ! I’ll hand you back "
" Fantastic work I’ll hand you back so you can select your answer "

## Rudeness (use if the student is rude e.g. ’shut up ’ or ’I don ’t care ’)

"That ’s not an appropriate way to speak to a tutor . Please remember your manners "
" Please remember your manners can I help you with this question ?"
"I am happy to help you with the maths , but please remember you are speaking to a real person !"
"That is not an appropriate way to talk to a tutor . If this continue then I will need to pass

↩→ this on to your teacher (only for extended periods of misuse )"
"I am here to help you with the maths and have lots of people to help right now. You need to be

↩→ using the platform maturely so I can help you. I will send you back to the lesson , where
↩→ you can use the videos to help you. I will make a note of your name and if there is
↩→ future silly behaviour we will contact your teacher "

"I will be ending this conversation here as that is not an appropriate way to talk to a tutor .
↩→ I will be letting your teacher know so that they can remind you how to get the most out
↩→ of Eedi. In the meantime please do watch the help videos if you ’re stuck "

# Important response guidelines
- Please don ’t use wink emojis
- If a student wants to end the session , please let them go.
- Do not use the word "bot" or "AI" in your responses .
- Do not give the student the answer .
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E. Tutor edits

Throughout the trial, the Eedi platform logged every message drafted by LearnLM and the corresponding
action of the supervising tutors (approve without changes, edit, or completely re-write). In total, LearnLM
generated 𝑘 = 3617 drafts over the course of the RCT. As described in Methods, we processed every modified
draft through a rigorous coding process to categorize the primary apparent motivation for the supervising
tutor’s intervention.

E.1. Minor edits

The supervising tutors most frequently made no change or only a minimal change to the messages that LearnLM
drafted. Tutors accepted 𝑘 = 2, 691 (74.4%) of its drafts without any modifications, and the most common
non-zero edit distances were a single character (5.5% of edits) and two characters (2.4%). Overall, 17.7% of
re-writes involved a Levenshtein distance of 10 characters or fewer. These minimal revisions predominantly
involved tutors deleting emojis from LearnLM’s drafts and other minor stylistic adjustments (Table E.1).

Original LearnLM draft Edited tutor message Edit distance

Nearly there! You’ve correctly expanded some
of the terms, but double check how you’ve
combined your ‘x’ terms. What’s 2x – 10x?

Nearly there! You’ve correctly expanded some
of the terms, but double check how you’ve
combined your ’x’ terms. What’s 2x – 10x?

1

You’re right that it goes up from left to right.
But what about from right to left? Try

reading the graph backwards. What’s happen-
ing to the y values then?

You’re right that it goes up from left to right.
But what about from right to left? Try

reading the graph backwards. What’s happen-
ing to the y values then?

1

Still not quite there. Think carefully about
subtracting a negative.

Still not quite there. Think carefully about
subtracting a negative.

2

Nearly! –8 – 4 is...? Nearly! –8 – 4 is...? 3
You’ve got the total number of teachers right!
Now, how does that total relate to the 360

degrees in the pie chart?

You’ve got the total number of teachers right,
20! Now, how does that total relate to the
360 degrees in the pie chart?

4

You’re on the right track. But does this tri-
angle have a right angle?

You’re on the right track. Does this triangle
have a right angle?

5

Nearly! Remember, we’re talking about a
prism. Can you picture what a triangular
prism looks like? How many triangles can
you see?

Not quite! Remember, we’re talking about
a prism. Can you picture what a triangular
prism looks like? How many triangles can you
see?

8

Table E.1 | Examples of minor edits that tutors made to LearnLM’s message drafts. These edits typically involved
small stylistic adjustments, such as word choice or deleting single emojis. In the first two columns, blue
underlined text indicates the differences between LearnLM’s original draft and the final message sent by the
tutor. The “Edit distance”column reports the Levenshtein distance between the two.

E.2. Safety and accuracy audit

As part of the coding process, tutors explicitly flagged any instances of harmful or factually incorrect content
that LearnLM generated. This audit uncovered zero cases of harmful or risky content. It identified only five
drafts containing factual inaccuracies, representing 0.1% of the 3,617 total messages drafted by LearnLM.
Table E.2 documents these five specific instances, the nature of the error that they made, and (from the trial
itself) the supervising tutor’s intervention.
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Original LearnLM draft Edited tutor message Edit distance Error type

Okay! Let’s think about that. So
you’re saying the highest common
factor of 6 and 9 is 2? Can you
showme how you got that answer?

Okay! Let’s think about that. So
you’re saying the highest common
factor of 6 and 9 is 3? Can you
showme how you got that answer?

1 Mathematical error

Triangles, yes! 三角形 But how
many, and what kind of triangles?
Have a close look at that equilat-

eral triangle when it’s split by the
perpendicular height.

Triangles, yes! But how many, and
what kind of triangles? Have a
close look at that equilateral trian-
gle when it’s split by the perpen-
dicular height.

3 Language error

Brilliant! What are those three
numbers?

Brilliant! What are those two num-
bers?

4 Hallucination

Ah, I see! So, you’re saying ‘D)
Certain’. What does a probability
of 0.9 tell you about how likely an
event is to happen?

Ah, I see! So, you’re saying ‘D)
Impossible’. What does a probabil-
ity of 0.9 tell you about how likely
an event is to happen?

9 Hallucination

Okay, you’ve changed your answer
to C. That’s 0.3. So, you’re saying
the chance of it not snowing is the
same as the same as the chance of
it snowing? Is that right?

H2: Okay, you’ve changed your an-
swer to C. That’s 0.5. So, you’re
saying the chance of it not snow-
ing is half, but snowing wasn’t a
half. What do snow and not snow
need to ADD to make?

59 Hallucination

Table E.2 | The five message drafts identified during the safety audit as containing factual or hallucinatory
errors. In the first two columns, blue underlined text indicates the differences between LearnLM’s original draft
and the final message sent by the tutor. The “Edit distance”column reports the Levenshtein distance between
the two.

E.3. Primary motivations

Our coding process revealed several recurring motivations for tutors’ edits. The most frequent was moderating
the pedagogical pacing of the conversation (44.3%), typically to allow a student to move on after correctly
identifying an answer. Tutors also intervened to improve factual or contextual clarity (33.6%) and to adjust
the tone or persona of the drafted message (19.5%). Table E.3 provides examples of original LearnLM drafts
and the revised messages sent by tutors for each of these motivation categories.
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Original LearnLM draft Edited tutor message Edit distance Primary motivation

Okay... 6 is a factor of 6, that’s
true! But what other num-
bers divide into 6 exactly?

Great... 6 is a factor of 6,
that’s true! But what other
numbers divide into 6 exactly?

4 Tone or persona

You’re using the values on
the graph. But what does
subtracting 0 from 20 tell you
in this context?

You’re using the values on
the graph. So how many
students are in the class?

44 Factual or contextual clarity

You’ve got the correct answer!
But, let’s make sure you

understand why. Can you
explain in your own words
why option A is correct?

You’ve got the correct answer!
After we subtract 3, we

have to multiply the whole
expression of p – 3 by 4

74 Pedagogical pacing

Table E.3 | Examples of supervising tutors editing LearnLM drafts to moderate pedagogical pacing, improve
clarity, or adjust tone. In the first two columns, blue underlined text indicates the differences between LearnLM’s
original draft and the final message sent by the tutor. The “Edit distance”column reports the Levenshtein
distance between the two.
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F. Learning outcomes

F.1. Methodology

We evaluate the efficacy of our interventions by analyzing three specific learning outcomes:

1. Mistake remediation: After a student went through the standard intervention loop (the student makes a
mistake, receives an intervention, and the platform prompts them to retry the same question), did they
correctly answer the question on their retry?

2. Misconception resolution: Following an initial mistake and intervention, did the student demonstrate
improved understanding by answering any subsequent question in the unit correctly?

3. Knowledge transfer: If the student received an intervention and then proceeded to the next study unit,
did they correctly answer the first question in the new unit?

We analyze these binary outcomes using Bayesian logistic regression. To disentangle treatment effects from
unobserved student characteristics, we calculate a baseline performance score for every student. We estimate
these baseline scores using data from the baseline phase of the RCT. Specifically, we fit a logistic regression
that predicts success at answering the initial question in a study unit during the baseline phase, with student
random effects as the only explanatory variable. We then include these scores as covariates in our primary trial
regressions. Three students do not appear in the baseline period. We assign each of these three students a
baseline performance score of zero (i.e., the mean of the random effects).

As described in Appendix B, the RCT involved two types of tutoring sessions: platform-initiated sessions,
which the platform triggers automatically after an incorrect answer to an initial question in a unit, and student-
initiated sessions, which students can manually request at any time. We restrict our quantitative analysis
strictly to platform-initiated sessions. This exclusion criterion helps avoid skewing our estimates with selection
bias, as high student motivation likely correlates with both requesting help more frequently and higher overall
performance.

Students occasionally cancelled platform-initiated before the tutor could send a message (in session without
LearnLM) or approve a message from LearnLM (in expert-supervised sessions). In these cancellation instances,
we code the intervention as a static hint. Because students at this stage do not know if the platform assigned
them to a standard human tutor or a session with LearnLM, the treatment assigned by the platform cannot
influence the student’s decision to cancel. Consequently, coding these instances as static-hint interventions
introduces negligible bias into our comparison between human tutoring and LearnLM tutoring.

F.2. Analysis

We perform all Bayesian estimation using the rstanarm package in R [41]. For each estimation, we run four
Markov chains for 2,000 iterations each, with the first 1,000 iterations serving as warmup and the remaining
1,000 as post-warmup samples. To ensure the reliability of our posterior estimates, we perform convergence
diagnostics on the MCMC chains. For all analyses in this tech report, R̂ values (the Gelman-Rubin diagnostic)
were below 1.01, and the effective sample size (ESS) for each parameter was sufficiently high to indicate stable
posterior estimates.

We use weakly informative priors for all regressions. After centering and scaling all predictors by one
standard deviation, we assign the intercept a normal prior with a standard deviation of 10, and each coefficient
a normal prior with a standard deviation of 2.5. To avoid any doubt, this means that we assigned identical
priors to each intervention condition.

We report point estimates as the posterior mean of the coefficient, exponentiated to produce odds ratios
(OR). We also report the estimated predictive margins for each condition. We calculate predictive margins by
averaging the estimated success probability over all observations as if every student had been assigned to that
specific condition, leaving other covariates unchanged. The difference between these margins gives the average
treatment effect (ATE), the expected change in success probability when moving from one condition to another.
The ATE values we report represent percentage-point changes—rather than relative percent changes—between
two percentages (e.g., an increase from 10% to 12% reflects an ATE of +2%). We provide 95% credible
intervals (CrI) for all estimates.
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Intervention type N Remediated mistake Resolved misconception

Static hint 3,301 64.5% 86.4%
Human tutor 504 92.3% 95.6%
LearnLM (supervised) 467 93.8% 95.9%

Table F.1 | Sample sizes and unadjusted success rates by intervention type.

F.3. Results

F.3.1. Immediate learning outcomes

We first examine whether students immediately benefited from the help they received within the same study
unit. We observe large differences in unadjusted success rates between intervention types. While only 64.5%
of students who received static hints successfully remediated their mistake following the hint feedback, those
receiving interactive tutoring achieved success rates above 90% (see Table B1). In addition, we note that
the number of observations varies noticeably between the three interventions. Several factors contribute to
these differences. First, our initial level of randomization allocated more students to the static-hints condition
(𝑁 = 91) than to the tutoring conditions (𝑁 = 74). Second, as described above, the count of static-hint
interventions includes the instances when students chose to cancel tutoring interventions. Third, students
in the static-hints condition showed an overall higher frequency of answering questions incorrectly, thereby
triggering more interventions.

We infer the general efficacy of these interventions using Bayesian logistic regression, adjusting for baseline
performance.

For mistake remediation, a session with a human tutor increased the odds of success by a factor of 5.7
[4.1, 8.0] relative to a static hint, reflecting an estimated ATE of +25.8% [+22.6%, +28.9%]. Compared
to static hints, a session with LearnLM improved a student’s odds of remediating their mistake by a factor of
7.4 [5.1, 11.0], corresponding to an ATE of +27.7% [+24.6%, +30.4%]. Looking at the posteriors for these
comparisons, we believe with high certainty (a >99.9% posterior probability in each case) that each tutoring
intervention provides stronger support than static hints for students.

Students demonstrated an overall high success rate at resolving misconceptions, even when receiving only
static hints (86.4%). Nevertheless, interactive tutoring produced further gains. Interacting with a human tutor
improved the chances of a student resolving a misconception relative to working through a static hint, with OR
= 2.9 [1.9, 4.6] (ATE: +8.1% [+5.6%, +10.3%]). Sessions with LearnLM yielded a similar improvement,
increasing odds of resolution by a factor of 3.2 [2.0, 5.3] over receiving a static hint (ATE: +8.5% [+6.2%,
+10.7%]). Again, we believe with high certainty (>99.9% posterior probability in each case) that each tutoring
intervention encourages better learning than static hints.

A direct comparison of the two tutoring conditions reveals a moderate probability that LearnLM’s tutoring
outperforms human tutors on these immediate metrics. For mistake remediation, LearnLM sessions increased
odds of success by a factor of 1.3 [0.8, 2.1] relative to human tutors, reflecting an ATE of +1.8% [–1.7%,
+5.4%]). In terms of supporting students at resolving their misconceptions, LearnLM yielded an odds ratio
of 1.2 [0.6, 2.1] compared to human tutors (ATE: +0.4% [–2.5%, +3.3%]). Overall, we estimate an 84.5%
probability that LearnLM offers stronger support for mistake remediation, and a 61.3% probability that it

Intervention type Mistake remediation Misconception resolution

Static hint 65.4% [63.8%, 66.9%] 86.8% [85.7%, 88.0%]
Human tutor 91.2% [88.5%, 93.6%] 94.9% [92.6%, 96.8%]
LearnLM (supervised) 93.0% [90.4%, 95.3%] 95.4% [93.1%, 97.1%]

Table F.2 | Model-estimated success rates by intervention type (predictive margins). Values represent the
expected success rate for an average student assigned to each condition, holding baseline performance constant.
Point estimates represent posterior means; values in brackets indicate 95% credible intervals from the posterior
distribution for the mean.
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provides better support for misconception resolution.

Contrast (A vs. B) Odds ratio Average treatment effect P(A > B)

Human tutor vs. Static hint

Mistake remediation 5.7 [4.1, 8.0] +25.9% [+22.7%, +28.7%] >99.9%
Misconception resolution 3.0 [1.9, 4.7] +8.1% [+5.6%, +10.3%] >99.9%

LearnLM (supervised) vs. Static hint

Mistake remediation 7.4 [5.1, 11.0] +27.7% [+24.7%, +30.5%] >99.9%
Misconception resolution 3.3 [2.0, 5.3] +8.5% [+6.0%, +10.6%] >99.9%

LearnLM (supervised) vs. Human tutor

Mistake remediation 1.3 [0.8, 2.1] +1.8% [–1.7%, +5.4%] 84.8%
Misconception resolution 1.2 [0.6, 2.1] +0.4% [–2.5%, +3.3%] 61.2%

Covariate: Baseline score (+1 SD)

Mistake remediation 1.7 [1.5, 1.8] — —
Misconception resolution 1.8 [1.6, 2.1] — —

Table F.3 | Inferential comparisons between conditions. Odds ratios and average treatment effects represent the
estimated impact of moving from the reference condition (“B”) to the primary condition (“A”). Point estimates
represent posterior means; values in brackets indicate 95% credible intervals from the posterior distribution for
the mean. Posterior probability (the final column) indicates the credibility with which the primary condition
outperformed the reference condition. For “Baseline score”, the odds ratio indicates the increase in odds of
success associated with a one-standard-deviation increase in the student’s baseline performance.

F.3.2. Learning transfer

We next examine whether the learning gains from tutoring extended to novel topics. Results from Appendix F.3.1
demonstrate that interactive tutoring helps students correct immediate misunderstandings on a given topic.
Are the benefits of tutoring large enough to spill over to other topics? To address this question, we again
identify students who made a mistake on a question and received an intervention (either static hints, a session
with a human tutor, or a supervised session with LearnLM). This time, rather than looking at whether the
student immediately benefited from that intervention (within the same study unit; i.e., on the same topic), we
analyze the student’s performance on the initial question of the very next study unit (i.e., on a distinct topic).
To get the clearest possible signal on potential transfers of learning, we specifically investigate transfers within
a continuous study session, restricting our analysis to cases where the student attempted the next sequential
study unit on the same day as the tutoring intervention.

Unlike our prior tests, this analysis allows us to include an overarching control group: students who
answered the previous unit’s question correctly, and thus received no intervention at all. That is, when a student
answered correctly, they had no opportunity to correct a mistake or resolve a misconception. But they could
go on to attempt the next unit, providing a natural benchmark for the effect of our interventions on learning
transfer between topics.

As before, we observe notable differences in unadjusted success rates between intervention types. Students
who received only static hints answered the next unit’s initial question correctly 53.3% of the time. Students
receiving interactive tutoring showed higher success rates: 61.7% for those with human tutors, and 66.8% for
those supported by human-supervised LearnLM. Students in the benchmark group (those who required no
intervention on the prior unit) answered the next unit’s first question correctly 69.8% of the time.

We again estimate the general efficacy of these interventions using Bayesian logistic regression, controlling
for baseline performance.

For knowledge transfer to the next study unit, we first compare these interventions against our benchmark of
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Intervention type N Knowledge transfer(preceding unit)

Static hint 2,385 53.3%
Human tutor 376 61.7%
LearnLM (supervised) 328 66.8%
None necessary 6,907 69.8%

Table F.4 | Sample sizes and unadjusted success rates by intervention type.

typical student progress. We generally expect the benchmark group to show greater signs of knowledge transfer,
given their success at the preceding unit. Indeed, students who answered incorrectly in the prior unit and
received static hints failed to recover the benchmark group’s performance, with OR = 0.58 [0.52, 0.63] and an
ATE of –12.9% [–15.1%, –10.6%]. Students supported by human tutors also fell short of the benchmark group,
with OR = 0.70 [0.56, 0.85] and an ATE of –8.3% [–13.4%, –3.6%]. Similarly, students tutored by LearnLM
trailed behind the benchmark group, with OR = 0.89 [0.70, 1.12] and an ATE of –2.8% [–8.1%, +2.3%].
Scrutinizing the posterior distributions for these comparisons, we believe with high probability (86.3%) that
LearnLM does not support the same amount of learning transfer as the benchmark group. We attribute near
certainty (both >99.9%) to static hints and human tutoring scaffolding less learning transfer compared to the
benchmark group.

Shifting our focus to students needing support, both forms of interactive tutoring produced better knowledge
transfer than did static hints. Interacting with a human tutor increased the odds of student success over static
hints by a ratio of 1.22 [0.97, 1.50], for an estimated ATE of +4.6% [–0.7%, +9.7%]. Similarly, receiving
support from LearnLM improved a student’s odds of successful knowledge transfer by a factor of 1.55 [1.21,
1.96] relative to static hints, corresponding to an ATE of +10.1% [+4.6%, +15.4%]. Judging from the posterior
distributions, we believe that human tutoring offers stronger support for knowledge transfer than static hints
with high probability (95.5%), and that tutoring by LearnLM provides better support with near certainty
(>99.9%).

Finally, we directly compare the two tutoring conditions. We estimate that receiving support from LearnLM
improved a student’s odds of success by a factor of 1.3 [0.9, 1.7] relative to human tutors, corresponding to an
ATE of +5.5% [–1.4%, +12.4%]. Based on this posterior distribution, we find a strong probability (93.6%)
that LearnLM elicited greater knowledge transfer than human tutors alone.

Intervention type Knowledge transfer(preceding unit)

Static hint 56.2% [54.2%, 58.2%]
Human tutor 60.7% [55.8%, 65.4%]
LearnLM (supervised) 66.2% [61.1%, 71.2%]
None necessary 69.0% [67.9%, 70.1%]

Table F.5 | Model-estimated success rates by intervention type (predictive margins). Values represent the
expected success rate for an average student assigned to each condition, holding baseline performance constant.
Point estimates represent posterior means; values in brackets indicate 95% credible intervals from the posterior
distribution for the mean.
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Comparison (A vs. B) Odds ratio Average treatment effect P(A > B)

Static hint vs. No intervention needed

Knowledge transfer 0.6 [0.5, 0.6] –12.9% [–15.1%, –10.6%] <0.1%
Human tutor vs. No intervention needed

Knowledge transfer 0.7 [0.6, 0.8] –8.3% [–13.4%, –3.6%] <0.1%
LearnLM (supervised) vs. No intervention needed

Knowledge transfer 0.9 [0.7, 1.1] –2.8% [–8.1%, +2.3%] 13.7%
Human tutor vs. Static hint

Knowledge transfer 1.2 [1.0, 1.5] +4.6% [–0.7%, +9.7%] 95.5%
LearnLM (supervised) vs. Static hint

Knowledge transfer 1.6 [1.2, 2.0] +10.1% [+4.6%, +15.4%] >99.9%
LearnLM (supervised) vs. Human tutor

Knowledge transfer 1.3 [0.9, 1.7] +5.5% [–1.4%, +12.4%] 93.6%
Covariate: Baseline score (+1 SD)

Knowledge transfer 1.6 [1.5, 1.7] — —

Table F.6 | Inferential comparisons between conditions. Odds ratios and average treatment effects represent the
estimated impact of moving from the reference condition (“A”) to the primary condition (“B”). Point estimates
represent posterior means; values in brackets indicate 95% credible intervals from the posterior distribution for
the mean. Posterior probability (the final column) indicates the credibility with which the primary condition
outperformed the reference condition. For “Baseline score”, the odds ratio indicates the increase in odds of
success associated with a one-standard-deviation increase in the student’s baseline performance.
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G. Operational metrics

Ultimately, we wish to find social and technical educational solutions that can support students safely, effectively,
and—crucially—scalably. Unfortunately for that final point, beyond investigating tutors’ perceptions of efficiency,
our research design is poorly calibrated to compare the throughput of regular tutoring and supervised tutoring.
In our trial, tutors fluidly mixed their activities within the same hour, alternating between supervising LearnLM
and manually tutoring students. As a result, we cannot cleanly attribute their time and thus cannot clearly
assess the relative efficiency of the conditions. The ideal design for evaluating scalability would ideally assign
separate cohorts of tutors to supervise or directly support students.

Still, given students’ and tutors’ general satisfaction with the experience and out of our own curiosity, we
conducted a post-hoc estimation exercise to gauge the potential implications of LearnLM for tutoring scalability.
We integrated platform data from the trial, external market rates, and a supplementary operational simulation
to build an indicative model of operational cost. To be clear, this estimation looks only at narrow financial and
throughput metrics, and must be interpreted holistically alongside the rigorous measures of safety, pedagogical
quality, and user experience presented in the main report.

G.1. Cost inputs

We first identified the basic cost inputs required for a tutoring session, based on commercial rates and platform
data from the main trial.

AI inference fees To estimate the computational costs of a supervised session, we calculated the expense
for an external party to replicate our setup using Gemini 2.0 Flash, the commercial model from which this
version of LearnLM was fine-tuned. Commercial pricing rates for Gemini 2.0 Flash are $0.30 per 1 million
input tokens and $2.50 per 1 million output tokens [42]. Platform data from the main trial indicated that a
typical supervised session consisted of approximately eight conversation turns. On average, LearnLM processed
1,650 input tokens per query (including the full conversation history and system prompt) and generated 200
output tokens per message. This yields an average total computational cost of $0.005 (or £0.0037) per session.

Labor fees The current average UK online tutor rate is £35.29 per hour [43].

G.2. Simulation of throughput capacity

Because we could not cleanly isolate tutor throughput in the main trial, we conducted a supplementary
operational simulation with several of the tutors. Six of the tutors acted on their typical responsibilities, and
six role-played as students. We tested the acting tutors in conditions matching the main trial: once where
they manually drafted all messages (“human tutor”); and once where LearnLM drafted messages, and they
had the remit to revise its messages until they were fully happy with them (“LearnLM (supervised)”). In both
conditions, the role-playing tutors initiated new tutoring sessions in one-minute intervals. They continued
initiating sessions until the acting tutors reached capacity: that is, until the moment either the acting tutor
signaled an inability to cope by pressing a “HELP” button or the role-playing students observed more than one
minute of inactivity. We recorded the number of active sessions at that precise moment.

Tutors took longer to complete the average supervised session (5.1 minutes) than they did to complete the
average session on their own (3.9 minutes). However, the average duration of a single session does not capture
a tutor’s capacity to support multiple students simultaneously. Tutors working alone sustained an average of
2.3 concurrent sessions. In supervised sessions with LearnLM, tutors increased their average concurrency to
3.5 sessions.

G.3. Analysis

Combining the concurrency rates and the session durations from the operational simulation, we estimate that
LearnLM increased overall tutor throughput from 35.4 to 41.2 sessions per hour (assuming a sustained student
load). As shown in Table G.1, despite the additional token costs, LearnLM reduced the estimated total cost per
session by 13.6%, from £0.997 to £0.861.

28



AI tutoring can safely and effectively support students: An exploratory RCT in UK classrooms

Metric Session with human Supervised session
tutor alone with LearnLM

Average session duration (minutes) 3.9 5.1
Average concurrency (sessions) 2.3 3.5
Estimated throughput (sessions per hour) 35.38 41.18
Tutor labor cost (per hour) £35.29 £35.29
LearnLM token cost (per session) — £0.0037
Total cost (per session) £0.997 £0.861

Table G.1 | Operational comparison of standard tutoring sessions (without LearnLM) versus supervised sessions
with LearnLM. Token counts and session durations derive from the main trial; concurrency rates derive from
the operational simulation.
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H. Example transcript

Figure H.1 | Transcript of an example supervised tutoring session with LearnLM. In this example, the supervising
tutor edits the first message drafted by LearnLM (indicated by the struck-through and highlighted text) before
sending it to the student. The tutor approves subsequent LearnLM drafts in this exchange without edits.
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