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ABSTRACT: Modern state-of-the-art large language models (LLMs), such as Deepseek V3 and GPT-40, demonstrate
significantly better performance on a variety of reasoning-related tasks when compared with small-scale (SLMs) and moderate-
sized LLMs (MSLMs). Chain-of-Thought (CoT) prompting, where models are guided towards generating intermediate reasoning
steps, has been shown to improve performance in LLMs. It produces notable gains across arithmetic, commonsense, and symbolic
benchmarks, such as GSM8K. However, the effects of CoT prompting in MSLMs, particularly more recent models, remain
unclear. This is often due to high degrees of prompt sensitivity, and thus, we explore the impact of CoT prompting in MSLMs,
evaluating the degree to which encouraging these relatively smaller models to “think out loud” can enhance a model’s rigorous
task performance. In this paper, we evaluate the abilities of CoT-prompted MSLMs in the reasoning-reliant field of mathematics,
particularly competitive mathematics, contrasting these results with zero-shot baselines and prompt variants to produce
conclusions. The empirical gains reveal striking connections between prompt architecture and MSLM capacity. For example, the
Llama-4-Maverick model exhibited signs of inherent internal prompting, supporting the result that the model performed the best
when prompted with a specific example with a high degree of task alignment.

KEYWORDS: Robotics and Intelligent Machines, Cognitive Systems, Large Language Model, Chain of Thought (CoT),

Competitive Mathematics.

B Introduction

LLMs have achieved remarkable fluency in natural language
tasks.”? However, despite their apparent proficiency, these
models are not actually capable of reasoning in the human
sense.” LLMSs fundamentally lack true reasoning because they
operate as sophisticated pattern matchers, essentially stochastic
parrots, that are trained via next token prediction on large-scale
text collections, optimizing for the statistical likelihood of word
sequences rather than the derivation of logically coherent and
logic-driven conclusions.*

LLM:s are evolving from static prompt response systems to
dynamic cognitive agents, and progress hinges on structured
prompting  (Chain-of-Thought, Tree-of~Thought, Forest-of-
Thought),>® and tool usage (Redct, PAL).” CoT functions by
attempting to guide language models towards generating in-
termediate reasoning steps before answering; however, these
linear reasoning chains are fragile with error propagation. Tree-
of-Thought explores a branching space of thought hypotheses,
generating and evaluating multiple reasoning chains before
backtracking to the most common answer. ReAct (Reasoning +
Acting) and PAL (Program-aided language) integrate external
results from external code, API calls, or tools mid-reasoning to
enhance their performance.

CoT stands out as a strong paradigm in language model rea-
soning since it strategically structures how the model “thinks,”
often significantly improving accuracy, transparency, and task
performance.® CoT prompting enables LLMs to tackle multi-
step reasoning tasks with noticeably improved accuracy.” It has
been demonstrated that integrating intermediate reasoning
steps often dramatically enhances performance on arithmetic,

commonsense, and symbolic benchmarks. By eliciting an ex-
plicit sequence of reasoning steps, CoT offers users visibility
into the model’s cognitive process. This transparency is invalu-
able for debugging and evaluating trustworthiness.

Recent advances in MSLMs and SLMs underscore their
growing significance beyond niche tasks, offering a combi-
nation of efficiency, control, and domain specialization that
makes them particularly suited for enterprise and edge deploy-
ment scenarios. These lightweight models typically require far
fewer computational resources than large-scale models, en-
abling deployment on devices like smartphones or edge servers
while delivering low-latency and cost-eftective inference.'’ By
training or fine-tuning MSLMs and SLMs on domain-specif-
ic datasets, such as healthcare,'! legal documents, and finance,
organizations can achieve higher contextual accuracy and re-
duce hallucination risk compared to general-purpose LLMs,
which is critical in regulated industries. Moreover, because
MSLMs and SLMs can be deployed entirely on-device or
within a secure network, they address privacy and compliance
concerns inherent to cloud-based models, ensuring full data
control as well as facilitating alignment with regulations such
as GDPR or HIPAA. Some further argue that SLMs are not
only sufficiently powerful but also inherently more suitable and
economically advantageous as the core of agentic Al systems,
proposing a modular architecture where heterogeneous dia-
logue is required.” Contemporary research further advocates
for these smaller-scale language models in building agentic
Al systems - models that perform specialized, repetitive tasks
efficiently - highlighting their tailored fit for large-scale mod-
ular Al frameworks where smaller models complement larger,
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more general ones. However, they are not without certain
drawbacks, as these models exhibit limitations in generality
and robustness, particularly in complex reasoning or out-of-
domain scenarios, and may be more susceptible to security
vulnerabilities like jailbreak attacks.™ Collectively, these find-
ings imply that while MSLMs and SLMs may not necessarily
replace LLMs for deep reasoning tasks, they offer a strategi-
cally powerful, accessible, and responsible alternative for many
real-world applications where scale, cost, and control play a
significant role.

Recent work has shown that CoT prompting can substan-
tially improve reasoning in very large models, with reported
gains across arithmetic, commonsense, and symbolic reasoning
tasks.” These results support the idea that certain reasoning
abilities are emergent, appearing once models exceed a suf-
ficient scale. However, evidence also indicates that CoT may
be ineffective, or even harmful, for smaller models, with ac-
curacy drops of 15-30% observed on reasoning benchmarks.*
Research on smaller and moderate-sized models has largely
prioritized efficiency, domain specialization, and deployment
constraints. While valuable, this focus has a significant short-
coming: it often treats reasoning capability as a secondary
concern or an input for distillation, rather than systematically
evaluating how in-context prompting strategies like CoT in-
teract with these more constrained architectures.

This gap between well-established CoT gains in very large
LLMs and the lack of systematic evidence for moderate-sized
models frames our central question: can CoT prompting reli-
ably enhance reasoning in MSLMs, and if so, to what extent
and in which contexts?

In light of this, our work directly investigates the effec-
tiveness of CoT prompting in moderate-sized and small
language models. Specifically, we study CoT-augmented rea-
soning in Phi-4, Gemma-3-27b-it, and Llama 4 Maverick,
evaluating their performance on competitive mathematical
reasoning benchmarks relative to zero-shot baselines and
internal prompting variations. This research aims to systemat-
ically establish the benefits of CoT for these resource-efficient
architectures, moving beyond prior work that focuses predom-
inantly on either very large LLMs or distilled small models.
Through this analysis in multi-step, higher-level mathematics,
we seek to illuminate how prompt architecture and model ca-
pacity in determining reasoning capability, thereby identifying
when and how CoT prompting yields reliable improvements
in models accessible to a wider range of users and applications.

B Methods

In this paper, we evaluate the impact of various types of
CoT prompts on the performance of MSLMs by drawing
comparisons between the baseline performance (no prompt-
ing),” and the performance of the MSLMs when using 4
different CoT prompts to solve AMC12 competitive math
questions.’® Reasoning algorithms such as CoT are best eval-
uated with AMC12 math problems due to their multi-step
structure, requiring chaining of operations (intermediate val-
ue calculations, applying formulas, reinterpretation), as well as
their objective verifiability, since answers are binary and easy

to check. AMC12 problems are a useful metric also due to
their moderate difficulty and high discrimination, as the prob-
lems are neither trivial nor hyper-technical, and they challenge
LLMs with stepwise logical and multi-concept problem-solv-
ing while maintaining strong discrimination across solver
levels."” These questions offer distinct advantages over other
benchmarks, serving as a good balance between the basic arith-
metic of GSMS8K math sets and the depth and challenge of
greater difficulty benchmarks such as AIME or MATH that
often make problems unsolvable by LLMs. AMC12 problems
are also characterized by cognitive complexity beyond basic
arithmetic, requiring parsing, deduction, and inference, skills
central to deeper reasoning capabilities. Language models
struggle with the precise symbol manipulation and algorithmic
thinking needed for such problems, and CoT prompting helps
bridge this symbolic-execution gap.

In our experiment, we use the MSLMs Gemma-3-27b-
it, Llama-4-Maverick, and Phi-4, with the first two having
been released 3 months prior to our experiment, and the latter
being released 6 months prior, as shown in Appendix B. We
classify these LLMs as MSLMs due to their model param-
eters, model families, and model pricing. According to IBM
(2024), the families of these three models are all classified as
small language models for their number of parameters used
during computation. The three models also have significantly
cheaper pricing than state-of-the-art LLMs, and LLMs such
as Gemini 2.5 Pro have more than 8 times the price of Llama
4 Maverick, even with Llama 4 Maverick being the most ex-
pensive out of the three MSLMs. Despite being described as
“lightweight,”*® the three models have 27.4 billion, 17 billion,
and 14.7 billion parameters, respectively, which all exceed the
typically accepted model parameter upper bound of 14 billion
when identifying SLMs.

Shown in Appendix A, we utilize 4 different CoT ap-
proaches, labeled CoT1, CoT2, CoT3,and CoT4.Both CoT1
and CoT?2 are classified as one-shot CoT prompts, using a
single handcrafted exemplar embedded with stepwise ratio-
nales. CoT1 possesses the longest input length in terms of
both characters and words, followed by CoT2, CoT3, and
CoT4. CoT1 provides a rigorous, expert-crafted solution that
demonstrates the level of reasoning quality and structural clar-
ity we aim to achieve. The remaining prompts were generated
by the state-of-the-art LLM Deepseek-V 3, allowing us to test
whether Al-generated prompts can approximate this level of
rigor while also enhancing replicability, reducing dependency
on manual craftsmanship, and enabling scalable application
cross-domains.

CoT1 utilized an ABA layout (introduction-example-task
restated), starting with a general zero-shot prompt, then in-
troducing an example question of great difficulty, solving it
with stepwise rationales, before restating the zero-shot prompt
and stating the problem to be solved. The question used for
CoT1 was an AMC12 problem consisting of a combination
of algebra, number theory, and combinatorics, three of the four
major subjects in competitive mathematics. Geometry was not
included, as multi-domain problems rarely span all four cate-
gories simultaneously, and geometric reasoning in particular
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relies on diagrammatic and spatial intuition that text-based
CoT prompting does not easily capture. The idea behind this
prompt is for structured priming of expert reasoning, and this
high-quality solution demonstrates domain-specific heuristics,
logical sequencing, and mathematical formalisms. In partic-
ular, this example acts as a behavioral template, guiding the
model toward producing output that mirrors the structure,
clarity, and rigor expected in expert-level problem solving. The
significance of this prompt is also highlighted by its alignment
with the target problem distribution. The AMC12 contest is
characterized by problems that require multi-step algebraic,
number theoretic, combinatorial, and logical reasoning. Fram-
ing the prompt around this distribution helps ensure that the
model applies reasoning strategies that are both appropriate in
depth and transferable across a wide range of problems.

CoT2 provided a detailed framework for problem solving,
consisting of problem decomposition, strategy selection, rigor-
ous execution, and validation, and then applied this framework
to an elementary computation math problem before stat-
ing certain critical rules and introducing the problem to be
solved. This prompt emphasized expert emulation through
role conditioning, as well as procedural decomposition of
problem-solving. This structured prompt functions as a gen-
eral-purpose reasoning blueprint for high-level mathematical
problem solving. By combining role priming, procedural scaf-
folding, strategic heuristics, and validation mandates, it trains
LLMs not only to solve problems accurately but also to ex-
plain and verify their work in a way that mirrors expert human
mathematics.

Both CoT3 and CoT4 are classified as zero-shot CoT
prompts, as neither introduces an example problem. CoT3
is greatly similar to CoT2 in idea, utilizing a similar 4-stage
framework but being more concise and omitting the worked
example. This streamlined, scaffold-based CoT prompt
strikes a balance between structure and brevity, guiding LL.Ms
through expert-level mathematical problem solving without
the need for worked examples. By emphasizing decomposi-
tion, strategy selection, stepwise execution, and validation, it
reinforces mathematically sound reasoning patterns while re-
maining general-purpose and token-efficient.

Finally, CoT4 utilized a short, general CoT prompt. This
minimalistic prompt serves to guide LLMs to engage in basic
Chain-of-Thought reasoning through lightweight instruc-
tions. It achieves broad applicability with minimal structure
overhead. While it lacks the modular scaffolding of more elab-
orate prompts, its fluency, domain alignment, and efficiency
make it suitable as a baseline prompt in symbolic math pipe-
lines, especially when interpretability and prompt brevity are
priorities.

These four prompts were chosen to vary along two key
dimensions: exemplar inclusion and degree of structural scaf-
folding. CoT1, with an expert-crafted solution, represents
an upper bound on the domain alignment. CoT2 and CoT3
explore the role of explicit procedural scaffolding with and
without examples, respectively, while CoT4 provides a light-
weight baseline for measuring the value of added structure.
These dimensions are remarkable because they represent two

of the most widely recognized and manipulable parameters of
prompt design: whether to anchor the model with concrete
demonstrations or leave it to infer strategies, and whether to
provide explicit stepwise frameworks or rely on the model’s
internal reasoning habits. Together, this set lets us evaluate
how exemplar priming and structural decomposition influence
mathematical reasoning in MSLMs.

For our dataset, we use 3 years of AMC12 exam questions
(2022,2023,2024), for a total of 150 questions, as two exams
are released each year with 25 questions per exam. Since LL.Ms
are probabilistic generators, each call can produce different
reasoning or answers.'”?* Thus, each question is attempted a
total of 5 times to capture stochastic behavior, avoid outlier
bias, and follow evaluation best practices. This helps to reflect
true model variability, averaging out randomness, improving
correctness via majority voting, and enhancing comparability
and reliability. Therefore, we use three distinct MSLMs, a set
of 5 prompts (including the baseline), an evaluation dataset of
150 questions, and 5 attempts per evaluation item, for a total
of 11250 LLM calls. All data are available on GitHub upon
request.

To analyze the results produced from these calls, we define
four evaluation metrics: the Aggregate Attempt Accuracy
Metric (AAA), Thresholded Problem-Solving Rate Metric
(TSPR-2), Majority-Consensus Problem Accuracy Metric
(MCPA), as well as a Challenging-Subset Aggregate Attempt
Accuracy Metric (CSAAA). Together, these metrics form a
hierarchy of evaluation, capturing raw potential, minimal un-
derstanding, robust reliability, and elite reasoning.

The AAA metric evaluates the total number of correct
responses across all individual problem-solving attempts, cal-
culated as )i (#;) where x; represents the number of correct
responses for problem i, and n is the total number of problems.
For example, a problem with 4 correct solves out of 5 would
add 4 to the score. This measures overall performance across
attempts, regardless of consistency, as even problems solved
with low frequency earn credit.

The TSPR-2 metric applies a thresholding criterion: a
problem is deemed “solved” if the model answers it correctly
in at least 2 out of 5 attempts. TSPR-2 can be calculated as
>y I(x; > 2) where I represents the indicator function, eval-
uating to 1 when the condition is met, and O otherwise. For
example, a question with 2 correct solves would add 1 to the
score, while a question with 1 correct solve would not. This
metric captures minimal reliability, identifying whether the
model demonstrates some grasp of the problem-solving meth-
od, even if inconsistently, akin to recognizing early signs of
understanding in student work.

MCPA is also a threshold metric, but with a stricter thresh-
old: a problem is only deemed “solved” if the model answers it
correctly in at least 3 out of 5 attempts. This can be expressed
as > nq I(zi > 3).For example, a question with 3 correct solves
would add 1 to the score, while a question with 2 correct solves
would not. This metric captures robust mastery, requiring the
model’s reasoning to be dominant and repeatable across at-
tempts, much like human grading standards that demand
consistency before awarding full credit.
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CSAAA is a subset of the AAA metric, and it instead
considers only the hardest questions in each exam. These
are regarded as the “final fives”, the last five questions of the
AMC12, and these questions are widely recognized for their
disproportionate difficulty relative to the earlier portions of
the exam. These problems typically demand a significantly
higher level of abstract reasoning, problem-solving creativity,
and multi-step logic, distinguishing themselves from the more
procedural or recall-based problems that appear earlier in the
test. Since these problems often resist solution through brute-
force computation or superficial pattern recognition, they serve
as an effective benchmark for assessing whether a model is ca-
pable of reasoning in a structured and context-aware manner.

The following tables summarize results across these four
metrics for different prompting strategies. The “Baseline”
column reports raw values as fractions, where the numerator
indicates the metric-observed score and the denominator in-
dicates the maximum possible score under that metric. The
subsequent columns (CoT1-CoT4) report percentage chang-
es relative to the baseline, with positive values denoting
improvement and negative values denoting deterioration. This
presentation facilitates cross-metric comparison by normal-
izing results to relative deviations from a common reference
point.

B Results and Discussion

Below are the results of the Gemma-3-27b-it model when
prompted with the four prompts, relative to a zero-shot base-
line, as well as the baseline performance. A negative value
would indicate a deterioration in performance.

Table 1: Gemma-3-27b-it evaluation dataset performance. CoT prompting
leads to consistent improvements over the zero-shot baseline across all four
evaluation metrics, with the strongest relative gains appearing in CoT1 and

CoT4.

Baseline |CoT1 CoT2 CoT3 CoT4
AAA 431/750 11.37%  6.26% 2.32% 9.28%
TSPR-2  |95/150 14.74% 9.47% 6.32% 12.63%
MCPA 86/150 17.44% 12.79% 5.81% 6.98%
CSAAA 30/150 20.00% 20.00% 6.67% 33.33%

Below are the performances of the Llama-4-Maverick
model when prompted with the four prompts, relative to a ze-
ro-shot baseline. The baseline performance is included as well.
Table 2: Llama-4-Maverick evaluation dataset performance. CoT prompting

generally improves performance over the zero-shot baseline, with the strongest
relative gains in CoT1 and moderate gains in CoT2.

Baseline |CoT1 CoT2 CoT3 CoT4
AAA 426/750  |7.75% 0.23% -2.34% -2.11%
TSPR-2  |97/150 11.34%  [3.09% -4.12% -3.09%
MCPA 87/150 1.15% -5.75% -2.30% -2.30%
CSAAA  [33/150 21.21% 21.21% |24.24% [12.12%

Below are the performances of the Phi-4 model when
prompted with the four prompts, relative to a zero-shot base-

line.

Table 3: Phi-4 evaluation dataset performance. Across the four evaluation
metrics, CoT1-CoT3 generally reduce performance relative to the zero-shot
baseline, indicating that these prompt styles do not transfer well to Phi-4.
In contrast, CoT4 yields consistently positive gains, with especially large
improvements on CSAAA.

Baseline |CoT1 CoT2 CoT3 CoT4
AAA 340/750 |0.29% -7.94% -7.65% 8.24%
TSPR-2  82/150 2.44% -8.54% -6.10% 8.54%
MCPA 69/150 -4.35% -14.49% |-11.59% 8.70%
CSAAA  |12/150 16.67%  |8.33% -25.00% 58.33%

Below is a chart of the AAA performances of the MSLMs

when prompted with the prompt variants.

Model Performance by Prompting Strategy

180

425 A1a, a7

400

375 368

Performance Score

350 310 301

325 314

Benchmark o1 o2 CoT3 CoTa
Prompting Strategy

Figure 1: Model performance by prompting strategy. Note the truncated
y-axis starting at a score of 300. CoT1 yields performance gains for all three
models, while CoT4 produces especially large improvements for Phi-4 and
strong gains for Gemma but a slight decrease for Llama relative to its baseline.

Under the zero-shot baseline, the Gemma-3-27b-it mod-
el could not produce labeled stepwise rationales. After
introducing the four CoT prompts, it began doing so. This
shift confirms that CoT prompting can induce reasoning be-
haviors not naturally present in the model’s zero-shot outputs.
From the results collected, shown in Table 1, it can be observed
that both CoT1 and CoT4 generally led to better increases
in performance than CoT2 and CoT3. These findings show
that the quality and relevance of instructional structure directly
influence the downstream. Despite its brevity, CoT4 resulted
in a noticeable improvement, suggesting that even lightweight
CoT prompts can elicit structured reasoning behavior within
MSLMs. This result underscores the intrinsic latent capability
of the Gemma-3-27b-it model to perform multi-step reason-
ing when nudged appropriately, and confirms findings from
prior work on zero-shot prompting.?!

The modest accuracy gains observed for CoT2 and especial-
ly CoT3 are a key finding. These two prompts often reduced
accuracy compared with the benchmark (Tables 1-3). This
degradation aligns with two well-documented failure modes
in language models: hallucination and catastrophic forgetting.
These phenomena highlight how mismatches in prompt struc-
ture or abstraction level can lead to degradation in reasoning

quality. CoT2 presented a problem-solving framework along
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with a generic arithmetic example, but this example lacked
alignment with the structural and conceptual complexity of
the AMC12 tasks. As a result, the model likely relied on su-
perficial pattern matching, producing computationally valid
but logically incorrect reasoning chains, a hallmark of hallu-
cination in LLMs.?

An important characteristic of the benchmark performance
of the Llama-4-Maverick model is the existence of labeled
stepwise rationales without the aid of explicit prompting, sug-
gesting the existence of a structured internal reasoning schema
encoded during pretraining or fine-tuning, and this character-
istic is shown in Appendix C. This behavior may indicate that
the model has internalized procedural norms for explanation,
possibly through exposure to datasets containing math prob-
lem solutions or CoT demonstrations.

This observed emergent behavior may reduce the model’s re-
sponsiveness to certain types of external prompting, particularly
when such prompts introduce incompatible or underspecified
reasoning formats. In the case of CoT4, which used a mini-
mal zero-shot prompt, it is likely the prompt failed to align
with the model’s pre-learned schema for rational generation.
CoT4 was designed to elicit labeled stepwise rationales. How-
ever, this behavior was already present in the baseline results.
This is supported by CoT4’s noticeably worse performance
when compared to CoT1,CoT2, and CoT3, shown in Table 2.
While Co'T3 used an AMC12-specific framework, this frame-
work was generalized. As a result, rather than reinforcing the
model’s internal reasoning patterns, these prompts may have
introduced prompt interference, where the model is forced to
reconcile a vague or foreign framework with an already estab-
lished reasoning process.” CoT2 likely also suffered from this
interference, as the example and worked solution provided was
a trivial arithmetic computation, and the framework included
was also overgeneralizing. CoT2 was also much longer than
CoT3 and CoT4. Although it seems intuitive that more con-
text would improve performance, several recent studies reveal
that excessively long prompts can degrade language model
reasoning capabilities, even well before reaching their context
window limits.?*?* However, it can be seen that CoT1, CoT2,
and CoT3 demonstrated similar degrees of improvement on
the CSAAA metric, suggesting that the model potentially ex-
perienced reduced interference and improved alignment when
attempting harder questions.

Despite the input length of CoT1 being significantly longer
than that of the other prompts, the Llama-4-Maverick mod-
el demonstrated the best overall performance when prompted
with CoT1. This is likely due to the high degree of alignment
between the worked example and the evaluation dataset, as
well as the domain-appropriate vocabulary.?

Figure 1 shows that the Phi-4 model performed notably
worse overall. This suggests that minimal zero-shot prompt-
ing may align more closely with its internal capabilities than
complex or structured alternatives. Consequently, specific or
multi-step prompts such as CoT1, CoT2, and CoT3 may
introduce format misalignment or overload for the MSLM,
reducing coherence and increasing illogical or incomplete
answers. This phenomenon mirrors findings in prompting

sensitivity, as models with less robust conditioning capacities
are more vulnerable to format-induced variability and may
underperform when prompted with overly structured tem-
plates.” These ideas are all supported by the significant and
notably better performance of the Phi-4 model when prompt-
ed with CoT4, as shown in Table 3.

B Future Work

The reasoning capabilities within MSLMs can be advanced
through frameworks similar to the following three, ensuring
consistency, efficiency, and robustness. The first framework is
blueprint guidance via LLM-generated templates, and this can
ensure consistency,” as these blueprints provide structure for
stepwise solutions, helping MSLMs systematically approach
complex tasks without increasing model size.

Chain-of=Thought feeds into the blueprint process, and al-
though CoT reveals the full reasoning chain, the blueprint
framework distills it into a more abstract, MSLM-compati-
ble scaffold, enabling consistent, structured guidance tailored
to each model’s capacity. Efficiency can be obtained through
targeted scaffolding, providing necessary LLM hints during
uncertain reasoning steps, leading to an accuracy boost with
minimal overhead.?”” In this framework, the MSLM generates
its own reasoning trajectory: R = (71, 72,73 ...7p,) for a given
prompt, each step r; is evaluated. Flagged steps are replaced
with alternative reasoning suggestions r; generated by an
LLM: 7} ~ Prpy(r; | Q,r<1), ensuring interventions are sparse
and targeted, focusing on key decision points rather than
full chain assistance. Finally, robust reasoning and self-veri-
fication can be promoted through a self-play framework,*
where independent MSLMs generate and critique reasoning
trajectories in tandem. Only reasoning trajectories that pass
mutual agreement or validation are accepted, reducing noise
and hallucination, and these methods don't rely on training
data, making them scalable across tasks.

Causal inference within MSLMs and SLMs remains an
emerging frontier, largely unexplored compared to its study
in relatively larger LLMs, but it holds significant promise for
advancing lightweight, domain-specialist Al systems. Recent
surveys on causal inference and LLMs review how causal
methodologies, such as causal discovery and treatment effect
estimation,! can enrich causal inference. Potential future work
includes adapting and evaluating MSLMs and SLMs on
causal benchmarks such as Cladder and CRAB; developing
domain-specific, smaller-scale agents that integrate struc-
tured knowledge graphs for causal discovery and treatment
effect estimation; designing blueprint prompting strategies
to scaffold causal reasoning in smaller models; and analyzing
whether causal structure is internally represented within SLM
and MSLM activations. Collectively, these directions promise
to make causal reasoning accessible in lightweight, efficient
models, expanding the utility of SLMs and MSLMs in high-
stakes, resource-constrained, or privacy-preserving settings.

B Conclusion
We observe that CoT prompting - guiding models to

articulate intermediate reasoning steps - can yield notable per-
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formance gains in small and moderate-sized language models.
Understanding a model’s inherent capabilities, particularly its
strengths, weaknesses, and latent biases, is crucial for crafting
prompts that align well with its internal reasoning processes.
Tailoring prompts effectively requires more than just clarity or
examples; it relies on how compatible the prompt is with the
model’s built-in affordances. Capacity-aware prompt design
involves diagnosing the model’s strengths (e.g., numeral rea-
soning, understanding of text) and weaknesses (e.g., multi-step
inference, nuanced instruction following) and then adjusting
prompt structure accordingly. For instance, models at a small-
er-scale or with lower computational affinity for complex
inference may perform best with minimal zero-shot prompts
(as demonstrated by the Phi-4 model, as well as, to a signifi-
cantly less drastic degree, the Gemma-3-27b-it model) with
short, clear instructions that avoid unnecessary examples or rea-
soning chains, while more capable models benefit from richer
scaffolding (as demonstrated by both the Llama-4-Maverick
model and the Gemma-3-27b-it model). Established bench-
marks can be utilized to systematically identify domains where
the model excels or struggles, and taken together, these find-
ings advocate for prompting strategies that prioritize clarity,
repeatability, and alignment with model capabilities, thereby
fostering outputs that are both accurate and consistent.

B Appendix
Appendix A: List of four prompts.
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Appendix B: Model specification comparison, including state-of-the-art
models Gemini 2.5 pro and Deepseek v3 0324.

. Llama 4 - Deepseek V3
Gemma 27B Phi-4 Maverick Gemini 2.5 Pro 0324
Active
Parameters 27.4 14.7 17 Undisclosed (37
(Billions)
Openrouter
Input pricing  |0.09 0.06 0.15 1.25 0.25
($/M tokens)
Openrouter
Output pricing |0.17 0.14 0.60 10.00 0.85
($/M tokens)
Release Date
(MM/DD/YYYY) 03/12/2025 12/12/2024 04/05/2025 06/17/2025 03/24/2025

Appendix C: Llama-4-MavericK’s (baseline) response to 2022 AMC12A
problem 1.

“#"§4 Step 1: Understand the given problem and the expression to be evaluated\nWe need to
evaluate the expression \\[3+\\frac{1}{3+\\frac{1}{3+\\fraci3}}.\\]\n\n

## Step 2: Start simplifying from the innermost fraction\nFirst, simplify the innermost fraction:
$3 + \\frac{1}{3} = \\frac{9}{3} + \\frac{1}{3} = \\frac{10}{3}$.\n\n

## Step 3: Substitute the simplified innermost fraction back into the expression\nNow the
expression becomes \\[3+\\frac{1}{3+\\frac{1l}{\\frac{10}{3}}} =

3+\\frac(1} (3+\\frac{3}{10}}.\\]\n\n

## Step 4: Simplify the next level of fraction\nSimplify the next innermost fraction: $3 +
\\frac(3} (10} = \\frac{30}{10} + \\frac(3}{10} = \\frac{33}{10}$.\n\n

## Step 5: Substitute this simplified fraction back into the expression\nNow the expression
becomes \\[3 + \\frac(1}{\\frac{33}{10}} = 3 + \\frac(10}{33}.\\]\n\n

## Step 6: Simplify the expression further\n$3 + \\frac{10}{33} = \\frac{99}(
= \\frac{109}{33}$.\n\n

#%# Step 7: Convert the improper fraction to a mixed fraction as required\nTo convert
$\\frac{109}{33}$ to a mixed fraction, divide the numerator by the denominator: $109 \\div 33 =
35 with a remainder of $10§. So, $\\frac{109}(33} = 3\\frac{10}{33}$.\n\nThe final answer is:
$\\boxed {3\\frac{10}{33}}§", """

33} + \\frac(10){33)
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