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Abstract

The development of LLM-based tutor agents
faces challenges in simultaneously ensuring ad-
herence to pedagogical principles and achiev-
ing optimal pedagogical effectiveness, partic-
ularly in dynamic, multi-turn interactions. Ex-
isting methods are often constrained by static
data or sparse reward signals in online set-
tings. To address this gap, we propose Multi-
Horizon Preference Optimization (MHPO), a
novel framework that iteratively refines tutor
agents using a multi-horizon reward function
within a dynamic teacher-student simulation en-
vironment. Specifically, this reward function is
designed to capture both turn-level pedagogical
quality and trajectory-level pedagogical effec-
tiveness, which is estimated via Monte Carlo
rollouts. We further investigate two distinct
strategies to aggregate these rewards for pol-
icy optimization. Our experiments demonstrate
that MHPO significantly enhances base model
performance, achieving a superior balance be-
tween principles and effectiveness compared to
various baselines.

1 Introduction

Given their powerful capabilities, Large Language
Models (LLMs) are increasingly being applied
across the educational landscape (Cheng et al.,
2024; Liu et al., 2024b; Luo and Yang, 2024; Zhang
et al., 2025b; Gao et al., 2025; Chu et al., 2025).
A prominent area of this research focuses on de-
veloping LLMs as personalized tutor agents. The
goal is to create tutor agents that achieve pedagog-
ical alignment—acting not as answer providers,
but as guides (Liu et al., 2024a; Ding et al., 2024;
Kargupta et al., 2024). A primary technique for
this is Socratic questioning, a form of educational
scaffolding where a sequence of carefully crafted
questions prompts students to navigate their own
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Figure 1: Overview of RL paradigms for tutor agent.
Unlike previous methods (a) offline DPO and (b) on-
line RL, our MHPO method (c) integrates multi-horizon
reward while employing fine-grained turn-level opti-
mization.

path to understanding (Wood et al., 1976; Shrid-
har et al., 2022). This interactive process is highly
valued for its ability to foster critical thinking and
genuine self-discovery. The ultimate goal of tutor-
ing is to improve learning outcomes and critical
thinking (Cohen et al., 1982; Ritter et al., 2007).
Expert educators achieve this with not only sound
pedagogy but also remarkable efficiency. They
can precisely focus on the most critical points and
provide targeted guidance that accelerates under-
standing (Anghileri, 2006; Paul and Elder, 2007).
Consequently, true pedagogical effectiveness must
be gauged by both the learning outcome and the
efficiency of the process—a holistic standard exem-
plified by human expertise. However, many current
Al tutors prioritize strict adherence to pedagogical
principles while neglecting interactional efficiency.

A foundational and widely adopted method for
training LLM-based tutor agents is Supervised
Fine-Tuning (SFT) (Macina et al., 2023; Liu et al.,
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2024a; Ding et al., 2024). However, this method
struggles with adaptability because its reliance on
static datasets cannot prepare the agent for the dy-
namic and unpredictable nature of live student in-
teractions(Rafailov et al., 2023; Yu et al., 2020).
To explicitly align the tutor agent’s policy with
pedagogical principles, recent work has turned
to offline preference optimization techniques like
Direct Preference Optimization (DPO) (Sonkar
et al., 2024; Scarlatos et al., 2025; Kumar and Lan,
2024; Rafailov et al., 2023). These methods typi-
cally construct turn-level preference pairs by using
responses generated from different tutor agents,
which are then evaluated and compared against
predefined pedagogical criteria. However, this
paradigm introduces significant limitations: it often
relies on external, more powerful models for gener-
ating high-quality data and lacks feedback on the
final outcome of an interactive dialogue(Dinucu-
Jianu et al., 2025; Yu et al., 2025a). To address this
lack of interactive feedback, an online RL approach
has recently been introduced to optimize the tutor
agent through interaction with a simulated student
(Dinucu-Jianu et al., 2025). However, the critical
challenge of this online paradigm is its reliance
on sparse, trajectory-level rewards. This design
evaluates the dialogue only as a whole, making it
impossible to measure how a turn-level response
impacts the final student outcome, and creating a
severe credit assignment problem.

In this paper, we propose Multi-Horizon
Preference Optimization (MHPO) framework to
jointly optimize for both pedagogical principles
and pedagogical effectiveness. Our framework
achieves this by optimizing the tutor agent with
a multi-horizon reward function derived from inter-
actions within a dynamic teacher-student simula-
tion environment. Specifically, this reward function
is designed to achieve dual objectives by combin-
ing two complementary components. The first is
a short-term, turn-level reward, where an external
LLM-as-a-Judge assesses immediate pedagogical
quality. The second is a long-term, trajectory-level
reward. In contrast to previous methods, this long-
term component, estimated via Monte Carlo roll-
outs within our simulation, allows us to explicitly
estimate how a turn-level response will impact the
overall pedagogical effectiveness. Furthermore,
we explore two distinct strategies to fuse these
multi-dimensional rewards: Linear Scalarization
and Strict Dominance. Based on this fused reward,
we then optimize the tutor agent’s policy using an

iterative DPO framework, a scheme designed to
mitigate distribution shift and ensure continuous
improvement.

We evaluate our MHPO framework using two
backbone models on the MathDial dataset(Macina
et al., 2023). The results demonstrate that our
method significantly enhances the base models’
performance, outperforming baselines by balanc-
ing pedagogical principles and pedagogical effec-
tiveness. Moreover, we conduct further analysis to
validate the efficacy of our framework and provide
a deeper understanding of our two reward aggrega-
tion strategies. In summary, our main contributions
are:

* We propose MHPO, a novel framework that in-
tegrates a dynamic teacher-student simulation
and a multi-horizon reward function to jointly
optimize for pedagogical principles and peda-
gogical effectiveness.

* Experiments demonstrate that MHPO consis-
tently enhances base models and outperforms
baselines by effectively balancing pedagogi-
cal principles and pedagogical effectiveness.

* We provide a comprehensive analysis of two
distinct reward aggregation strategies, offer-
ing critical insights into their performance
characteristics and the trade-offs between data
quantity and quality.

2 Related Work

LLM-based Tutor Agents. Early Intelligent Tu-
toring Systems (ITS) provided instruction but were
often rule-based, lacking the generative capabili-
ties for open-ended dialogue (Graesser et al., 2001;
Aleven et al., 2003; Graesser et al., 2005; Wollny
etal., 2021; Ma et al., 2023). The advent of Large
Language Models (LLMs) has fundamentally trans-
formed this landscape, making it possible for the
first time to create tutor agents capable of fluent, dy-
namic, and pedagogically rich interactions (Zhang
et al., 2025a; Liu et al., 2025).

A primary approach to deploying LL.Ms as tutor
agents involves constructing scaffolded prompts.
For instance, the CLASS framework (Sonkar et al.,
2023) utilizes problem decomposition, step-by-
step scaffolding, and error diagnosis within its
prompts. Similarly, Bridge (Wang et al., 2024)
guides the LLM’s tutoring by defining strategies
and intents from student errors. Furthermore, many
approaches employ Supervised Fine-Tuning (SFT)
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with high-quality, curated data to enhance the tu-
tor agent’s pedagogical capabilities (Macina et al.,
2023; Liu et al., 2024a).

Reinforcement Learning (RL) has emerged as a
promising approach to further enhance tutor agents’
capabilities. One paradigm employs offline pref-
erence optimization techniques like Direct Pref-
erence Optimization (DPO) (Sonkar et al., 2024;
Scarlatos et al., 2025). These methods typically
refine a policy using static preference data. To
incorporate the interactive feedback missing from
static datasets, an online RL approach has also been
explored, where the agent learns directly from inter-
action with a simulated student (Dinucu-Jianu et al.,
2025). However, while these prior methods have
made significant strides in aligning agents with ped-
agogical principles, they have largely overlooked
the critical dimension of interactional efficiency.

Reinforcement Learning for LLM. RL was
first introduced to the training of LLMs for align-
ing them with human preferences (Ouyang et al.,
2022). This foundational approach uses a reward
model to guide policy optimization via an online
algorithm, typically Proximal Policy Optimization
(PPO) (Schulman et al., 2017). More recently,
novel online RL algorithms like Group Relative
Policy Optimization (GRPO) have been proposed
to enhance reasoning capabilities (Shao et al., 2024;
Yu et al., 2025b). While these online methods have
achieved significant success in verifiable domains,
they often suffer from a critical credit assignment
problem when applied to long-trajectory, multi-turn
interactions (Yu et al., 2024; Dong et al., 2025).

As a simpler and more stable offline method,
DPO bypasses the need for an explicit reward
model, thus achieving significant success across
various domains by directly optimizing policies on
pairwise preference data (Rafailov et al., 2023; Ku-
mar and Lan, 2024; Scarlatos et al., 2025). The
DPO framework continues to be refined, with re-
cent variants like SimPO removing the reference
model and ORPO integrating instruction tuning
(Meng et al., 2024; Hong et al., 2024).

Despite its success in training tutor agents, the
typical application of DPO relies on static prefer-
ence data that is distilled from powerful external
models and lacks interactive feedback from stu-
dents (Sonkar et al., 2024; Scarlatos et al., 2025).
In contrast to these prior works, our method in-
tegrates a dynamic simulation environment into
the preference optimization loop, shaping a multi-

horizon reward to enable the joint optimization
of turn-level pedagogical principles and trajectory-
level pedagogical effectiveness.

3 Method

Figure 2 illustrates our proposed MHPO frame-
work. It begins with the initialization of both the
tutor and student agents (Sec. 3.1). Subsequently,
we sample candidate responses and compute their
multi-horizon rewards (Sec. 3.2). Finally, we per-
form iterative policy optimization via Direct Prefer-
ence Optimization (DPO) to refine the tutor agent
(Sec. 3.3).

3.1 Interaction Framework Initialization

We formulate the tutoring process as a goal-
oriented dialogue. Each dialogue is grounded in a
specific background B (e.g., a problem statement
and student profile) and is driven by a clear goal G:
guiding the student to a correct and comprehensive
solution. The dialogue comprises a sequence of
turns, indexed by t. Each turn consists of a stu-
dent utterance u; and a tutor response a;. The tutor
agent’s policy, denoted as g, aims to generate piv-
otal responses to achieve goal G efficiently. At
turn ¢, the policy observes the current state s; =
(B, Ct), where Cy = (ug,ap,...,u—1,at—1,Ut)
represents the dialogue history, and then generates
the next action a;:

at ~ 7T9(' ’ St)- (D

Tutor Agent Initialization. We initialize the
tutor agent with foundational pedagogical skills
through a sequential two-stage supervised fine-
tuning (SFT) process. We first fine-tune the base
language model on a specialized dataset Dgocratic.
This stage enables the model to generate Socratic
responses that productively guide students towards
a solution without directly revealing the answer.
Subsequently, the resulting model is further fine-
tuned on Djyqge to enhance its judgment capability
for accurately verifying student solutions. This abil-
ity is critical for identifying a successful dialogue
outcome. Each stage optimizes the policy param-
eters 6 by minimizing the standard autoregressive
loss on its respective dataset:

ﬁSFT(H; D) = _E(x,y)ND [log 79<y|x)] : @)

Student Agent Simulation. To facilitate itera-
tive reinforcement of the tutor policy, we introduce
a student agent 7y to provide feedback within a
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Figure 2: The overall pipeline of our MHPO framework. This iterative RL framework begins by initializing tutor
and student agents. It then continuously refines the tutor agent through DPO, utilizing preference data derived from
multi-horizon rewards within a dynamic simulation environment.

simulated environment. The student agent is fine-
tuned on Dg;muiation to simulate a diverse range of
student proficiency levels, thereby providing realis-
tic and challenging interactions. Given the current
state s; and the tutor agent’s action a;, the student
agent generates its response u;y1 as the environ-
ment’s feedback:

Upy1 ~ T(- | 8t,a1). €))

This feedback drives the transition of the dialogue
to the next state sy 1.

3.2 Multi-horizon Reward Modeling

To effectively guide the tutor agent’s policy, we
formulate a multi-horizon reward function ‘R that
evaluates candidate actions by combining two com-
plementary components: (1) a short-term, turn-
level reward Rghore reflecting adherence to peda-
gogical principles, and (2) a long-term, trajectory-
level reward Rong measuring overall pedagogical
effectiveness, which encompasses both student out-
comes and dialogue efficiency. For a given di-

alogue state s;, we first sample a set of N dis-
tinct candidate responses {agi) } | from the tutor
agent’s policy mg. Each candidate agi) is then eval-
uated using the reward function R (s, agi)).

Turn-level Reward. This reward component
Rshort (St agi)) provides immediate feedback on
pedagogical quality by evaluating the tutor agent’s
action from the perspective of a skilled educator. In-
spired by the recent success of the LLM-as-a-Judge

paradigm, we estimate this value by prompting a
powerful external LLM to quantify the response’s
alignment with established pedagogical principles.
The judge specifically assesses aspects such as clar-
ity, conciseness, and the effectiveness of Socratic
scaffolding that avoids revealing the final solution.
Detailed prompt can be found in Appendix E.

Trajectory-level Reward. The second compo-

nent Riong(5¢, af)) is introduced to measure the
expected value of the pedagogical effectiveness
given a candidate response agz). We approximate
this value via Monte Carlo rollouts, leveraging the
interactive simulation between the tutor agent and
student agent. Specifically, for each state-action
pair (s, agl)), we simulate M dialogue trajectories.
Each trajectory continues until the problem is suc-
cessfully resolved or a maximum turn limit 75« is
reached. The reward Ropg is then computed by pe-
nalizing the mean number of turns from the current
state to the end of each trajectory, thereby capturing

both student outcome and dialogue efficiency.

Reward Aggregation. Having defined the short-
term and long-term reward components, which can
be represented as a vector r = [Rhort; Riong)> We
aggregate this vector into a unified reward R, using
one of two distinct strategies: Linear Scalarization
(LS) or Strict Dominance (SD).

LS adopts a trade-off-based view. It projects the
vector r onto a single scalar reward, allowing a
high score in one dimension to compensate for a
lower score in another. The aggregated reward is
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computed as a weighted sum:
R = 7?fshort + A 7?flonga (4)

where the hyperparameter A € R explicitly con-
trols the balance between pedagogical principles
and pedagogical effectiveness.

In contrast, SD adopts a stringent view of prefer-
ence, generating a binary reward signal. The mo-
tivation for this approach is that preference-based
algorithms like DPO rely on relative rankings rather
than absolute reward values. Specifically, inspired
by GRPO, which computes an advantage function
within a candidate group (Shao et al., 2024), we
compute the binary reward by comparing a candi-
date’s reward vector r to the group’s mean reward
vector Tgroup. The resulting binary reward R is
defined as:

1
0,

where the > denotes element-wise greater than.

if r > Tgroup )

otherwise

3.3 Iterative Preference Optimization

With the multi-horizon reward function defined, the
tutor agent’s policy is refined via an iterative DPO
framework. We adopt DPO for its superior training
stability and lower resource consumption compared
to online reinforcement learning approaches. To
mitigate the critical issue of distribution shift inher-
ent in offline reinforcement learning algorithms like
DPO, our framework employs iterative reinforce-
ment through a simulated interaction environment.
This iterative process progressively enhances the
tutor agent’s adherence to pedagogical principles

and its overall pedagogical effectiveness.

In each training iteration j, we construct a new
preference dataset DI()JIBO to refine the tutor agent’s
policy. For a current state s, = (B8, C}), given can-
didate responses {agl)}fil and their correspond-
ing aggregated rewards {R(’) ﬁvzl, we compare all
candidate pairs, designating the higher-reward re-
sponse as chosen al’ and the lower as rejected al.
The resulting dataset D]()leo is composed of all such

preference pairs (s¢,al’, al) collected across states
in the iteration j. We optimize the tutor agent’s
policy g using this dataset via the DPO loss:

Trer(ai’|s¢)

_mogwewiisaﬂ ©

Trer(at|s:)

mo(ai’|s
Loro=-E _ ., 1, |logo| Blog o(at'|se)
(st,a3",a4)~Dpp

4 Experiments

4.1 Experimental Setup

Datasets. We conduct our experiments on the
MathDial dataset (Macina et al., 2023). This
dataset comprises 2,861 one-on-one tutoring di-
alogues with 14,197 conversational turns in total.
Each dialogue is grounded in a student’s initial in-
correct solution to a mathematical reasoning prob-
lem from the GSM8k dataset (Cobbe et al., 2021),
with the pedagogical objective being for the tutor
to guide the student to the correct answer. We
adopt the original 80%/20% training and test split
provided by the dataset. All experimental datasets
are based on the original MathDial training set.
Detailed statistics of the datasets are provided in
Appendix A.

Implementation Details. For the student agent,
we employ Qwen2.5-7B-Instruct (Team, 2024)
as the base model. For the tutor agent, we pri-
marily utilize two widely adopted large language
models: Qwen2.5-7B-Instruct and Llama3.1-8B-
Instruct (Dubey et al., 2024) as base models. For
both SFT stages, we use a learning rate of le-5,
a batch size of 32, and train for 3 epochs. In the
iterative DPO training, for a given background and
context, we sample 2 responses from the policy
model. We then use GPT-4o to evaluate the peda-
gogical quality of these responses. Simultaneously,
for each sampled response, we conduct 2 multi-turn
Monte Carlo rollouts until the student successfully
solves the problem or the interaction reaches 10
turns. For the iterative DPO training, we set /3 to
0.2 and train for 1 epoch. All training procedures
are implemented using the Llama-Factory frame-
work (Zheng et al., 2024) with LoRA fine-tuning
(Hu et al., 2022). More implementation details can
be seen in Appendix B.

Baselines. We evaluate our MHPO method,
trained on two distinct backbone models, by com-
paring it against a diverse set of baselines employ-
ing different methodologies: (1) Vanilla, the base
model with a standard, non-Socratic prompt; (2) So-
cratic Prompting (Liu et al., 2024a), the base model
guided by a detailed Socratic prompt; (3) SFT, the
base model fine-tuned using SFT on the dialogue
dataset; (4) Tutor-DPO (Sonkar et al., 2024), an
offline RL method using preference pairs; and (5)
Tutor-RL (Dinucu-Jianu et al., 2025), an online RL
approach that optimizes based on trajectory-level
rewards.
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Backbone Method Ped. Pri. 1 Success rate 1 Avg. Turns | Avg. Tokens |
Vanilla 5271 75 3.47 224.15
Socratic 68.13 38 7.74 276.34
SFT 66.22 45 7.49 147.80
Qwen2.5-7B-Instruct Tutor-RL 63.02 50 6.62 374.25
MHPO-LS (Ours) 69.87 63 6.59 154.90
MHPO-SD (Ours) 72.66 60 7.09 143.79
Vanilla 48.71 73 4.00 192.66
Socratic 67.79 32 8.18 495.36
SFT 65.72 48 7.57 132.11
Llama3.1-8B-Instruct Tutor-DPO 61.76 46 6.88 434.09
MHPO-LS (Ours) 67.49 66 6.69 133.80
MHPO-SD (Ours) 68.53 60 6.87 164.34

Table 1: Performance comparison of different methods across two backbones. MHPO significantly enhances
different base model performance, achieving a superior balance between principles and effectiveness compared to

various baselines.

Metrics. We evaluate the models on two primary
dimensions: adherence to pedagogical principles
(Ped. Pri.) and pedagogical effectiveness. Fol-
lowing prior works (Scarlatos et al., 2025; Dinucu-
Jianu et al., 2025), we assess Ped. Pri. on clar-
ity, Socratic guidance, and other key criteria by
GPT-40. Pedagogical effectiveness is measured by
simulating interactions between each tutor agent
and the simulated student agent, recording the Suc-
cess Rate and Interaction Efficiency. The latter
metric encompasses both the average number of
turns (Avg. Turns) and the average total tokens
(Avg. Tokens) generated by the tutor per dialogue.
More detailed evaluation settings can be found in
the Appendix C.

4.2 Main Results

Base models struggle to balance principles with
effectiveness. As shown in Table 1, base mod-
els without fine-tuning fail to achieve a balance
between adhering to pedagogical principles and
achieving effective teaching outcomes. On one
hand, the Vanilla model achieves a high success
rate of 75% on Qwen2.5-7B-Instruct and 73%
on Llama3.1-8B-Instruct, respectively, with a low
number of rounds. This suggests the model often
defaults to providing the correct answer directly—a
strategy that is effective for task completion but
pedagogically unsound, as reflected in its extremely
low pedagogical principles (52.71 and 48.71). On
the other hand, simply adding a Socratic prompt

significantly improves the model’s adherence to
pedagogical principles, boosting the score to over
67 on both backbones. However, this severely com-
promises pedagogical effectiveness. The success
rate plummets to 38% and 32%, respectively, while
the interaction becomes excessively verbose and
lengthy, as indicated by the sharp increase in turns
and tokens. These findings highlight a critical chal-
lenge: base models tend to operate at two extremes.
They are either effective but unprincipled answer-
givers or principled but ineffective conversational-
ists, failing to achieve the crucial balance required
for expert tutoring.

MHPO can enhance both principles and effec-
tiveness concurrently. The results in Table 1
demonstrate that our proposed MHPO framework
successfully overcomes the trade-off that constrains
the baseline methods, concurrently enhancing ad-
herence to pedagogical principles and pedagogi-
cal effectiveness. Across both the Qwen2.5 and
Llama3.1 backbones, our MHPO variants consis-
tently achieve the highest Pedagogical Principles,
with MHPO-SD on the Qwen backbone reaching
up to 72.66. Unlike the Socratic baseline, this sig-
nificant improvement in pedagogical quality does
not come at the cost of a lower success rate. In
fact, our methods substantially boost the Success
rate to as high as 63% (for MHPO-LS on Qwen)
and 66% (for MHPO-LS on Llama), a consider-
able improvement over other tuned baselines like
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Figure 3: Effectiveness of the two-stage SFT process in
improving the tutor agent’s judgment accuracy.

SFT and Tutor-DPO/RL, which linger in the 45-
50% range. Crucially, these gains in principles and
effectiveness are not achieved at the expense of
interactional efficiency. On the contrary, our meth-
ods demonstrate highly competitive performance in
both dialogue length and token usage. For instance,
MHPO-SD is the most token-efficient method on
the Qwen backbone (143.79). On the Llama back-
bone, MHPO-LS (133.80) achieves its high suc-
cess rate while remaining nearly as concise as the
strong SFT baseline and significantly leaner than
other RL-based approaches. This demonstrates that
by explicitly modeling and optimizing for the dual
objectives of turn-level quality and trajectory-level
effectiveness, our MHPO framework learns a supe-
rior and more balanced policy than other methods.

5 Analysis

Validity analysis of framework initialization.
A foundational requirement for our reinforcement
learning framework is the tutor’s ability to reliably
recognize a successful dialogue outcome, as this
directly informs the trajectory-level reward signal.
The efficacy of our initialization process is vali-
dated in Figure 3. The first stage, fine-tuning on
Dygocratic, €quips the agent with general pedagogi-
cal skills and provides a substantial initial boost
in judgment accuracy. Building upon this founda-
tion, the second stage explicitly fine-tunes the agent
on Djygge, further enhancing its capability to dis-
cern correct final answers. This sequential process
proves highly effective, elevating the final judg-
ment accuracy to 98.88% for Qwen2.5-7B-Instruct
and 96.63% for Llama3.1-8B-Instruct. By achiev-
ing such high reliability, we ensure a clean and
accurate reward signal for the subsequent RL op-
timization, minimizing noise and enabling more
stable policy improvement.

Qwen2.5-7B Instruct Llama3.1-8B Instruct
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Figure 4: Progressive performance improvement across
DPO iterations.

Strategy ‘ Success Ratet  Avg. Turns| Avg. Tokens|
SFT 45 7.49 147.80
Avg. SR 54 7.51 149.44
Avg. Turns 63 6.59 154.90

Table 2: Impact of different trajectory-level reward
strategies (Avg. SR: Average Success Rate).

Iterative refinement progressively boosts per-
formance. To overcome the limitations of static
offline training and mitigate the critical issue of dis-
tribution shift, our framework employs an iterative
DPO optimization process. This approach allows
the tutor agent to continually refine its policy by
learning from preference data generated from its
own ever-improving actions. The effectiveness of
this strategy is clearly demonstrated in Figure 4.
Over just two iterations, the agent achieves sub-
stantial gains, with the Success Rate for Qwen?2.5-
7B-Instruct climbing from 45.0% to 63.0% and
for Llama3.1-8B-Instruct from 48.0% to 66.0%.
Critically, these gains in effectiveness do not de-
grade pedagogical quality; in fact, the Pedagogi-
cal Principles also shows a steady increase. This
confirms the efficacy of our framework’s virtuous
cycle: the improving agent policy continually gen-
erates higher-quality preference data, fueling its
own progressive refinement.

Process-oriented reward outperforms outcome-
oriented reward. We analyze the formulation
of our trajectory-level reward Rjong to identify the
most effective learning signal for the tutor agent,
with results presented in Table 2. A conventional
approach is to directly optimize for the final out-
come, measured by the average success rate (Avg.
SR). This strategy yields a notable 9-point improve-
ment in success rate over the SFT baseline.
However, this gain comes at a slight cost to con-
versational efficiency, as both average turns and
tokens increase. In stark contrast, when optimiz-
ing for an efficiency-focused strategy—minimizing
the average number of turns (Avg. Turns)—we ob-
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Figure 5: Impact of the trade-off hyperparameter A on
principles and effectiveness.

Metric Vanilla  Socratic SFT MHPO- MHPO-
LS SD
SR 70 35 49 63 59
Avg. T. 4.06 7.81 7.22 6.46 6.80

Table 3: Comparison of different methods on the held-
out simulator.

serve a far more compelling result. This approach
not only successfully reduces the dialogue length
from 7.49 to 6.59 turns but also produces a substan-
tially larger 18-point gain in Success Rate. This
finding provides a critical insight: a reward that in-
centivizes efficiency appears to be a more powerful
and effective learning signal than one that solely
targets the final outcome. This insight suggests a
strong coupling between instructional conciseness
and pedagogical success, implying that training
an agent to be efficient is a shortcut to making it
effective.

Balancing principles and effectiveness with \.
We analyze the impact of the hyperparameter A,
which balances the short-term principles reward
(Rshort) and the long-term effectiveness reward
(Riong) in our MHPO-LS method. As illustrated in
Figure 5, the results reveal a clear trade-off. Op-
timizing solely for principles (A=0) yields a high
Pedagogical Principles (70.69) but a very low Suc-
cess Rate (40.0%), confirming that adherence to
principles alone is insufficient for effective tutoring.
As ) increases, the Success Rate demonstrates a
strong and consistent upward trend, climbing from
40.0% to its peak of 65.0% at A=25. Crucially, this
significant gain in effectiveness is achieved with
only a minor decrease in the Pedagogical Princi-
ples, which remains at a high level (above 68.0).

This analysis demonstrates our framework’s abil-
ity to effectively control the quality-effectiveness

=@~ MHPO-LS .
8761 = = MHPO-SD (53%) 66

0 20 40 60 80 100 0 20 40 60 80 100

MHPO-LS Training Data Scale (%)

Figure 6: Performance of MHPO-LS and MHPO-SD
across different data scales.

h, Rej
Strategy ‘ Chosen ejected Num
| Avg.T. Avg.Pri. Avg.T. Avg Pri.
LS 3.74 60.79 7.84 58.20 7,106
SD 3.82 71.14 7.98 46.16 3,778

Table 4: Statistics of preference data generated by dif-
ferent reward aggregation strategies (Avg. T.: Average
Turns; Avg. Pri.: Average Pedagogical Principles).

trade-off and identifies an optimal A region that
maximizes success while maintaining strong peda-
gogical principles.

Out-of-Distribution Generalization. To eval-
uate the agent’s generalization capability in
non-training environments, we assess the out-
of-distribution performance of the Qwen2.5-7B-
Instruct model. Specifically, while our primary
agent was trained through interactions with a
Qwen2.5-7B-Instruct-based simulator, we test its
performance against an unseen simulator based on
Llama-3.1-8B-Instruct, which serves as an unpre-
dictable new learner. As presented in the Table 3,
our MHPO agent maintains a significant perfor-
mance advantage over the SFT baseline on this
held-out environment (+14%). This generalization
capability suggests that the learned pedagogical
strategies are robust and likely to transfer better to
diverse real-world interactions.

Data quantity vs. quality in reward aggregation.
We investigate the trade-off between data quantity
and quality by comparing our Linear Scalarization
(LS) and Strict Dominance (SD) strategies. Table
4 reveals the core difference: SD’s stringent filter-
ing yields a smaller, higher-quality dataset (3,778
pairs), while LS generates a larger, more varied set
(7,106 pairs). Figure 6 illustrates how this trade-
off impacts performance. For Success Rate (right
panel), SD proves more data-efficient, leading at
a 50% data scale (60% vs. 58%). However, LS
scales better with more data, ultimately achieving
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a higher peak of 63% (MHPO-LS on Qwen). For
Pedagogical Principles (left panel), SD’s data qual-
ity advantage is clear, as it consistently achieves
a superior score (peaking at 72.66). In essence,
SD guarantees high pedagogical principles, espe-
cially from limited data, while LS unlocks higher
pedagogical effectiveness when larger datasets are
available.

6 Conclusion

In this paper, we introduced MHPO, a novel frame-
work for training LLM-based tutor agents that bal-
ances pedagogical principles with pedagogical ef-
fectiveness. Our multi-horizon reward function
uses Monte Carlo rollouts to mitigate the credit
assignment problem. Experiments show MHPO
significantly outperforms baselines, with our anal-
ysis revealing that an efficiency-focused reward
provides a superior learning signal for overall ef-
fectiveness. This framework provides a clear path
toward Al tutors that not only deliver guidance
aligned with core pedagogical principles but also
demonstrate superior pedagogical effectiveness in
achieving learning outcomes.

Limitations

While our findings demonstrate the promise of the
MHPO framework, we acknowledge two primary
limitations related to computational resource con-
straints.

Scale of model. Due to computational resource
constraints, our study validates the proposed
MHPO framework on models within the 7-8B pa-
rameter scale (Qwen2.5-7B-Instruct and Llama3.1-
8B-Instruct). While our results show significant
and consistent performance gains at this scale, the
framework’s effectiveness on substantially larger
models remains an open question. Future work
should focus on applying and evaluating MHPO
on large-scale models to confirm its scalability and
impact.

Scale of Monte Carlo rollouts. Another limi-
tation related to computational cost is the scale
of the sampling process for our Monte Carlo roll-
outs. To maintain tractability, our experiments were
conducted with a limited number of candidate re-
sponses (/N=2) and simulation rollouts (M=2) for
estimating the long-term reward. While this con-
figuration was sufficient to demonstrate the frame-
work’s effectiveness over baselines, a more exten-

sive search with a larger N and a more stable value
estimation with a larger M could potentially unlock
further performance gains. Future research should
investigate the impact of scaling these parameters
on the final policy.
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A Datasets Details

The MathDial dataset comprises 2,861 one-on-one
tutoring dialogues with 14,197 conversational turns
in total. Each dialogue is grounded in a student’s
initial incorrect solution to a mathematical reason-
ing problem from the GSM8k dataset, with the
pedagogical objective being for the tutor to guide
the student to the correct answer. We adopt the
original 80%/20% training and test split provided
by the dataset.

The tutor agent’s initial SFT stages utilize specif-
ically constructed datasets Dgocraic derived from
the MathDial training data for Socratic guidance.
It contains 14,905 entries, where each entry corre-
sponds to a tutor’s turn in a dialogue. Each entry
comprises the following content: Question, Ground
Truth Answer, Student Answer, Student Profile,
the preceding Conversation history, and the target
Ground Truth tutor response. Additionally, a sepa-
rate dataset Djyqge 1s specifically constructed to en-
hance the tutor’s judgment capability. This dataset
is derived from student turns within the training
set, categorized by whether dialogues were suc-
cessfully completed or remained unfinished. This
dataset comprises 3,388 entries. A subset of 356
entries from this dataset is specifically reserved as
a test set to validate the judgment accuracy of the
tutor agent. Each entry in Djygge includes the fol-
lowing fields: Question, Ground Truth Answer, and
Student Response. The student agent is trained on
the dataset Dgjnuiation, Which comprises 13,406
samples of student profiles and their dialogue turns
from the MathDial training set.

B Implementation Details

For both SFT stages, we use a learning rate of 1e-5,
a batch size of 32, and train for 3 epochs. In the
iterative DPO training, for a given background and
context, we sample 2 responses from the policy
model. We then use GPT-40 to evaluate the peda-
gogical quality of these responses. Simultaneously,
for each sampled response, we conduct 2 multi-turn
Monte Carlo rollouts until the student successfully
solves the problem or the interaction reaches 10
turns. For DPO training, we use a batch size of 32,
set 5 to 0.2, and train for 1 epoch. The learning rate
for the Qwen2.5-7B-Instruct backbone is 8e-7 for
both iterations. For the Llama3.1-8B-Instruct back-
bone, we apply a learning rate of 8e-7 for the first
iteration, which is then reduced to 8e-8 for the sec-
ond. All training procedures are implemented using

Model Time (s) Cost (¥)
GPT-40 72.37 0.36
GPT-5.1 189.54 0.19
Gemini2.5-flash ~ 958.84 0.70
Gemini2.5-pro 1654.42 2.83
Deepseek-v3 170.32 0.08

Table 5: Resource consumption analysis of different
models

the Llama-Factory framework (Zheng et al., 2024)
with LoRA fine-tuning (Hu et al., 2022), where the
alpha and rank are set to 16, and the dropout rate is
0.05. For inference, we set the model temperature
to 0.7 and top-p to 0.95. We utilize vVLLM (Kwon
et al., 2023) to accelerate the inference process. All
our experiments are conducted on 4x24GB RTX
4090 GPUs.

C Evaluation Details

For pedagogical effectiveness evaluation, we use
the Qwen2.5-7B-Instruct backbone student model
to simulate the environment and employ GPT-40-
mini to assess whether the dialogue is successful.
The evaluation involves randomly sampling 100
scenarios from the test set, and the model to be eval-
uated interacts based on the simulated environment
of the student model. The dialogue continues until
the student correctly solves the problem or reaches
the maximum of 10 turns. The average total tokens
(Avg. Tokens) across all tutor turns in a dialogue
is calculated using the Qwen2.5-7B-Instruct tok-
enizer. For the evaluation of pedagogical principles,
we use the candidate model to generate correspond-
ing actions based on the states in the test set, and
employ GPT-4o for assessment according to prede-
fined detailed prompts. Relying solely on a single
model might introduce specific preference artifacts.
To verify this issue, we expanded our evaluation
framework to include an ensemble of 5 Large Lan-
guage Models. We re-evaluated 100 samples using
these diverse judges and calculated the pairwise
correlations between their scores. We observed
strong consensus across models, with a mean Pear-
son correlation of 0.6328 and a mean Spearman
correlation of 0.6603 (both p < 0.001). We also
tracked the resource consumption for this compre-
hensive evaluation, as shown in the Table 5. The
detailed prompt used for this evaluation is shown
in Figure 11.
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Chosen Rejected

A Value ‘

Num
‘ Avg. T. Avg.Pri. Avg. T. Avg. Pri.

0 5.81 74.96 5.71 46.06 6,763
5 4.77 70.39 6.79 48.12 6,991
10 4.04 65.46 7.55 53.36 6,915
15 3.87 62.54 7.71 56.36 7,183
20 3.74 60.79 7.84 58.20 7,106
25 3.74 59.72 7.85 59.08 7,229

Table 6: Statistics of preference data generated by dif-
ferent A Values (Avg. T.: Average Turns; Avg. Pri.:
Average Pedagogical Principles).

D Supplementary Experimental Results

Table 6 illustrates the impact of the hyperparameter
A on the characteristics of the generated preference
data used for DPO training. As the value of A
increases, placing more weight on the long-term
efficiency reward, the model increasingly prefers
responses that lead to shorter dialogues. This is
evident in the Chosen pairs, where the Average
Turns (Avg. T.) steadily decrease from 5.81 to 3.74.
This gain in efficiency comes at the expected cost
of a relaxed adherence to turn-level pedagogical
principles, as shown by the decreasing Average
Principles (Avg. Pri.) score for the Chosen re-
sponses.

E Prompts

This appendix details the prompts used in our
framework. Figure 7 and Figure 8 present the
prompts of the tutor agent and the student agent,
respectively. The prompt utilized to evaluate the
correctness of the student’s answer is presented in
Figure 9. Figure 10 illustrates the prompt for calcu-
lating the pedagogical principles reward. Figure 11
shows the prompt employed to evaluate how well
responses adhere to pedagogical principles.

F Case Study

In this section, we present a comparative case study
to provide a concrete illustration of the behavioral
differences between our MHPO-trained tutor agent
(Success Example) and a baseline agent (Failure
Example) when addressing the same scenario.

As shown in Figure 12, the MHPO agent demon-
strates a remarkable ability to balance pedagogical
principles with interactional efficiency. After the
student explains their flawed reasoning, the tutor,
in Turn 3, immediately pinpoints the student’s sin-
gle core misconception—confusing "cups per day"

with "cups per meal." It then poses a targeted So-
cratic question to correct this specific error. This
concise and direct guidance, focused on the root of
the problem, allows the agent to steer the student
back to the correct reasoning path and achieve a
successful resolution in a short number of turns.
This behavior emulates the targeted efficiency of
an expert human educator.

In stark contrast, Figure 13 highlights a base-
line agent that prioritizes turn-level pedagogical
principles at the expense of pedagogical effective-
ness. The baseline tutor begins with overly broad
questions like "What do you think about the cal-
culation...?", which fail to provide any meaningful
guidance to the confused student. Subsequently,
the agent gets stuck in a repetitive and unproductive
loop, repeatedly asking "Why...?" without offer-
ing a new perspective. Ultimately, it abandons the
original problem’s context entirely, derailing the
conversation into a confusing sub-problem. This
long and inefficient dialogue fails to correct the
student’s error, perfectly illustrating how a narrow
focus on "asking questions" without strategic fore-
sight compromises the ultimate goal of learning.

This side-by-side comparison validates that our
MHPO framework learns a more sophisticated and
effective tutoring policy, one that is capable of di-
agnosing and addressing student errors with the
precision and efficiency of an expert.
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Prompt for Tutor Agent

# System

You are a teacher that always responds in the Socratic style. You will be given a math question, the ground
truth answer, the student's incorrect answer and the student's profile along with the context of the
conversation, generating response to guide the student to the correct answer. Your response should be
concise, clear, and focused on helping the student understand the problem better.

# Input

Question: {question}

Ground Truth Answer: {gt answer}
Student Answer: {stu_answer}
Student Profile: {stu_profile}
Conversation: {conversation}

Figure 7: Prompt for tutor agent.

Prompt for Student Agent

# System

You are a student who has made an incorrect attempt at solving a math question. You will be given the math
question, the ground truth answer, your incorrect answer, and your profile along with the context of the
conversation. Your task is to reflect on your previous attempt and try to arrive at the correct answer by
engaging in a conversation with the teacher.

# Input

Question: {question}

Ground Truth Answer: {gt answer}
Student Answer: {stu_answer}
Student Profile: {stu_profile}
Conversation: {conversation}

Figure 8: Prompt for student agent.

Prompt for Response Judge

# System

You are a judge that determines whether the student's response is correct or not. You will be given the
question, the ground truth answer and student's response. Your task is to determine if the student's response
is correct or not. If it is correct, return True, otherwise return False.

# Input

Question: {question}

Ground Truth Answer: {gt answer}
Student Response: {student response}

Figure 9: Prompt for response judge.
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Prompt for Reward Modeling

# System

You will be given a math question, the Ground Truth answer, the student's incorrect answer, the student's profile, the
conversation context, the Ground Truth teacher response, and two different teacher responses (Teacher Response A and
Teacher Response B).

# Attention

Your task is to independently rate each teacher response with the Ground Truth teacher response in "Efficient Socratic
Guidance" on a 0-100 scale according to the criteria below.

Assess each response solely based on its own quality and its effectiveness in efficient Socratic guidance within the
given context.

The scoring must be discriminative: assign a higher score for a concise response with rhetorical questions.

Avoid introducing external information or personal biases to ensure the objectivity and accuracy of the analysis. For
example, longer responses do not necessarily indicate better quality.

Only output the two scores (two numbers, separated by a comma and in the order: Teacher Response A, Teacher
Response B). Do not provide any explanation or additional text.

# Evaluation Criteria

Scoring Criteria (0-100):

0-19: The response is excessively long, unclear, or off-topic. It does not ask any guiding questions or encourage student
thinking. Mainly provides information in a didactic or mechanical way.

20-39: The response is somewhat wordy or unfocused, with limited clarity. Rarely uses questions or prompts, and does
little to engage the student's thought process.

40-59: The response is mostly understandable and sometimes uses simple questions or prompts. However, it could be
more concise or more effectively targeted to inspire the student.

60-79: The response is clear and concise, with frequent and well-placed guiding or probing questions. It effectively
encourages the student to think or explain their reasoning, while remaining focused and efficient.

80-100: The response is exceptionally concise, clear, and highly focused. It skillfully uses targeted questions or prompts
to inspire deep student thinking, self-reflection, or correction, with no unnecessary explanation or off-topic content.

# Input

Question: {question}

Ground Truth Answer: {gt answer}

Student Answer: {stu_answer}

Student Profile: {stu_profile}

Conversation: {conversation}

Ground Truth Teacher Response: {gt teacher response}
Teacher Response A: {teacher response A}

\Teacher Response B: {teacher response B}

Figure 10: Prompt for rewarding responses.
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Prompt for Evaluating Pedagogical Principles

# System
You will be given a math question, the Ground Truth answer, the student's incorrect answer, the student's profile, the
conversation context, the teacher's response, and the Ground Truth teacher's response.

# Attention

Your task is to compare the teacher's response with the Ground Truth teacher's response and rate the teacher's
performance in "Efficient Socratic Guidance" on a 0-100 scale according to the criteria below.

Scoring must have discrimination, giving high marks for answers close to Ground Truth. Try to differentiate between
different levels as much as possible. Higher scores for concise responses with rhetorical questions.

Avoid introducing external information or personal biases to ensure the objectivity and accuracy of the analysis. For
example, longer responses do not necessarily indicate better quality.

Only output the score (a single number). Do not provide any explanation.

# Evaluation Criteria

Scoring Criteria (0-100):

0-19: The response is excessively long, unclear, or off-topic. It does not ask any guiding questions or encourage student
thinking. Mainly provides information in a didactic or mechanical way.

20-39: The response is somewhat wordy or unfocused, with limited clarity. Rarely uses questions or prompts, and does
little to engage the student's thought process.

40-59: The response is mostly understandable and sometimes uses simple questions or prompts. However, it could be
more concise or more effectively targeted to inspire the student.

60-79: The response is clear and concise, with frequent and well-placed guiding or probing questions. It effectively
encourages the student to think or explain their reasoning, while remaining focused and efficient.

80-100: The response is exceptionally concise, clear, and highly focused. It skillfully uses targeted questions or prompts
to inspire deep student thinking, self-reflection, or correction, with no unnecessary explanation or off-topic content.

# Input

Question: {question}

Ground Truth Answer: {gt answer}

Student Answer: {stu_answer}

Student Profile: {stu_profile}

Conversation: {conversation}

Teacher Response: {teacher response}

Ground Truth Teacher Response: {GT_response}
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Figure 11: Prompt for evaluating pedagogical principles.
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Success Example

# Question

Every day, Wendi feeds each of her chickens three cups of mixed chicken feed, containing seeds, mealworms and
vegetables to help keep them healthy. She gives the chickens their feed in three separate meals. In the morning, she
gives her flock of chickens 15 cups of feed. In the afternoon, she gives her chickens another 25 cups of feed. How
many cups of feed does she need to give her chickens in the final meal of the day if the size of Wendi's flock is 20
chickens?

# Ground_Truth_Solution

1. If each chicken eats 3 cups of feed per day, then for 20 chickens they would need 3*20=60 cups of feed per day. 2.If
she feeds the flock 15 cups of feed in the morning, and 25 cups in the afternoon, then the final meal would require 60-
15-25=20 cups of chicken feed. Answer: 20

# Student Incorrect Solution

1.Wendi gives each chicken 3 cups of feed per meal, so for 20 chickens, she needs to give 3 x 20 = 60 cups of feed per
meal.In total, for the day, she needs to give 60 x 3 = 180 cups of feed. 2.She has already given 15 + 25 =40 cups of
feed in the morning and afternoon. 3.Therefore, in the final meal, she needs to give 180 - 40 = 140 cups of feed.
Answer: 140

# Student_Profile
Mariana is a 7th grade student. She struggle most with understanding what the problem is asking them to do.

# Conversation

Teacher: Hi Mariana, can you please walk me through your solution?

Student: Sure. I started by figuring out how much feed each chicken gets per meal. Since each chicken gets 3 cups of
feed, for 20 chickens, she needs to give 3 x 20 = 60 cups of feed per meal. Then I figured out how much feed she needs
for the day by multiplying 60 x 3 = 180 cups of feed. Finally, I subtracted the 40 cups of feed she has already given in
the morning and afternoon, so she needs to give 180 - 40 = 140 cups of feed in the final meal.

Teacher: You have correctly figured out that each chicken needs 3 cups of feed per day, but you have multiplied it by 3
as you have said for each meal. However, the question tells us that she feeds the chickens 3 times a day, so how many
cups of feed does each chicken get per day?

Student: Each chicken gets 3 cups of feed per meal, so for 20 chickens, she needs to give 3 x 20 = 60 cups of feed per
day.

Teacher: That's right, so how many cups of feed would she need to give the chickens in the final meal if she has already
given them 15 cups in the morning and 25 cups in the afternoon?

Student: In the final meal, she needs to give 180 - 40 = 140 cups of feed.

Teacher: Remember that she needs to give each chicken 3 cups of feed per day, so how many cups of feed would she
need to give the chickens in the final meal?

Student: In the final meal, she needs to give 60 - 15 - 25 =20 cups of feed.

\. J

Figure 12: A case study with our MHPO-trained tutor agent.
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Failure Example

# Question

Every day, Wendi feeds each of her chickens three cups of mixed chicken feed, containing seeds, mealworms and
vegetables to help keep them healthy. She gives the chickens their feed in three separate meals. In the morning, she
gives her flock of chickens 15 cups of feed. In the afternoon, she gives her chickens another 25 cups of feed. How
many cups of feed does she need to give her chickens in the final meal of the day if the size of Wendi's flock is 20
chickens?

# Ground Truth_Solution

1. If each chicken eats 3 cups of feed per day, then for 20 chickens they would need 3*20=60 cups of feed per day. 2.If
she feeds the flock 15 cups of feed in the morning, and 25 cups in the afternoon, then the final meal would require 60-
15-25=20 cups of chicken feed. Answer: 20

# Student Incorrect Solution

1. Wendi gives each chicken 3 cups of feed per meal, so for 20 chickens, she needs to give 3 x 20 = 60 cups of feed per
meal.In total, for the day, she needs to give 60 x 3 = 180 cups of feed. 2.She has already given 15 + 25 =40 cups of
feed in the morning and afternoon. 3.Therefore, in the final meal, she needs to give 180 - 40 = 140 cups of feed.
Answer: 140

# Student Profile
Mariana is a 7th grade student. She struggle most with understanding what the problem is asking them to do.

# Conversation

Teacher: Hello Mariana, can you please walk me through your solution?

Student: Sure. I started by calculating the total amount of feed needed for the day, which was 60 cups per meal
multiplied by 3 meals, giving me a total of 180 cups of feed. Then I subtracted the 40 cups of feed that Wendi had
already given in the morning and afternoon, leaving me with 140 cups of feed for the final meal.

Teacher: What do you think about the calculation for the total amount of feed for the day?

Student: I think my calculation for the total amount of feed for the day was correct. I multiplied the amount of feed per
meal (3 cups) by the number of meals (3) to get the total amount of feed needed for the day (60 cups).

Teacher: Why did you multiply the number of meals by the amount of feed per meal?

Student: I multiplied the number of meals by the amount of feed per meal because I wanted to calculate the total amount
of feed needed for the day. Since Wendi gives each chicken 3 cups of feed per meal and she has 20 chickens, I
multiplied 3 by 20 to get the total amount of feed needed for the day (60 cups).

Teacher: Why did you multiply 3 by 20?

Student: I multiplied 3 by 20 because Wendi gives each chicken 3 cups of feed per meal and she has 20 chickens, so I
wanted to calculate the total amount of feed needed for the day. Multiplying 3 by 20 gives me the total amount of feed
needed for the day (60 cups).

Teacher: You see, she feeds the chickens in the morning, afternoon and evening. So if she feeds them 3 cups in the
morning and 3 cups in the afternoon, how many cups does she need to feed them in the evening?

Student: Wendi needs to feed the chickens 6 cups in the evening. Since she feeds each chicken 3 cups of feed per meal
and she has 20 chickens, she needs to feed them 3 x 20 = 60 cups of feed in the evening.

Teacher: Remember, she feeds them 3 cups in the morning and 3 cups in the afternoon.

Student: Yes, that's right. Wendi needs to feed the chickens 6 cups in the evening. Since she feeds each chicken 3 cups
of feed per meal and she has 20 chickens, she needs to feed them 3 x 20 = 60 cups of feed in the evening.

Teacher: No, she needs to feed them 6 cups in the evening. That's 2 cups for each chicken.

Student: Oh, I see. Wendi needs to feed the chickens 2 cups in the evening. Since she feeds each chicken 3 cups of feed
per meal and she has 20 chickens, she needs to feed them 2 x 20 = 40 cups of feed in the evening.

Teacher: How many cups does she already give them in the morning and afternoon?

Student: Wendi has already given the chickens 15 cups in the morning and 25 cups in the afternoon, for a total of 40
cups.

Teacher: If she gives them 2 cups each in the evening, how many cups does that add up to for the whole day?

Student: Wendi needs to give the chickens 2 cups in the evening, so that adds up to 2 x 20 = 40 cups. Adding that to the
40 cups she has already given in the morning and afternoon, that gives a total of 80 cups of feed for the day.

Teacher: No, it adds up to 60 cups for the whole day.

Student: Oh, I see. Wendi needs to give the chickens 2 cups in the evening, so that adds up to 2 x 20 = 40 cups. Adding
that to the 40 cups she has already given in the morning and afternoon, that gives a total of 60 cups of feed for the day.

1\ J

Figure 13: A case study with a baseline tutor agent.
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