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Abstract
Small language models (SLMs) have recently attracted attention in Artificial Intelligence in Education (AIED)
because they can be locally deployed with lower computational cost and greater accessibility than large proprietary
models. However, their educational value depends not only on efficiency, but also on whether they can provide
pedagogically meaningful guidance during tutoring interactions. This exploratory study evaluates how three
locally served SLMs (≤ 1.2B parameters), Gemma-3-1B-IT, LLaMA-3.2-1B-Instruct, and Qwen2.5-0.5B-Instruct,
use an explanations-and-analogies pedagogical strategy during mathematics tutoring dialogues. Across 54 multi-
turn sessions, the models were evaluated on explanation quality, analogy use, correctness, focus, usefulness, and
interactional guidance. Results showed consistently limited pedagogical effectiveness across all models, with
no interaction rated as fully satisfactory. At the same time, the models exhibited distinct pedagogical failure
patterns. LLaMA frequently produced incoherent instructional trajectories, Qwen generated inconsistent or
unstable explanations, and Gemma often produced fluent but conceptually misleading tutoring. The findings also
suggest that conceptual mathematical tasks such as place-value reasoning may be less compatible with text-only
tutoring than more procedural tasks, because they rely heavily on multimodal and visual-spatial scaffolding.
Future research should explore more diverse instructional tasks, test additional pedagogical scaffolding to improve
reliability, and refine evaluation metrics to better capture responsiveness and conceptual repair.
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1. Introduction

Recent advances in Small Language Models (SLMs) have opened new possibilities for more accessible
and sustainable applications of generative AI in education. Compared with large language models, SLMs
require fewer computational resources, lower inference costs, and greater local data control, making
them promising for resource-constrained educational settings [1, 2, 3]. These features resonate with
the vision of Artificial Intelligence in Education (AIED) Unplugged, which calls attention to the design
of educational AI for settings where connectivity, devices, and institutional resources are unevenly
distributed [4, 5, 6, 7].

Recent AIED work has argued that SLMs warrant greater attention, as they may support resource-
constrained institutions while still addressing meaningful educational tasks [2]. For example, Katharakis
et al. [8] show that retrieval-augmented SLMs can provide curriculum-based guidance when supported
by appropriate prompting and targeted retrieval. However, the educational value of SLMs cannot
be inferred from efficiency or deployability alone. A model that is inexpensive to run may still be
pedagogically limited if it cannot provide effective instructional support. Research on tutoring systems
based on large language models (LLMs) similarly shows that effective AI tutors require explicit peda-
gogical structure, guardrails, and attention to learning outcomes across dialogues rather than merely
fluent or helpful responses [9, 10]. Expanding on this, De Souza et al. [11] further argue that LLMs
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differ substantially in their ability to sustain pedagogically appropriate interaction patterns, such as
scaffolding, guided questioning, and avoiding immediate solution-giving behaviors during multi-turn
tutoring dialogue. These findings suggest that evaluating AI tutors requires moving beyond answer
accuracy toward the quality of multi-turn pedagogical guidance.

One way to operationalize the quality of multi-turn pedagogical guidance is to examine whether AI
tutors can use specific instructional strategies during interactions. Mollick and Mollick [12] propose
some pedagogical strategies to be mediated by generative AI, including examples, explanations, and
analogies. Among these, explanations and analogies are especially relevant to mathematics learning.
Previous work has examined the quality of LLM-generated middle school mathematics explanations [13],
while recent studies on LLM-generated analogies suggest that analogies may support understanding
but can also require teacher guidance to avoid misleading mappings or overconfidence by the SLM [14].
Thus, explanations and analogies can support understanding but may also introduce misconceptions
when poorly mapped. This makes them a useful lens for evaluating whether SLMs can function not
merely as answer generators but as pedagogical partners in mathematics tutoring.

Building on this literature, this study investigates whether SLMs can reliably use the pedagogical
strategy of explanations and analogies in mathematics tutoring interactions. Rather than treating SLMs
as successful simply because they are low-cost and open-weight, we examine whether they can sustain
pedagogically appropriate guidance across multi-turn dialogues. This study contributes to accessible
AIED research by linking the deployment promise of SLMs with evaluation of their instructional
quality. Specifically, this study addresses the following research questions: 1) To what extent can SLMs
effectively use an explanation-and-analogies pedagogical approach intended to support conceptual
understanding in mathematics tutoring interactions? 2) How do different SLMs, including Gemma,
LLaMA, and Qwen, differ in their pedagogical performance during multi-turn tutoring dialogue?

2. Methods

We evaluated three open-weight SLMs ≤ 1.2B parameters from three popular families: Gemma-3-1B-
IT, LLaMA-3.2-1B-Instruct and Qwen2.5-0.5B-Instruct. All three were obtained from the LM Studio
community repository and served locally through LM Studio. Decoding configuration was held constant
across all sessions: temperature 0.8, context length 512 tokens, and GPU offload set to 16 layers.

The pedagogical strategy under evaluation was Explanations and Analogies, one of five strategies
proposed by Mollick and Mollick [12] for prompting language models to support classroom learning.
Under this strategy, the model is expected to scaffold the learner’s understanding through conceptual
explanations grounded in familiar analogies while withholding direct solutions to assigned problems.

We represented this strategy through a one-shot prompt, which includes a role specification, affirma-
tive rules instructing the model to use analogies and connect each to the learner’s problem, a negative
constraint, and an example input with expected output. One example prompt is shown below:

System: You are a helpful math tutor.
Strategy: Explanations and analogies. Rules: NEVER give the final answer. Use analogy
(Money, Pizza, or Rulers) to explain. Connect the analogy to the student’s problem. Example:
Student: Which is bigger, 0.4 or 0.15? Tutor: Think of money. 0.4 is 4 dimes (40 cents). 0.15 is 1
dime and 5 pennies (15 cents). Comparing 0.4 and 0.15. If you had 4 dimes in one hand and 15
pennies in the other, which hand has more money? Task: Help the student with the question:
«math question here».

We selected two content domains, based on [15], within decimal arithmetic to differ in their structural
relationship to text-mediated instruction: (i) decimal addition which required proper place-value
alignment (e.g., “Solve 2.4 + 1.3”; “Why must decimal points be aligned when adding decimals?”) and
(ii) place-value identification which required reasoning about tenths and hundredths (e.g., “What is the
value of the digit 5 in 3.5?”; “Identify the place value of each digit in 4.37”).



For each session, a rater initiated a fresh chat with the model, supplied the prompt, posed an exercise,
and conducted a multi-turn exchange. The raters were three graduate-student researchers in education
who role-played a beginner learner throughout each session. Each session comprised between 5 and 10
turns, where one turn consists of one rater message and one model response. Data were collected across
three consecutive weeks. Each of three raters conducted two sessions per model per week, yielding n =
54 rated sessions in total (18 per model, 18 per rater). Each session was rated by a single rater and no
double-coding was performed.

Each session was rated on a structured rubric (Table 1) adapted from previous work[12][11]. Ratings
were assigned at the session level: raters evaluated each dimension holistically across all turns, consid-
ering whether the session as a whole would have supported a learner’s progress, rather than averaging
per-turn judgments. When model quality varied across turns within a session, this variation informed
the holistic judgment.

Table 1
Rubric dimensions used to rate each session.

Dimension Scale Definition

Presence of explanation Binary Whether the model offered a conceptual explanation of the topic.
Presence of analogy Binary Whether the model produced an analogical mapping between the

concept and a familiar context.
Clarity 1–5 The coherence and accessibility of the model’s explanations and

analogies.
Correctness 1–5 The factual accuracy of explanations and the structural validity of

analogical mappings.
Focus on the core 1–5 Whether the model addressed the central conceptual demand of

the exercise rather than peripheral detail.
Usefulness 1–5 Whether the model’s explanations and analogies materially sup-

ported the learner’s progress.

Immediate Solution Binary Whether the model produced a complete answer at any point during
the session. This is not desirable.

Hallucination Binary Whether the model fabricated content not grounded in the exercise.
This is not desirable

Guidance 3-level Overall judgment: Satisfactory / Partially Satisfactory / Unsatisfac-
tory.

3. Results

To analyze the data, we computed descriptive statistics (means, standard deviations, and percentages),
presented in Table 2, across the nine dimensions. Given the single-rater design, we interpret these
statistics as characterizing the rated sessions rather than as precise estimates, and complement them
with qualitative observations throughout. With the rubric mentioned in Table 1 as the framework, we
assess rater interactions to understand SLMs pedagogical skills.

3.1. SLMs Do Not Effectively Employ the Explanations and Analogies Strategy

To address RQ1, we first examine the individual ratings on each of the four 1–5 quality dimensions,
shown in Figure 1. For the four positive pedagogical dimensions – Clarity, Correctness, Focus and
Usefulness, across the 54 rated sessions, no model produced a mean above 2.5. No individual session
received a rating of 4 or 5 on Clarity or Usefulness. A rating of 1 was the modal rating across all four
dimensions: 72% of Usefulness ratings, 59% of Correctness ratings, 52% of Clarity ratings, and 50% of
Focus ratings sat at the floor of the scale. A rating of 4 was recorded in 1 of 54 sessions on Correctness
and 2 of 54 sessions on Focus; a rating of 5 was recorded once in total (on Focus).



Table 2
SLM descriptive summary across all rubric dimensions (𝑛 = 18 sessions per model; 𝑛 = 54 total).

Gemma-3-1B Qwen2.5-0.5B LLaMA-3.2-1B

Positive Pedagogical Dimensions
Presence of explanation 94% 100% 78%
Presence of analogy 100% 89% 100%
Clarity 2.06 (0.87) 1.83 (0.71) 1.11 (0.32)
Correctness 1.72 (0.96) 1.67 (0.59) 1.17 (0.38)
Focus on the core 2.11 (1.02) 1.94 (1.00) 1.22 (0.55)
Usefulness 1.44 (0.62) 1.44 (0.62) 1.06 (0.24)

Pedagogical Failure Dimensions
Hallucination 83% 100% 100%
Immediate Solution 28% 50% 17%
Unsatisfactory guidance 94% 100% 100%

Figure 1: Distribution of ratings across 54 sessions on each of the four 1–5 quality dimensions.

The Pedagogical failure dimensions show a comparable trend (Table 2). Hallucination was reported in
51 of 54 sessions (94%); An immediate solution was given in 17 of 54 sessions (32%). Most consequentially
for RQ1, no rater rated any session as Satisfactory in pedagogical guidance across all 54 sessions.
Although a single Gemma session (1.9%) received a Partially Satisfactory rating, all the remaining 53
sessions (98.1%) were rated Unsatisfactory. Collectively, these results indicate that the three SLMs tested
in this study, when prompted to use the explanations-and-analogies strategy, did not reliably produce
pedagogically appropriate guidance during multi-turn mathematics tutoring.

In addition, we observed a pattern between two dimensions of quality: Clarity and Correctness. In
these cases, Clarity scores high while Correctness scores low, meaning the models can sound confident
while still being incorrect. We call this pattern “confidently incorrect”. Figure 2 plots each of the 54
sessions as a single point in a Clarity × Correctness plane. The shaded rectangle in the upper-left of
the plane delimits the confidently incorrect zone: sessions in which Clarity ≥ 3 and Correctness ≤ 2.

For each session, we computed the difference between its Clarity and Correctness ratings. Using
these session-level averages, the difference between Clarity and Correctness varies systematically across
models. Computing each session’s Clarity − Correctness and averaging within model, Gemma’s mean
gap is +0.33 (Clarity averages a third of a point higher than Correctness); Qwen’s is +0.17; LLaMA’s is
−0.06, indicating that Clarity did not exceed Correctness on average. Six of the 54 sessions are located
in the “confidently incorrect” zone: four from Gemma, two from Qwen, and none from LLaMA.

An example Gemma session in this zone involved solving “8.09 + 1.5”. The model used a coin analogy
and step-by-step breakdown, but incorrectly treated 1.5 as 15 pennies (0.15 instead of 1.50). Over the
next eight turns—including two where the rater questioned the analogy—the model neither corrected



the error nor returned to the original task. The session received scores of Clarity = 3, Correctness = 1,
Focus = 1, and Usefulness = 1, placing it in the upper-left of Figure 2.

Figure 2: Within-session Clarity and Correctness ratings for all 54 sessions.

3.2. The Three SLMs Exhibit Distinct Failure Signatures

While the three models collectively failed to meet the pedagogical threshold described above, they did
not fail in the same way. To address RQ2, we inspect Table 2 model by model. Gemma-3-1B achieved
the highest means on every ordinal quality dimension (𝑀 = 2.06, 1.72, 2.11, 1.44 for Clarity, Correctness,
Focus, and Usefulness respectively), followed by Qwen-2.5-0.5B (1.83, 1.67, 1.94, 1.44) and LLaMA-3.2-1B
(1.11, 1.17, 1.22, 1.06). The presence rates of explanations and analogies further differentiate the models:
LLaMA failed to produce a recognizable conceptual explanation in 4 of 18 sessions (22%), while Qwen
omitted the requested analogy in 2 of 18 sessions (11%) despite both behaviors being explicitly required
by the system prompt. Standard deviations revealed that LLaMA had uniformly low ratings with little
variance (SDs 0.24–0.55), whereas Gemma’s ratings showed the greatest dispersion (SDs 0.62–1.02). A
within-model breakdown by content domain further showed that Gemma’s mean Correctness fell from
M=2.22 on Addition to M=1.22 on Place Value, while Qwen (1.67/1.67) and LLaMA (1.10/1.25) remained
approximately flat across topics.

Raters’ free-text observations in the codebook’s qualitative-comments column also varied systemati-
cally across the three models. LLaMA’s low ratings reflected outputs that were often too incoherent to
function as tutoring. Across sessions, it failed to maintain a consistent reasoning strategy across similar
tasks, shifting between incorrect heuristics and unstable numerical representations. Its responses often
lacked a coherent instructional path for the learner:

Student: I think we are talking about the wrong thing. The question is not about dividing or
sharing. The question is: break 3.58 into ones, tenths, and hundredths.
LLaMA: Think of a house. We want to divide the money into groups that each equal one dollar.
Now, think about how many dollars are in 3 dollars and 5 cents (1 dollar) and then add 0.58.

Qwen’s failures followed a different pattern. Unlike LLaMA, Qwen sometimes produced locally
correct statements, but these were not consistently sustained across the dialogue. In some cases, the
model arrived at a correct surface-level answer while providing a conceptually confused explanation:

Student: In 3.58, which digit is in the tenths place?
Qwen: In the number 3.58, the digit in the tenths place is 5. The first non-zero digit (in the
hundredths place) represents the tenths place.



This example suggests that Qwen’s difficulty was not simply the absence of relevant knowledge.
Rather, the model sometimes produced a correct answer while failing to preserve the underlying place-
value structure in its explanation. Raters also noted that Qwen often contradicted itself within the same
session, shifted from a correct rule to an incorrect one after learner follow-up, or provided complete
answers despite the prompt’s instruction to withhold final solutions. Thus, Qwen’s main limitation was
its failure to sustain a stable task representation and a consistent instructional plan across turns.

Gemma showed a third pattern: its responses were often more fluent and tutor-like, but less reliably
grounded in the target concept. This pattern is consistent with its relatively higher Clarity ratings.
However, fluency did not consistently correspond to correct conceptual guidance. In several sessions,
Gemma introduced a sequence of analogies, such as coins, blocks, pizzas, or cookies, without clearly
mapping them back to the target mathematical structure. It also sometimes acknowledged learner
confusion or correction but then generated a new incorrect explanation rather than repairing the
original misunderstanding. The interaction below followed from the exercise “identify the place value
of 3.58”:

Student: I am confused. You said ‘5 tens,’ but I thought 5 is in the tenths place, not tens.
Gemma: You are absolutely right to question me! My apologies for the confusion – that was a
significant mistake on my part. Thousandths Place: The ‘0’ in ‘3.58’ represents one thousandths
of a unit. We have eight zeros. So, the answer is: Three ones, eight zeros, and two zeros.

These patterns clarify the meaning of the aggregate ratings. The models were not rated poorly for a
single shared reason. LLaMA was primarily incoherent and unstable. Qwen was partially correct but
inconsistent and non-compliant, and Gemma was fluent and tutor-like but often conceptually detached
from the task. These findings suggest that the models’ pedagogical limitations are better understood as
distinct failure signatures rather than as a single general lack of performance.

4. Discussion

4.1. Limits of Explanations and Analogies Pedagogy in SLMs ≤ 1.2B parameters

The findings suggest that the evaluated SLMs were only partially able to use an explanations-and-
analogies pedagogical strategy for mathematics tutoring. While the models frequently produced
explanations and analogies in surface form, these pedagogical moves often lacked conceptual precision,
instructional focus, and adaptive responsiveness across dialogue. Across all 54 tutoring sessions, no
interaction was rated as fully satisfactory, indicating that generating explanatory language alone is
insufficient for meaningful pedagogical support.

One important finding concerns the relationship between content type and the representational
demands of pedagogy. Gemma performed better on procedural decimal addition, where step-by-step
textual explanations align with common instructional patterns found in language model training data.
Performance degraded substantially on place-value reasoning tasks that required understanding the
relational structure of the decimal system rather than simply applying procedures.

This contrast suggests that the observed difficulty may stem not only from model scale, but also from
the compatibility between instructional content and text-based interaction itself. Procedural arithmetic
can often be represented sequentially through language, making it more amenable to text-only tutoring,
whereas place-value understanding typically relies on spatial and multimodal scaffolds such as number
lines, base-ten blocks, teacher’s gesture, and visual alignment to externalize relationships that are
difficult to reconstruct linguistically. As a result, some educational limitations of text-only SLMs may
arise not simply from insufficient reasoning capability, but from a structural mismatch between certain
pedagogical content domains and purely language-based interaction formats.

Another recurring limitation was the inability of models to recover after learner confusion or
resistance. When learners challenged flawed analogies or incorrect reasoning, the models frequently
reaffirmed the mistaken explanation instead of repairing the conceptual misunderstanding. This is



pedagogically significant because effective tutoring depends not only on producing an initial explanation,
but also on adaptively redirecting instruction during interaction.

4.2. Divergent Pedagogical Failure Patterns Across Models

Although all three models demonstrated substantial pedagogical limitations, they differed meaningfully
in how those limitations appeared during tutoring interactions.

Gemma generally produced the most fluent and pedagogically structured responses. Its outputs
often included coherent explanations, a warm instructional tone, and recognizable analogical framing.
However, this fluency also produced the most pedagogically concerning failure mode observed in the
study: clear but conceptually incorrect tutoring. In several interactions, Gemma confidently generated
inaccurate place-value explanations while maintaining a persuasive pedagogical voice. This may be
more risky than visibly incoherent tutoring because learners may mistake fluency for correctness.

By contrast, LLaMA’s failures were often more visibly fragmented or incoherent. Its explanations
frequently became contradictory or difficult to follow during multi-turn interaction. While this reduced
pedagogical usefulness, these failures were also easier to recognize as unhelpful.

Qwen generally produced shorter, more constrained responses. Compared to Gemma, it showed less
explanatory richness and weaker analogical elaboration, but fewer elaborate conceptual distortions. Its
limitations reflected shallow guidance rather than strongly misleading explanations.

These findings suggest that pedagogical evaluation of SLMs should not rely solely on aggregate
correctness metrics.

5. Conclusion

This exploratory study examined how three locally served SLMs (≤ 1.2B parameters), Gemma-3-
1B-IT, LLaMA-3.2-1B-Instruct, and Qwen2.5-0.5B-Instruct, used explanations and analogies during
mathematics tutoring interactions. Across 54 multi-turn sessions, the models showed limited pedagogical
effectiveness, and no interaction was rated as fully satisfactory. However, the models failed in different
ways. Gemma, LLaMA, and Qwen showed distinct patterns of instructional breakdown, suggesting that
some forms of pedagogical failure may be more misleading than others.

More broadly, the findings suggest that evaluating educational SLMs requires attention not only to
correctness or fluency, but also to how guidance develops across interactions and conceptual tasks.
Future work should examine additional instructional tasks, explore multimodal scaffolding, develop
evaluation approaches that better capture conceptual repair and responsiveness to learner confusion,
and evaluate larger variants (e.g., 4B–8B) within the same model families to identify where along the
parameter continuum reliable pedagogical capabilities begin to emerge.
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