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Abstract 

Small language models (SLMs) are increas- 
ingly proposed for educational use because 
they promise lower cost, offline deployment, 
and stronger data privacy. We report an ex- 
ploratory evaluation of three sub-2B-parameter 
models on example-based decimal-arithmetic 
tutoring. Across structured interactions, all 
three produced fluent, confident output that 
masked unstable pedagogy and frequent math- 
ematical errors even on elementary decimal 
addition and place-value tasks. Building on 
these observations, we describe an emerging 
interaction-based measurement framework in- 
tended to support more defensible readiness 
decisions about SLMs as math tutors. 

1 Introduction 

Small language models (SLMs) are increasingly 
proposed for classroom use because they run lo- 
cally, often offline, at a fraction of the cost of fron- 
tier systems, and keep student data on-device (Lu 
et al., 2024; Wang et al., 2025). In this study, we fo- 
cus specifically on instruction-tuned models below 
two billion parameters, a class of models whose 
low resource requirements make local educational 
deployment particularly feasible. These properties 
make them especially attractive to under-resourced 
schools, which are also the settings serving stu- 
dents with the fewest alternative supports. If a 
small model tutors poorly, the cost falls hardest 
on learners least able to absorb it. Whether these 
models are ready to teach is thus an equity question 
as much as a technical one. 

Current evaluation cannot answer this question. 
Assessments of SLMs emphasize benchmark ac- 
curacy and single-response correctness, but teach- 
ing is a sustained, contingent process: explaining, 
recognizing confusion, and adjusting in response 
(Wood et al., 1976; Puntambekar, 2022). A model 
can be correct yet pedagogically useless, or well- 
intentioned yet mathematically wrong; single-turn 

metrics are blind to both. Fluency compounds the 
problem. SLMs produce confident, well-formed 
explanations that read like good teaching even 
when the mathematics is wrong, because training 
rewards confident guessing over expressed uncer- 
tainty (Kalai et al., 2025) and a beginner cannot 
tell the difference. Recent systems do achieve 
aligned pedagogical guidance, but with far larger 
7–17B models supported by retrieval scaffolding 
(Katharakis et al., 2025). How unscaffolded sub-2B 
models behave as tutors remains underexamined. 

We study three small instruction-tuned models 
tutoring middle-school-level decimal arithmetic. 
Decimal addition and place value demand both 
procedural accuracy and conceptual understanding, 
making them a sensitive test of teaching rather than 
computation. Student errors in these domains are 
extensively catalogued. This allows us to ask not 
whether a model is wrong, but which documented 
misconception it reproduces (Isotani et al., 2010). 
This study is guided by the following research ques- 
tions: 

RQ1. What happens when small language mod- 
els tutor middle-school-level decimal arithmetic? 

RQ2. What mathematical and instructional fail- 
ures do they exhibit, particularly when a student 
expresses confusion across multiple turns? 

These two questions address a gap that standard 
model evaluation leaves open. Benchmark scores 
and single-response accuracy tell us whether a 
model can produce a correct answer; tutoring, how- 
ever, is not a single output but an interactive, con- 
tingent process (Wood et al., 1976). It is sustained 
and adaptive: explaining a concept, recognizing 
when a student is confused, and adjusting support 
accordingly through ongoing diagnosis (Puntam- 
bekar, 2022). RQ1 therefore asks the broad, still 
largely unexamined question of how small models 
actually behave when placed in a tutoring role for 
decimal arithmetic: whether they teach the con- 
cept, default to supplying answers, or drift off task. 397
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RQ2 narrows the focus to the moments where tutor- 
ing is most consequential and where we expect 
small models to be weakest: the multi-turn ex- 
changes that follow a student’s confusion. Doc- 
umenting these failures concretely matters because 
small models are fluent: they generate confident, 
well-formed explanations that can sound like good 
teaching even when the mathematics is wrong, and 
a beginning learner is poorly positioned to detect 
the difference. 

We contribute (1) a two-axis framework separat- 
ing mathematical validity from pedagogical appro- 
priateness, with each rubric dimension grounded in 
learning-sciences research; (2) a structured multi- 
turn evaluation of three SLMs across 72 interac- 
tions conducted by four research-team raters; and 
(3) a taxonomy of recurring failures: premature 
answer-giving, rigid strategy application, and non- 
contingent response to confusion that single-turn 
evaluation cannot detect. 

 
2 Theoretical Framework 

Judging whether a tutoring response is adequate 
requires two distinct standards, because mathemat- 
ical error and pedagogical failure are evaluated 
against different bodies of evidence. We treat ade- 
quacy as resting on two axes: mathematical validity, 
whether the content is correct, and pedagogical ap- 
propriateness, whether the instructional behavior 
supports learning. A response can fail on either 
axis independently, as a model can compute cor- 
rectly while teaching poorly, or teach with good 
instructional form while getting the mathematics 
wrong, so an adequate evaluation must assess both. 

 
2.1 Mathematical Validity 

We treat mathematical validity not as a binary 
check on the final answer but as correctness across 
the result, the procedure, and the underlying place- 
value representation (Hiebert and Wearne, 1986). 
This distinction matters because a model can ar- 
rive at a correct numeric answer through an incor- 
rect procedure, or state a correct procedure while 
misrepresenting what the digits mean, which are 
failures a result-only check would miss. 

Decimal errors are also not idiosyncratic. Syn- 
thesizing findings across an extensive body of re- 
search, Isotani et al. (2010) organize decimal er- 
rors into a taxonomy of persistent misconceptions 
rooted in learners’ prior knowledge of whole num- 
bers and fractions; for example, treating a longer 

decimal as larger because it has more digits, treat- 
ing a shorter decimal as larger, or treating decimals 
with different numbers of trailing digits (e.g., .07 
and .7) as equal. This taxonomy gives us a cod- 
ing scheme for the models’ mathematical failures: 
rather than asking only whether a model is wrong, 
we ask which documented misconception its error 
instantiates. This reframing is central to our argu- 
ment, because it shows that when a small model 
errs, it is reproducing a recognizable pattern of 
novice reasoning, and doing so with a confidence 
that a real novice would not have earned. 

2.2 Pedagogical Appropriateness 
Pedagogical appropriateness draws on three com- 
plementary strands of learning-sciences research, 
each targeting a different way instruction can fail 
even when the underlying mathematics is not at 
issue. 

Example quality. Because the tutoring task we 
study relies on concrete examples to teach deci- 
mal concepts, the quality of a model’s examples 
is central to evaluating it. Example-based learning 
(teaching through illustrative cases rather than ab- 
stract rules alone) is well established as effective 
for novices, but its benefit depends on the design 
and relevance of the example rather than follow- 
ing automatically from offering one (van Gog and 
Rummel, 2010). An effective instructional exam- 
ple must instantiate the target concept: an example 
drawn from a different operation, or an analogy 
with no structural relationship to the concept, does 
not teach it and may mislead. A good example also 
connects the concrete case to the underlying princi- 
ple so that understanding transfers to new problems, 
and a varied set of examples supports learners in 
abstracting the general structure rather than fixating 
on one surface case. Because our target learners are 
beginners, who depend most heavily on the quality 
of the examples they receive, an irrelevant or math- 
ematically flawed example does not merely fail to 
teach; it actively models a misconception. 

Cognitive load. Cognitive Load Theory holds 
that working memory is severely limited and that 
learning falters when demands exceed capacity. 
The theory distinguishes intrinsic load (the inher- 
ent difficulty of the material), extraneous load 
(strain from poor instructional design), and ger- 
mane load (productive effort toward schema con- 
struction) (Sweller et al., 1998). For novice learn- 
ers, effective instruction minimizes extraneous load 
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so that limited capacity is spent on the target con- 
cept.   This gives us a direct lens on one recur- 
ring failure mode: when a model answers a basic 
decimal-alignment question by introducing round- 
ing, floating-point precision, and base conversion, 
it loads a beginner’s working memory with con- 
tent irrelevant to the task, impeding rather than 
supporting learning. Because germane load sup- 
ports schema construction only when intrinsic and 
extraneous load are kept within capacity (Sweller 
et al., 1998), a model that piles on unclear or irrele- 
vant content does not create productive difficulty; 
it pushes a novice past the point where learning 
is possible, and the pedagogical consequence is 
serious: misconceptions go undetected until they 
surface later as systematic failures. 

 
Scaffolding and feedback. Effective tutoring is 
not the transmission of correct information but the 
contingent management of a learner’s effort. Wood 
et al. (1976), who introduced the term, defined 
scaffolding as the process by which a more capable 
other controls the elements of a task that exceed 
the learner’s current capacity, allowing the learner 
to concentrate on the parts within reach: a process 
rooted in Vygotsky’s (1978) zone of proximal de- 
velopment and later specified as requiring ongoing 
diagnosis of the learner’s understanding and fading, 
the gradual, readiness-responsive withdrawal of 
support as competence grows (Puntambekar, 2022). 
Reiser and Tabak (2014) further specify what scaf- 
folding does beyond securing a correct answer: it 
focuses attention on critical features and prompts 
explanation and reflection rather than simply deliv- 
ering solutions. A tutor that supplies the answer 
short-circuits this function, removing the produc- 
tive work through which understanding is built; a 
tutor that repeats an unchanged explanation when 
a learner signals confusion fails the diagnostic re- 
quirement, having not identified the difficulty at 
all. 

These three strands converge on two instruc- 
tional failures we treat as central to this study. First, 
premature answer-giving: a model that produces 
the final result despite an explicit instruction to 
withhold it collapses the scaffold and eliminates 
the learner’s opportunity to reason. Second, non- 
contingent response to confusion: a model that 
repeats, substitutes an irrelevant example, or es- 
calates to more advanced content when a learner 
expresses difficulty has not diagnosed the specific 
misconception. Both failures are invisible to single- 

response, accuracy-only evaluation, which is pre- 
cisely why the multi-turn interaction protocol de- 
scribed in Section 3 is necessary to detect them. 

3 Methods 

3.1 Sample 
We evaluated three small, instruction-tuned lan- 
guage models: LLaMA-3.2-1B-Instruct, Qwen2.5- 
0.5B-Instruct, and Gemma-3-1B-IT (GGUF), rang- 
ing from roughly 0.5 to 1 billion parameters. Four 
raters interacted with each model and recorded 
structured observations. The analytic focus is deci- 
mal addition and decimal place-value tasks, chosen 
because they require both procedural accuracy and 
conceptual explanation and so test whether a model 
can teach rather than merely compute. 

3.2 Tutoring Prompt 
Each model received an identical system prompt 
establishing a tutoring role with two binding con- 
straints: never give the final answer, and teach us- 
ing short examples, together with one in-context 
demonstration of the intended Socratic style: 

You are a helpful math tutor. Rules: NEVER give 
the final answer. Give short examples to explain 
the concept. Example — Student: “Is 0.5 bigger 
than 0.05?” Tutor: “Let’s try a different compar- 
ison. Compare 0.4 and 0.35. Write them with 
the same decimal places: 0.40 and 0.35. 40 hun- 
dredths is greater than 35 hundredths, so 0.40 is 
bigger than 0.35. Now, can you answer your exer- 
cise?” Task: Help the student with the question: 
[question inserted here] 

 
This prompt fixes the instructional strategy 

across models, so that observed differences reflect 
model behavior rather than prompt variation, and 
it makes the central tension of the task explicit: a 
model that supplies the answer, however correct, 
has violated the tutoring constraint. 

3.3 Procedure 
Using the shared tutoring prompt, four research- 
team raters conducted multi-turn interactions with 
each of the three models on decimal addition 
and place-value tasks. The protocol standardized 
the tutoring role, task domain, and initial instruc- 
tional constraints, while allowing follow-up turns 
to probe how models responded when a student 
expressed confusion, questioned an example, or re- 
quested an alternative explanation. This controlled 
flexibility was intended to capture contingent tutor- 
ing behavior rather than performance on a single 
predetermined response. 
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3.4 Rubric 

Raters scored each interaction on five quality di- 
mensions and two binary behavioral flags, based 
on Souza et al. (2026). The dimensions were 
grounded in the theoretical framework. The five 
quality dimensions were: (1) relevance, (2) cor- 
rectness, (3) level of detail, (4) variety, and (5) 
abstract–concrete connections. Relevance assessed 
whether the model’s examples directly addressed 
the question rather than drifting off-topic. Cor- 
rectness assessed whether examples were math- 
ematically and procedurally accurate, including 
appropriate use of place value. Level of detail as- 
sessed whether examples provided enough steps 
for a student to follow and reproduce the proce- 
dure independently. Variety assessed whether the 
model used different examples and levels of com- 
plexity rather than repeatedly relying on the same 
pattern. Abstract–concrete connections assessed 
whether the model connected decimal notation to 
underlying place-value meaning rather than provid- 
ing procedural instructions alone. Together, these 
dimensions provided an initial operationalization 
of the framework’s two axes: correctness primar- 
ily captured mathematical validity, whereas the re- 
maining four dimensions captured complementary 
aspects of pedagogical appropriateness. 

Two binary flags capture critical failures that 
override surface quality. The immediate-answer 
flag records whether the model supplied a com- 
plete solution at any point in the interaction, in vio- 
lation of the tutoring constraint and of the scaffold- 
ing principle that support should prompt reasoning 
rather than deliver the result. The hallucination flag 
records whether the model produced content that 
was unrelated to the task or mathematically fabri- 
cated. Raters additionally noted response latency 
and an overall judgment of the interaction’s instruc- 
tional quality (satisfactory, partially satisfactory, or 
unsatisfactory). 

 
3.5 Coding 

Beyond the rubric scores, raters qualitatively coded 
recurring failure types observed across interactions, 
including direct answer-giving, hallucinated or fab- 
ricated reasoning, place-value confusion (such as 
treating 0.5 and 0.05 as equal), rigid application of 
a single reasoning strategy across task types, and 
failure to adapt when a student expressed confu- 
sion. These codes form the basis for the failure 
analysis reported under RQ2. 

 
4 Results 

This section reports findings from the 72 rated 

in- teractions (n = 24 per model), organized 
around the two research questions introduced 
above. We first present graded quality ratings and 
binary fail- ure flags addressing RQ1, 
characterizing overall response quality and the 
prevalence of critical in- structional failures 
across models. We then turn to RQ2, drawing on 
qualitative coding of multi- turn exchanges to 
characterize how these failures manifest 
specifically when a student expresses con- fusion. 
Together, the quantitative and qualitative results 
point to a consistent picture: models varied in 
surface-level quality but converged on the same 
underlying failures of mathematical validity and 
contingent scaffolding. 

RQ1: What happens when small language 
models are used to tutor middle-school-level 
decimal arithmetic? 

Across the 72 rated interactions (n = 24 per 
model), the three small language models showed 
low- to moderate response quality but pervasive 
instructional and mathematical failures. Mean rat- 
ings on the five-point rubric ranged from 1.63 to 
3.17 (Table 1). LLaMA-3.2-1B-Instruct received 
the highest scores overall, particularly for rele- 
vance (M = 3.17, SD = 1.01) and correctness 
(M = 2.17, SD = 1.31), while Gemma-3-1B-IT- 
GGUF and Qwen2.5-0.5B-Instruct scored lower 
and more similarly to each other (M = 1.88, 
SD = 1.12). Across models, relevance was the 
strongest dimension and abstract–concrete connec- 
tions and variety the weakest, indicating that mod- 
els more often stayed on topic than they linked 
examples to underlying place-value concepts or 
varied their explanations. 

Additionally, models were evaluated for their 
propensity to produce hallucinated and immedi- 
ate outputs (Table 2). Hallucinated or fabricated 
content appeared in 87.5% of responses for every 
model (21 of 24), with no differentiation across 
models. Immediate-answer cases, supplying the fi- 
nal result despite explicit instructions to withhold it, 
occurred in 70.8% to 83.3% of interactions, highest 
for Qwen2.5-0.5B-Instruct and lowest for LLaMA- 
3.2-1B-Instruct. 
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RQ2: What mathematical and instructional 
failures do small LLMs exhibit, particularly 
when a student expresses confusion across 
multiple turns? 

Three failure patterns recurred across raters and 
models. First, fluent output did not track math- 
ematical accuracy: models frequently confused 
tenths and hundredths, treated unequal decimals 
as equal, or fabricated intermediate values, while 
still sounding confident. Second, models applied 
a single reasoning template, most often numeric 
comparison, regardless of whether the task called 
for addition or place-value decomposition. Third, 
multi-turn responsiveness was the weakest link: 
when a rater expressed confusion, models typically 
repeated the prior explanation, substituted an unre- 
lated example, or escalated to advanced, off-task 
content rather than identifying the specific miscon- 
ception. Sample interactions across models illus- 
trating all three cases above are reported in Ap- 
pendix A. Stylistic differences were also evident: 
LLaMA-3.2-1B-Instruct was more exploratory but 
unstable, Qwen2.5-0.5B-Instruct somewhat more 
accurate and detailed, and Gemma-3-1B-IT-GGUF 
was weakest overall, though all three exhibited sub- 
stantive limitations. Taken together, these results 
suggest that unscaffolded small language models 
can produce locally fluent, plausible-sounding tu- 
toring language while failing the two fundamental 
properties, mathematical validity and contingent 
scaffolding, that represent adequate tutoring. 

4.1   Anticipated Contributions 

This work makes two main contributions. Empiri- 
cally, our experiment offers concrete evidence that 
current sub-2B models are not reliable as tutors 
for beginning decimal learners, posing real risks if 
deployed in under-resourced classrooms precisely 
because they sound helpful. Methodologically, we 
describe how literature-informed constructs, stan- 
dardized interaction tasks, shared transcript scor- 
ing, and disagreement analysis can be combined 
into a more transparent readiness assessment. Such 
decisions matter most in under-resourced settings, 
where low-cost SLMs are most attractive and strug- 
gling learners are least able to detect errors. 

5 Discussion and Future Work 

This study shows an important difference between 
fluent responses and effective tutoring. The three 
models often produced explanations that sounded 

clear and helpful. However, many responses con- 
tained mathematical errors or provided weak in- 
structional support. This suggests that fluent lan- 
guage alone does not mean that a model is ready to 
tutor students. This is especially concerning for be- 
ginning learners, because they may not recognize 
an incorrect explanation. 

The findings also show why mathematical and 
instructional quality should be evaluated separately. 
A response can be mathematically correct but still 
be poor instruction. For example, a model may 
give the final answer, use an irrelevant example, or 
fail to address the student’s confusion. A response 
may also sound supportive while presenting incor- 
rect mathematics. Therefore, benchmark accuracy 
and the correctness of a single response are not 
enough to evaluate an AI tutor. Evaluation should 
also examine how the model responds during an 
interaction and whether it adjusts its support when 
a student expresses confusion. 

These findings do not mean that all open-source 
language models are unsuitable for tutoring. The 
models in this study had fewer than two billion 
parameters. They were also tested without retrieval 
tools or other forms of external support. Their 
limited performance may be partly related to their 
small size. Future research should compare these 
models with larger open-source models, including 
models with 10 to 20 billion parameters. The same 
tasks, prompts, and rubric should be used across 
models. This comparison can help us understand 
whether model size is related to tutoring perfor- 
mance. Future research can also examine whether 
retrieval tools, more structured prompts, or train- 
ing for specific tasks can improve mathematical 
accuracy and instructional support. 

Overall, this study presents an interaction-based 
approach to evaluating small language models as 
tutors. Low cost, privacy, and offline access make 
these models attractive for educational use. How- 
ever, these advantages do not show that a model is 
ready for the classroom. Before using these mod- 
els as tutors, researchers should evaluate both their 
mathematical accuracy and their ability to provide 
support based on the student’s needs. 

 
Limitations 

This study has several limitations. First, members 
of the research team interacted with the models and 
also rated their responses. Although this dual role 
may have introduced potential bias, the structured 
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evaluation protocol was designed to minimize its 
influence. Second, this study included only three 
models and focused on decimal arithmetic. The 
findings may not apply to other models or math- 
ematical topics. Third, the raters used selected 
responses to represent student confusion. These 
responses may not represent how actual middle- 
school students interact with an AI tutor. Future 
research should develop and test the interaction 
protocol using real student dialogue or research on 
how students express confusion and ask for help. 
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Appendix A: Illustrative Interaction Artifacts 

The excerpts below illustrate the three recurring 
failure patterns described in the Results section: 
mathematically incorrect output delivered with con- 
fidence, rigid reliance on a single reasoning tem- 
plate, and non-contingent responses to expressed 
student confusion. 

Excerpt 1: Gemma-3-1B-IT (GGUF) 

Prompt: Compare the hundredths place in 
4.35 and 4.38. 

Student: “Is 4.35 bigger than 4.38?”  

Model Output: “Let’s look at the ones place. 5 is 
greater than 8. So, 4.35 is bigger than 4.38.” 

Student: “I don’t understand.” 

Model Output: “Imagine you’re comparing apples 
and oranges.  

Apples: Have a rounder shape – more consistent. 

Oranges: Have a more irregular shape – they have a 
lot of variation. 

4.35 is closer to being a perfectly rounded apple, 
while 4.38 is a little bit more spread out and less 
uniform.  That difference in shape is reflected in the 
ones place.” 

 
Conclusion: When students expressed 

confusion, models exhibited several recurring 
instructional failures: they sometimes provided 
incorrect mathematical answers or reasoning, 
rarely diagnosed or addressed the specific source 
of the student’s confusion, introduced analogies 
such as blocks, LEGO, or pizza that were not 
always relevant to the underlying concept, 
repeated previous explanations without 
simplifying or restructuring them, and rarely 
changed their instructional strategy in response to 
persistent student difficulty. 
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Excerpt 2: Qwen2.5-0.5B-Instruct 
Prompt: Judge whether aligning decimals is 

necessary for accurate results. 

Model Output: “The concept of decimal alignment is 
essential in many areas of mathematics and computer 
science. In scientific notation, 3.14 can be written as 
3.14x10². The significance is that it helps maintain precision 
when performing arithmetic operations. For example, 3.14 + 
0.5 = 3.64, but if written as 3.14x10², rounding to the nearest 
integer gives 3.14.” 

Student: “Give me simple samples to explain what occurs if 
we misalign decimals.” 

Model Output: “Incorrect rounding — a calculator may 
round away from zero, giving a smaller value than actual. 
Floating-point precision issues — operations on very close 
numbers may not give the expected result. Incorrect sign 
convention — mistakenly assigning a negative value to a 
positive number. Incorrect base conversion — performing 
operations in bases other than 10 without converting first.”   

 
Conclusion: The model’s explanation of 

decimal alignment is overly complex and 
inaccessible for a student who is still developing 
basic math skills. Instead of providing a clear, 
foundational definition such as “digits must be 
placed in the correct position (ones under ones, 
tenths under tenths, and so on) to ensure accurate 
results,” the model drifts into advanced topics 
such as rounding, floating-point precision, and 
base conversion. These concepts are far beyond 
the scope of the task and would likely confuse 
rather than support a beginner. Compounding 
this, the model never offers a single concrete, 
practical example to ground its explanation. A 
student is left with abstract terminology and no 
actionable understanding of what decimal 
alignment actually means or why it matters.  

 
Excerpt 3: LLaMA-3.2-1B-Instruct  

Prompt: Solve 8.09 + 1.5. 

Model Output: “8.09 + 1.5 = 9.59” 

Student: “Why did you give the final answer?” 

Model Output: “Now, let’s focus on one column at a time. 
2 + 4 = 6. So, the result so far is: 8.09 + 1.5 = 9.59.” 

Student: “I think the example you have provided is not 
relevant.” 

Model Output: “Let’s focus on the hundredths place: 2 + 4 
= 6. So, the result so far is: 8.09 + 1.5 = 9.59.” 

 
Conclusion: The model supplied an 

immediate answer following the initial prompt; 
although the result was numerically correct, the 
response conflated the tenths and hundredths 
place values. Furthermore, the examples 
provided were not relevant to the task: despite 
the operation being addition, the model offered 
an example involving subtraction and integers, 

which increased rather than reduced the complexity 
of the explanation. Subsequent attempts to redirect 
the model using the prompts “I think you are 
wrong,” “give me a relevant example,” and “I 
cannot understand you” did not resolve these issues; 
the model continued to hallucinate throughout the 
interaction. 
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Appendix B: Tables 

 
Model Relevance Correctness Detail Variety Abstract–concrete 
Gemma-3-1B-IT-GGUF 2.83 (1.05) 1.88 (1.12) 2.58 (1.21) 2.00 (1.10) 2.21 (1.28) 
LLaMA-3.2-1B-Instruct 3.17 (1.01) 2.17 (1.31) 2.50 (1.02) 1.92 (1.14) 1.67 (0.87) 
Qwen2.5-0.5B-Instruct 2.88 (1.15) 1.88 (0.99) 2.38 (1.24) 1.75 (0.94) 1.63 (0.92) 

 

Table 1: Descriptive statistics for SLM response quality ratings by model and metric. N = 72, n = 24 per model. 
Values are means with standard deviations in parentheses. Ratings were made on a 1–5 scale, with higher scores 
indicating higher quality. 

 
Model Halluc. Imm. Answer 
Gemma-3-1B-IT-GGUF 21 (87.5%) 17 (70.8%) 
LLaMA-3.2-1B-Instruct 21 (87.5%) 19 (79.2%) 
Qwen2.5-0.5B-Instruct 21 (87.5%) 20 (83.3%) 

 

Table 2: Frequency and percentage of hallucination and immediate answer across SLM models. N = 72, n = 24 
per model. Values represent the number and percentage of responses within each model classified as containing a 
hallucination or providing an immediate answer. 
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