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Abstract

This study investigates how to efficiently build a domain-specialized large
language model (LLM) for statistics using the lightweight LLaMA-3.2-3B fam-
ily as the foundation model (FM). We systematically compare three multi-stage
training pipelines—starting from a base FM with no instruction-following capa-
bility, a base FM augmented with post-hoc instruction tuning, and an instruction-
tuned FM with strong general reasoning abilities—across continual pretraining,
supervised fine-tuning (SFT), and reinforcement learning from human feedback
(RLHF) preference alignment. Results show that pipelines beginning with a
base FM fail to develop meaningful statistical reasoning, even after extensive in-
struction tuning, SFT, or RLHF alignment. In contrast, starting from LLaMA-
3.2-3B-Instruct enables effective domain specialization. A comprehensive eval-
uation of SFT variants reveals clear trade-offs between domain expertise and
general reasoning ability. We further demonstrate that direct preference opti-
mization provides stable and effective RLHF preference alignment. The final
model, StatLLaMA, achieves strong and balanced performance on benchmarks
of mathematical reasoning, common-sense reasoning, and statistical expertise,
offering a practical blueprint for developing resource-efficient statistical LLMs.
The code is available at https://github.com/HuangDLab/StatLLaMA.
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1. Introduction
Large language models (LLMs) based on Transformer architectures have become a cen-
tral tool in modern natural language processing. Models such as BERT (Devlin et al.
2019), GPT (Radford et al. 2018, 2019; Brown et al. 2020), and the LLaMA family
(Touvron et al. 2023a,b; Grattafiori et al. 2024) have demonstrated strong performance
across a wide range of general-purpose language tasks, including reasoning, summariza-
tion, and question answering. Trained on massive text corpora, these foundation models
exhibit broad linguistic competence and extensive general knowledge. However, their
effectiveness in specialized technical domains—particularly statistics—remains limited.
Statistical reasoning requires precise use of domain-specific terminology, adherence to
formal definitions, and careful multi-step analytical reasoning. In practice, general-
purpose LLMs often produce explanations that are shallow, imprecise, or conceptually
incorrect when applied to statistical tasks. This gap raises an important applied ques-
tion: how can statistical knowledge and reasoning be systematically integrated into
LLMs without degrading their general language and reasoning abilities? This study
addresses this question by developing and evaluating a resource-efficient training frame-
work for constructing a statistical LLM. We focus on the lightweight LLaMA-3.2-3B
model, motivated by the practical need for deployable models under constrained compu-
tational resources. Our objective is to build a model that achieves strong performance
on statistical reasoning tasks while maintaining robust general-purpose capabilities.
Supervised fine-tuning (SFT) is the standard approach for adapting pretrained lan-
guage models to downstream tasks. However, full fine-tuning becomes prohibitively
expensive for large models and is inefficient when multiple domain-specific variants are
required. Parameter-efficient fine-tuning (PEFT) methods, particularly low-rank adap-
tation (LoRA) (Hu et al. 2021), address this limitation by updating only a small subset
of parameters while keeping the base model fixed. These techniques substantially re-
duce computational cost and are well suited for domain adaptation. Nonetheless, PEFT
alone does not guarantee effective internalization of complex domain knowledge.
Continual pretraining (CoP) (Gupta et al. 2023; Jin et al. 2022) offers an additional
mechanism for domain adaptation by exposing models to large volumes of unlabeled,
domain-specific text. While CoP can improve familiarity with statistical language and
terminology, our experiments indicate that it provides limited gains for task-oriented
statistical reasoning when applied to models without strong instruction-following ca-
pabilities. In contrast, instruction-tuned models—trained explicitly to interpret and
execute natural-language instructions—have shown superior generalization and usabil-
ity in interactive settings (Longpre et al. 2023; Wang et al. 2023; Taori et al. 2023). This
distinction motivates an important design choice explored in this study: whether domain
adaptation is more effective when starting from a base model or from an instruction-
tuned model.
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Even after instruction tuning and SFT, alignment with human judgment remains a chal-
lenge, particularly for nuanced reasoning tasks. Reinforcement learning from human
feedback (RLHF) (Bai et al. 2022) addresses this by optimizing model outputs using
preference comparisons, but it is computationally intensive and sensitive to hyperpa-
rameter choices. More recent alternatives, including direct preference optimization
(DPO) (Rafailov et al. 2023) and group relative policy optimization (GRPO) (Shao
et al. 2024), provide simpler and more efficient alignment mechanisms. This study
presents, to our knowledge, the first empirical comparison of DPO and GRPO in the
context of statistical language modeling. To support preference-based optimization, we
generate high-quality paired preference data using a stronger external language model
(Gemini) as a teacher, following a knowledge distillation paradigm (Hinton et al. 2015;
Calderon et al. 2023). This approach enables scalable preference supervision while
maintaining consistent judgment criteria.
Building on these insights, we propose and evaluate a multi-stage training paradigm for
developing a domain-specialized statistical LLM. The process begins with the LLaMA-
3.2-3B model and incorporates either CoP combined with instruction tuning or SFT
using the parameter-efficient LoRA method. These stages are designed to inject core
statistical knowledge and task structures into the model. Next, we apply preference
alignment using DPO or GRPO to fine-tune the model’s outputs according to human
preferences. To assess the effectiveness of this approach, we conducted extensive exper-
iments across several benchmark tasks: GSM8K (Cobbe et al. 2021) for mathematical
reasoning, AP Statistics multiple-choice questions (AP Program 2024) for statistical
knowledge, and ARC (Clark et al. 2018) for commonsense reasoning.
The remainder of the paper is organized as follows. Section 2 reviews related work.
Section 3 describes the datasets and training stages. Section 4 details the experimental
design and training pipelines. Section 5 presents quantitative and qualitative results.
Section 6 concludes with a discussion of limitations and future directions.

2. Related Work

2.1. Foundation models
Foundation models constitute the backbone of modern natural language processing
(NLP). Prominent examples—including BERT (Devlin et al. 2019), GPT (Radford
et al. 2018, 2019; Brown et al. 2020), and the LLaMA family (Touvron et al. 2023a,b;
Grattafiori et al. 2024)—are based on the Transformer architecture and pretrained
on massive text corpora using self-supervised objectives (Jing and Tian 2021). This
pretraining endows models with broad linguistic competence, general reasoning ability,
and strong transferability across tasks.
Despite their versatility, foundation models are inherently general-purpose. When ap-
plied to technical domains such as statistics, they often struggle with precise terminol-
ogy, formal definitions, and multi-step analytical reasoning. These limitations motivate
the need for targeted domain adaptation strategies that enhance domain-specific com-
petence while preserving general reasoning ability. Our work builds on this line of
research by adapting the lightweight LLaMA-3.2-3B model for statistical reasoning.
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2.2. Supervised fine-tuning
SFT adapts a pretrained language model to downstream tasks using labeled input–output
pairs. Given a dataset D = {(x, y)} of the input x and the target output y, model pa-
rameters θ are optimized by minimizing the negative log-likelihood loss:

LSFT(θ) = −E(x,y)∼D

 |y|∑
t=1

log πθ(yt|x, y<t)
,

where πθ(yt|x, y<t) denotes the probability assigned by the model to token yt, given the
input x and the preceding tokens y<t.
Historically, SFT has been implemented via full fine-tuning (FFT), updating all model
parameters. While effective, FFT is computationally expensive for large models and
prone to catastrophic forgetting (Kirkpatrick et al. 2017; Lopez-Paz and Ranzato 2017;
Huang et al. 2024). Early work such as ULMFiT (Howard and Ruder 2018) introduced
strategies—discriminative learning rates, gradual unfreezing, and carefully scheduled
learning rates—to mitigate these risks and improve stability. These ideas laid the
foundation for more efficient adaptation methods used in modern LLM training.

2.3. Parameter-efficient fine-tuning
PEFT addresses the scalability limitations of FFT by freezing the pretrained parame-
ters and updating only a small set of additional task-specific parameters. This substan-
tially reduces computational cost, storage requirements, and the risk of catastrophic
forgetting.
Among PEFT methods, LoRA (Hu et al. 2021) has become particularly influential.
LoRA models the weight update to a pretrained matrix W0 ∈ Rd×k as a low-rank
decomposition △W = BA, where B ∈ Rd×r and A ∈ Rr×k, with rank r ≪ min(d, k).
The original weight W0 remains frozen, A is randomly initialized (e.g., Gaussian), and
B is initialized to zero, ensuring that △W is initially zero and does not alter the model’s
output at the start of training. The adapted weights take the form

W
′ = W0 +

(
α

r

)
BA,

where α controls the adaptation strength. LoRA approach greatly reduces the number
of trainable parameters and achieves performance comparable to FFT while introduc-
ing negligible inference overhead, making it well suited for deployment in resource-
constrained settings.
Extensions such as QLoRA (Dettmers et al. 2023b) further improve efficiency by com-
bining LoRA with low-bit quantization, while other variants explore alternative decom-
positions (Liu et al. 2024) or layer-wise adaptations (Lialin et al. 2024). In this study,
LoRA serves as the primary mechanism for efficient domain adaptation.

2.4. Continual pretraining
CoP extends the original self-supervised training objective by further training a pre-
trained model on large volumes of domain-specific, typically unlabeled text. By immers-
ing the model in authentic domain language, CoP improves familiarity with specialized
terminology, discourse patterns, and background knowledge.
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A key advantage of CoP is that it eliminates the need for costly manual annotation.
Empirical studies have shown CoP to be effective in terminology-dense or stylistically
distinct domains (Gururangan et al. 2020). However, CoP remains fundamentally a
language modeling task: it improves sequence prediction and knowledge absorption
but does not directly teach task execution, instruction following, or decision-making.
As a result, CoP alone is insufficient for application-oriented settings and must be
combined with supervised or instruction-based fine-tuning.

2.5. Instruction tuning
Instruction tuning enhances a model’s ability to understand and execute natural lan-
guage instructions by fine-tuning on datasets formatted as instruction-response pairs.
Although the training objective is identical to standard SFT, the instructional struc-
ture of the data enables models to generalize across tasks and formats, substantially
improving zero-shot and few-shot performance (Wei et al. 2022; Ouyang et al. 2022;
Chung et al. 2024).
Instruction tuning is driven largely by the scale, diversity, and quality of its training
data. Early work (e.g., FLAN (Longpre et al. 2023), InstructGPT (Ouyang et al.
2022)) reformatted existing NLP datasets into instruction–response pairs. More recent
approaches automate data generation: Self-Instruct (Wang et al. 2023) and XL-Instruct
(Iyer et al. 2025) use stronger teacher models to synthesize large instruction corpora,
reducing annotation cost but risking redundancy and stylistic uniformity. Complemen-
tary efforts such as Alpaca (Taori et al. 2023) incorporate real user–model dialogues;
although smaller and constrained by privacy, such data capture authentic interactions
and demonstrate the feasibility of instruction tuning under limited resources.

2.6. Reinforcement learning from human feedback
While SFT and instruction tuning improve task execution, they do not ensure alignment
with nuanced human preferences or quality judgments. RLHF addresses this limitation
by learning from pairwise human preferences over model outputs.
A standard RLHF pipeline comprises three stages. First, a pretrained model is fine-
tuned on high-quality demonstrations to obtain an initial policy πref. Second, human
annotators rank candidate responses for a prompt x, yielding preference pairs (x, yw, yl),
where yw is preferred to yl. A reward model RMϕ is trained on these pairs, typically
via a Bradley-Terry-style objective,

loss(ϕ) = −E(x,yw,yl)∼D [log σ (RMϕ(x, yw) − RMϕ(x, yl))] ,

to approximate human judgment. Third, the language model is optimized as a policy
πθ, using rewards from RMϕ to favor preferred responses during generation.
Proximal policy optimization (PPO) (Schulman et al. 2017; Zheng et al. 2023) is the
most widely used reinforcement learning algorithm in RLHF. It provides stable updates
through clipping and KL regularization but is computationally intensive and sensitive
to hyperparameters. To reduce complexity, alternative methods have been proposed.
DPO (Rafailov et al. 2023) removes the explicit reward model and directly optimizes
a classification-style objective derived from preference pairs. DPO offers improved sta-
bility and lower computational cost, though its effectiveness depends on the quality of
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the underlying SFT model (Pan et al. 2025). GRPO (Shao et al. 2024), a lightweight
PPO variant, estimates advantages using group-level baselines and reduces memory
overhead while retaining PPO’s stabilization mechanisms. This study provides an em-
pirical comparison of DPO and GRPO in the context of statistical language modeling.

2.7. Knowledge distillation
Knowledge distillation (KD) transfers information from a large teacher model to a
smaller student model (Hinton et al. 2015), enabling efficient deployment without sub-
stantial performance loss. In natural language generation, sequence-level KD—training
the student on complete outputs generated by the teacher—offers a practical approach
when teacher logits are inaccessible (Calderon et al. 2023).
Beyond model compression, KD has become an effective strategy for generating high-
quality synthetic supervision. Teacher-generated responses can serve as pseudo-labels
for SFT or as preference data for alignment methods, substantially reducing reliance on
costly human annotation. In this work, we employ sequence-level KD using a stronger
external LLM (Gemini) to construct both supervised and preference datasets, enabling
scalable and consistent training signals for statistical domain adaptation.

3. Materials

3.1. Dataset collection
This study used a variety of datasets for developing and evaluating a large language
model specialized in statistics. A complete overview of dataset names, sources, descrip-
tions, and sizes is provided in Table 1. To build a strong foundation in statistics, we
collected large-scale corpora, primarily for CoP, aiming to inject background knowledge,
terminology, and linguistic patterns into the model. For instruction tuning and SFT,
we collected and generated diverse instruction/question–answer (QA) datasets. These
datasets trained the model to understand and follow instructions, perform QA, and ex-
ecute specific tasks. To ensure alignment with human preferences, we curated pairwise
preference datasets, with portions of both preference and QA data generated through
carefully crafted prompts to the application programming interface (API) of Gemini.
Finally, model performance was assessed using a suite of benchmark datasets, enabling
a multidimensional evaluation of both general and domain-specific capabilities.

3.2. Construction of training datasets
To effectively leverage heterogeneous datasets across multiple training stages, this study
adopted a systematic framework for dataset construction and integration. Beyond the
cleaning and normalization of raw data (Section 4.1), this framework encompasses tai-
lored data organization schemes, mixing strategies, prompt engineering, and format
conversions aligned with specific training objectives, including CoP, instruction tuning,
SFT, and RLHF. These design choices aim to maximize data utility, facilitate targeted
capability acquisition at each stage, and improve training efficiency under limited com-
putational resources. Detailed configurations and dataset usage across training stages
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are provided in Appendix A.

3.3. Model evaluation benchmarks
To comprehensively evaluate the performance of the statistical LLM developed in this
study, an integrated evaluation framework was established. The evaluation system com-
bines quantitative monitoring metrics on standardized benchmark tests and a custom-
built domain-specific evaluation dataset, and qualitative expert analysis.

Grade School Math 8K (GSM8K)
GSM8K, released by OpenAI, is a widely used benchmark for assessing multi-step
mathematical reasoning. It contains approximately 8,500 natural language math word
problems, each paired with a complete step-by-step solution. This study adopted the
8-shot CoT evaluation paradigm (GSM8K (Test)), in which the model receives eight
annotated examples of “question-reasoning-answer” before being asked a new ques-
tion. This setup encourages the model to emulate step-by-step logical reasoning during
inference. The primary evaluation metric is answer accuracy, reflecting the model’s
capability in logical reasoning and numerical computation.

AI2 Reasoning Challenge (ARC)
Developed by the Allen Institute for AI (AI2), the ARC benchmark evaluates common-
sense reasoning using questions derived from U.S. grade 3-9 science examinations. To
investigate whether domain-specific training in statistics affects general reasoning abil-
ity, this study conducted a zero-shot evaluation on the ARC-Easy Set, where no ex-
amples are provided prior to questioning. By analyzing changes in accuracy on this
benchmark, we can determine whether specialized training introduces interference or
whether the model maintains its general reasoning competence alongside its domain
specialization.

AP Statistics Benchmark
Given the absence of public benchmarks tailored to testing core statistical competence,
we constructed a dedicated AP Statistics benchmark. The dataset was sourced pri-
marily from publicly available question bank CrackAP.com’s AP Statistics Practice
Tests, initially containing 678 multiple-choice questions. After manual curation to re-
move items containing images or unsuitable formatting, 287 representative text-only
questions were retained. All questions were standardized into a uniform format, each
consisting of a question stem and five options labeled (A)–(E), and stored in JSON
format for reproducibility. For assessment, a custom prompt instructed the model to
output only the letter corresponding to the correct choice, with regular expressions to
automatically extract the answer from the model output. The final evaluation metric
was accuracy, providing a reliable, quantitative measure of statistical domain expertise.

Qualitative evaluation
Beyond quantitative benchmarks, qualitative expert evaluation was conducted to pro-
vide a deeper assessment of the model’s conceptual understanding and expressive
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precision. We selected three open-ended questions illustrating representative use cases
of statistical reasoning: conceptual question-answering, factual querying from knowl-
edge graphs, and multi-turn consultation scenarios. Appendix B includes these repre-
sentative examples that show the performance differences between different models.
Responses from models at different training stages (e.g., an instruction-tuned baseline
versus a statistics-specialized model) were compared and reviewed by human experts.
Evaluation focused on conceptual accuracy, logical coherence, clarity of explanation,
appropriate use of terminology, and ability to recognize or avoid statistical fallacies.
This expert-reviewed qualitative analysis complements quantitative metrics by offering
high-resolution insights into the model’s reasoning structure, interpretive accuracy, and
linguistic expressiveness.

4. Methods

4.1. Data preprocessing
Transforming raw, heterogeneous data into high-quality input suitable for LLM training
is a foundational step in building a domain-specific model. This process demands
not only precise technical implementation but also a careful understanding of diverse
data characteristics, potential pitfalls, and effective processing strategies. Appendix
C outlines the specific practices and technical considerations applied in this study to
prepare heterogeneous statistics-related data for training and alignment.

4.2. Model architecture and training framework

Foundation models and parameter-efficient fine-tuning
This study adopts Meta’s LLaMA-3.2-3B as the base foundation model for all fine-
tuning and experimental procedures. The model is built on an optimized Transformer
decoder-only architecture, featuring several key improvements over the original Trans-
former design (Ibe 2024). LLaMA-3.2-3B was selected for this study due to its open
availability, competitive performance, and excellent compatibility with PEFT methods.
PEFT in this study primarily employed LoRA, which introduces low-rank trainable
matrices into targeted model layers, enabling efficient adaptation with minimal param-
eter updates. LoRA’s rank and scaling factor (α) were adjusted dynamically based on
task type and training stage. To further reduce memory consumption and computation
costs, the base model was loaded using 4-bit quantization via the bitsandbytes library
(Dettmers et al. 2023a). Training employed the AdamW optimizer, with gradient ac-
cumulation used to achieve an effective batch size appropriate for available hardware
resources.

Training and fine-tuning framework
To accommodate both local and cloud-based resource environments, the overall experi-
mental workflow was built on the Hugging Face ecosystem. For small- to medium-scale
GPU setups, we employed the Unsloth acceleration library (Han et al. 2023), which is
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optimized for PEFT methods such as LoRA. By leveraging optimized CUDA kernels
and efficient memory management, Unsloth reduces VRAM usage by approximately
20–30% and increases training speed by 1.5–2× compared with the standard Hugging
Face Trainer, based on preliminary testing.
For large-scale training during the CoP stage or for distributed multi-GPU fine-tuning,
we integrated the DeepSpeed framework (Rasley et al. 2020). Developed by Microsoft,
DeepSpeed implements advanced distributed optimization strategies, most notably the
ZeRO (zero redundancy optimizer), which shards model parameters, gradients, and op-
timizer states across multiple GPUs, thereby minimizing memory overhead. This study
utilized ZeRO Stage 2 with 8 A100 GPUs provided by Taiwan Computing Cloud, signif-
icantly accelerating training throughput. While DeepSpeed offers excellent scalability,
integration required careful configuration and compatibility tuning with the Hugging
Face Trainer, along with additional engineering considerations such as loss monitoring
and runtime stability.

4.3. Core experimental method: Multi-stage training strategy
To address the challenges of domain adaptation for LLMs and to establish an efficient
framework for developing a high-performance statistical LLM, this study systemati-
cally designed and compared three representative multi-stage training pipelines. Each
pipeline integrates different sequences and combinations of techniques to examine how
training order and stage composition affect model performance and adaptation effi-
ciency.
All pipelines used the constructed training datasets described in Section 3.2, were
implemented under the training framework outlined in Section 4.2, and were evaluated
using the benchmarks and metrics detailed in Section 3.3.

Pipeline 1 — Knowledge-first strategy
Pipeline 1 (Figure 1) prioritizes early domain knowledge injection. The underlying
hypothesis is that exposing the model to a large corpus of statistical texts before any
instruction-based fine-tuning allows it to deeply internalize domain-specific concepts,
terminology, and discourse structure. This immersion is expected to establish a strong
foundation in statistical reasoning and linguistic patterns, thereby supporting later
task-oriented fine-tuning.
Implementation begins with the LLaMA-3.2-3B Base model, which undergoes CoP us-
ing a mixed statistical corpus. This corpus, comprising academic paper paragraphs
(S2ORC) and core statistical terminology and definitions (Statistical Nouns/Defs),
serves to enhance the model’s grasp of professional vocabulary and conceptual relation-
ships. After CoP, the model proceeds to SFT using structured statistical instruction
and question–answer data, allowing it to apply the learned knowledge in interactive,
task-based contexts. Finally, DPO version of RLHF is applied to align the model’s
outputs with human judgment, leveraging expert-reviewed statistical preference data.
This step enhances the clarity, accuracy, and professionalism of responses. Pipeline 1,
therefore, represents a “knowledge-first” paradigm, evaluating whether early domain
immersion—prior to SFT—can yield stronger specialization and whether it introduces
limitations in later task learning performance.
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Figure 1: Flowchart of Pipeline 1.

Pipeline 2 — Instruction-bridge strategy
Pipeline 2 (Figure 2) was designed to address a key limitation of Pipeline 1—its po-
tential deficiency in instruction-following ability. While early domain training builds
knowledge depth, the model still requires basic interaction and comprehension skills to
effectively apply that knowledge. Hence, Pipeline 2 introduces an instruction tuning
stage as an intermediary between CoP and SFT.
Implementation begins identically to Pipeline 1, with CoP performed on the same
statistical corpus to establish foundational domain knowledge. Next, an instruction
tuning phase using open-source, general-purpose instruction datasets (e.g., Dolly-15k
and OpenHermes-2.5) equips the model with broad interaction and command-following
capabilities. Subsequently, the model undergoes domain-specific SFT, integrating sta-
tistical reasoning, question answering, and task-based learning. The final RLHF-DPO
stage further refines the model’s responses, improving fluency and adherence to statis-
tical reasoning norms.
This pipeline investigates the synergistic relationship between early knowledge acqui-
sition and general instruction capability. Specifically, Pipeline 2 tests whether inter-
leaving general instruction tuning before domain-specific fine-tuning leads to superior
adaptation and efficiency compared to Pipeline 1. Additionally, it provides a basis for
comparison against models that begin with pre-existing instruction-following abilities.

Pipeline 3 — Instruction-first domain adaptation
Pipeline 3 (Figure 3) represents the core experimental direction of this study and di-
verges fundamentally from the previous two strategies. Instead of starting from a base
model, Pipeline 3 builds upon LLaMA-3.2-3B-Instruct, a model that has already un-
dergone large-scale instruction fine-tuning and possesses robust general reasoning and
instruction-following abilities. The hypothesis underlying this strategy is that a model
with strong general-purpose capabilities may require only targeted domain adaptation
to achieve expert-level performance. This could yield comparable or superior results
with reduced resource consumption and training time.
Training begins with LLaMA-3.2-3B-Instruct’s SFT on statistical tasks to orient the
model toward the domain’s specific concepts, data structures, and reasoning patterns.
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Figure 2: Flowchart of Pipeline 2.

Figure 3: Flowchart of Pipeline 3.

Next, RLHF is used for preference alignment to enhance response quality and domain
accuracy. Within the SFT stage, multiple sub-versions were implemented to exam-
ine how different configurations—such as data composition, fine-tuning length, and
parameter-efficient tuning strategies (e.g., training only response tokens)—affect per-
formance. Similarly, RLHF preference optimization methods were compared between
GRPO and DPO.
Pipeline 3 thus aims to validate the feasibility and efficiency of domain adaptation
based on a high-performance instruction model. Through comparative analysis with
Pipelines 1 and 2, it evaluates trade-offs in training cost, domain knowledge retention,
and task effectiveness, providing insights into optimal strategies for building specialized
LLMs under resource constraints.

5. Experimental Results
This section presents and analyzes the results of the three multi-stage training pipelines
introduced in Section 4.3. The overarching goal is to evaluate how different combina-
tions of knowledge injection, instruction tuning, supervised fine-tuning, and preference
optimization contribute to constructing a high-performance statistical LLM. A key
focus is determining how to effectively integrate statistical-domain knowledge into the
LLaMA-3.2-3B architecture while maintaining—or even enhancing—its general reason-
ing capabilities.
To establish a clear baseline, we begin by reporting the performance of the LLaMA-
3.2-3B Base model and its Instruct variant on the three core evaluation benchmarks:
GSM8K (Test) (8-shot + CoT), AP Statistics (0-shot), and ARC (0-shot).
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• Base—accuracy %: 29.87 (GSM8K (Test)), 26.13 (AP Statistics), 42.24 (ARC)

• Instruct—accuracy %: 64.44 (GSM8K (Test)), 37.63 (AP Statistics), 43.60 (ARC)

As expected, instruction tuning yields significant gains in mathematical reasoning, gen-
eral reasoning, and instruction following. These baseline results serve as essential ref-
erence points for interpreting the effectiveness of the three training pipelines.

5.1. Pipeline 1: Limitations of direct domain knowledge injec-
tion
Pipeline 1 begins with the LLaMA-3.2-3B Base model and prioritizes domain-specific
CoP, operating under the hypothesis that early exposure to large amounts of statistics
text would establish a strong knowledge foundation. The benchmark results are shown
in Table 2.

Table 2: Benchmark results for training Pipeline 1 (knowledge-first strategy).
Model GSM8K (Test) AP Statistics ARC

(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)
LLaMA-3.2-3B 29.87 26.13 42.24
+ CoP 29.49 26.13 42.24
+ CoP + SFT 33.89 26.13 43.52
+ CoP + SFT + RLHF 27.90 26.48 43.34

Values in boldface denote the best result for each benchmark.

The results indicate that Pipeline 1 is largely ineffective. Despite extensive exposure
to statistics text, CoP produced no meaningful improvement on any benchmark. All
scores remained near baseline. This suggests that passive knowledge exposure—without
task-guided objectives—does not lead to improved statistical reasoning or conceptual
understanding. The model gains shallow familiarity with specialized terminology but
cannot effectively map the newly acquired domain knowledge to interactive task for-
mats.
SFT yields a modest improvement on GSM8K (Test) (+4.4%) and ARC (+1.28%), likely
due to the introduction of structured QA data. However, the AP Statistics score
remains unchanged, indicating that the model fails to translate knowledge acquired
during CoP and SFT into effective domain-specific problem solving.
The RLHF stage unexpectedly damages performance: GSM8K (Test) drops sharply
to 27.90%, and AP Statistics remains stagnant. The most plausible explanation is
that the Base model lacks sufficient instruction-following capability to interpret pref-
erence signals. Without a reliable understanding of prompts or response structure, the
model cannot effectively learn the semantic differences between preferred and rejected
responses (yw vs. yl), resulting in noisy or misdirected optimization.
In summary, Pipeline 1 demonstrates that early knowledge injection without underlying
instruction-following capability is ineffective. Domain knowledge alone is insufficient
for task-level improvement and is difficult to leverage during subsequent stages.
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5.2. Pipeline 2: Adding instruction tuning to bridge knowledge
and task ability
Pipeline 2 attempts to address the weaknesses of Pipeline 1 by inserting a general-
purpose instruction-tuning stage between CoP and SFT. The intent is to strengthen
the model’s ability to interpret tasks and interact meaningfully with SFT and preference
data. Results are shown in Table 3.

Table 3: Benchmark results for training Pipeline 2 (knowledge + instruction-bridge
strategy).

Model GSM8K (Test) AP Statistics ARC
(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)

LLaMA-3.2-3B + CoP 29.49 26.13 42.24
+ Instruct 26.69 25.78 42.06
+ Instruct + SFT 36.47 25.78 43.52
+ Instruct + SFT + RLHF 26.99 26.13 43.17

Values in boldface denote the best result for each benchmark.

After instruction tuning, performance on all benchmarks declines slightly relative to
the CoP stage. This transient drop is expected, as the model adapts to a new ob-
jective—learning to interpret and follow instructions—which can temporarily disrupt
previously learned patterns. Nonetheless, this stage is essential because it prepares the
model to more effectively utilize subsequent SFT data.
The benefit of instruction tuning becomes evident in the SFT stage: GSM8K (Test)
improves substantially to 36.47%, exceeding the corresponding result in Pipeline 1
(33.89%). This supports the hypothesis that instruction-following capability enhances
the effectiveness of SFT. However, AP Statistics shows no improvement and in
fact falls below its no-instruction-tuned counterpart (26.13%), indicating that domain
knowledge from CoP and SFT still fails to transfer to statistical reasoning tasks. This
pattern suggests the presence of an “alignment tax,” where introducing instruction
tuning between CoP and SFT may interfere with domain-specific learning.
Consistent with Pipeline 1, RLHF further degrades performance: GSM8K (Test) drops
to 26.99%, AP Statistics exhibits only minor fluctuations, and ARC declines slightly
to 43.17%. Despite improved instruction-following ability, the model appears to lack a
well-integrated knowledge structure, leading to unstable or ineffective preference opti-
mization.
To better interpret these negative results, we include a diagnostic analysis (Appendix
D) that isolates the contribution of CoP. Removing the CoP stage from Pipelines 1 and
2 yields nearly identical performance across all benchmarks (Table 7), indicating that
CoP provides little to no measurable benefit in this setting. A likely explanation is that
the CoP datasets (S2ORC and Statistical Nouns/Defs) substantially overlap with the
original pretraining corpus of LLaMA-3.2-3B, resulting in minimal new information
gain.
In summary, Pipeline 2 yields only modest gains over Pipeline 1—primarily on GSM8K
(Test)—while failing to improve statistical reasoning. It exhibits weak integration
of domain knowledge and unstable behavior during preference optimization. These
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limitations likely reflect an alignment tax introduced by inserting instruction tuning
between CoP and SFT, as well as redundancy in the CoP datasets. Overall, the results
indicate that augmenting instruction-following capability after CoP is substantially less
effective than initializing from a model with strong instruction abilities, a limitation
that Pipeline 3 is designed to address.

5.3. Pipeline 3: An efficient path for domain adaptation and
optimization
Pipeline 3 constitutes the primary experimental focus of this study. Its central strategy
is to leverage the strong general language understanding and instruction-following ca-
pabilities of LLaMA-3.2-3B-Instruct as an efficient foundation for specialization in the
statistics domain. Building on this starting point, we systematically evaluated how dif-
ferent SFT strategies, data integration schemes, and preference optimization methods
(GRPO versus DPO) interact to shape the final model performance.

SFT stage: Design and comparison of multi-version strategies (v1, v2,
v3.x)
The objective of the SFT stage in Pipeline 3 was to adapt the general-purpose capabil-
ities of LLaMA-3.2-3B-Instruct toward statistics-focused reasoning and expression. To
this end, we designed three distinct SFT strategies, each reflecting a different philoso-
phy of training structure and data mixing. Detailed descriptions of all SFT variants,
along with their corresponding benchmark results, are provided in Appendix E.1.
Overall, the SFT results demonstrate that no single strategy is universally optimal;
instead, model selection depends on the desired balance between general reasoning
ability and statistical expertise. SFT-v2 offers a strong and relatively balanced baseline,
while variants v3.3 and v3.4 achieve higher statistical performance at the cost of some
degradation in general reasoning. Based on these trade-offs, SFT-v2, SFT-v3.3, and
SFT-v3.4 were selected as candidates for subsequent preference optimization.

RLHF preference optimization: From GRPO limitations to effective DPO
alignment
Following SFT, we proceeded to the preference optimization stage, aiming to further
improve response quality, coherence, and alignment with human preferences beyond
what can be achieved through SFT alone. We evaluated two methods—GRPO and
DPO—and report results for both. While DPO ultimately proved more effective, we
treat the GRPO findings not merely as a negative result but as a diagnostic contri-
bution: the observed failure modes illuminate the structural conditions under which
group-relative policy optimization is likely to struggle in technical domain adaptation,
providing practical guidance for future practitioners.
GRPO experiments and diagnostic analysis. We applied GRPO to the SFT-
v1, SFT-v2, and SFT-v3.4 models across three hyperparameter configurations varying
LoRA rank, alpha, and the data mixing ratio between Statistical GRPO and GSM8K
(Train) samples (Table 10, Appendix E.2). Benchmark results are reported in Table
11. Across all configurations, GRPO exhibited high sensitivity to hyperparameter
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settings and consistently redistributed performance across benchmarks rather than pro-
ducing uniform improvements. In several cases, modest domain gains were accompanied
by substantial degradation in general reasoning. Due to this instability and limited
controllability, we concluded that GRPO was not suitable as the primary alignment
method in our setting.
Three interacting factors explain this pattern, each specific to or exacerbated by the
technical statistical reasoning setting. First, GRPO estimates advantages using group-
level baselines computed over a set of sampled responses for each prompt (Shao et al.
2024). In a narrow technical domain such as statistics, the diversity of plausible re-
sponses to a given prompt is inherently limited: correct answers tend to converge
on the same formal reasoning chain, while incorrect answers cluster around a small
set of common misconceptions. This low within-group response diversity yields noisy,
low-variance advantage estimates, which in turn produce unstable gradient updates.
This contrasts with more open-ended domains, such as general conversation or cre-
ative writing, where response diversity is naturally higher and group-relative signals
are more informative. Second, our statistical preference dataset (Statistical GRPO)
contains 2,255 samples, which is modest relative to the complexity of the optimization
landscape that GRPO must navigate. GRPO’s group-relative mechanism is more sensi-
tive to dataset size than DPO’s pairwise classification objective, because each gradient
update in GRPO depends on within-batch response comparison rather than on fixed
preference pairs. With limited data, the signal-to-noise ratio of the group-relative ad-
vantage degrades further. Third, GRPO retains PPO-style policy update mechanics,
including clipping and KL regularization, which introduce additional hyperparameter
dependencies. In our setting, the interaction between LoRA rank, KL penalty weight,
and the Statistical GRPO-to-GSM8K data mixing ratio created a sensitive optimization
surface.
DPO experiments. We therefore shifted our focus to DPO, which reframes preference
learning as a direct classification-style optimization on paired preference data, avoiding
explicit reward modeling and complex reinforcement learning updates. Theoretically,
this offers a more stable and straightforward training process.
We applied DPO to three key SFT models: SFT-v2 (balanced capabilities), SFT-v3.3
and SFT-v3.4 (stronger AP Statistics but weakened general performance). The DPO
results are summarized in Table 4.
DPO exhibits a much more favorable profile. For SFT-v3.3 and SFT-v3.4, DPO sub-
stantially restores general abilities (GSM8K (Test), ARC) that had been weakened during
SFT while preserving or slightly improving AP Statistics. SFT-v3.4 + DPO provides
the strongest overall performance, with improvements across GSM8K (Test) and ARC
and a slight AP Statistics gain. For SFT-v2, DPO maintains AP Statistics and
ARC roughly at their original level while slightly reducing GSM8K (Test), yielding a
relatively balanced but not dominant configuration compared to SFT-v3.4 + DPO.
Mechanistically, several factors likely contribute to DPO’s advantage in our setting.
First, DPO’s classification-style objective operates directly on paired preference data
without requiring a separately trained reward model or explicit policy rollouts, which
reduces the number of sources of instability. Second, as noted by Pan et al. (2025),
DPO’s effectiveness is strongly conditioned on the quality of the underlying SFT
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Table 4: Benchmark results from the DPO preference optimization stage used with
SFT-v2 and SFT-v3.x in Pipeline 3.

Model GSM8K (Test) AP Statistics ARC
(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)

LLaMA-3.2-3B-Instruct 64.44 37.63 43.60
+ SFT-v2 58.53 39.72 40.36
+ SFT-v2 + DPO 57.85 40.07 40.27
+ SFT-v3.3 53.60 41.46 36.77
+ SFT-v3.3 + DPO 57.24 41.46 41.13
+ SFT-v3.4 54.59 41.11 40.61
+ SFT-v3.4 + DPO 58.98 41.46 41.81

Values in boldface denote the best result for each benchmark.

model—a condition that Pipeline 3 satisfies by virtue of starting from a well-initialized
instruction model.
These results highlight DPO’s balancing power: it can restore or improve general rea-
soning while maintaining domain expertise, rather than trading one off against the
other. Among all configurations, SFT-v3.4 + DPO emerges as the most balanced
and highest-performing model across the three benchmarks. We designate this final
model as StatLLaMA. In the subsequent qualitative analysis, we focus on examining
StatLLaMA’s behavior and responses in depth.

5.4. Qualitative analysis: In-depth examination of model capa-
bilities
In addition to the quantitative benchmarks, we conducted a qualitative assessment
to further examine the statistical proficiency and interactive behavior of the proposed
model. This analysis focuses on the extent to which the final model, StatLLaMA,
exhibits improved conceptual accuracy, reasoning depth, and adherence to task con-
straints relative to its initialization model, LLaMA-3.2-3B-Instruct.
We evaluated three representative use cases: (i) standard conceptual question answer-
ing, (ii) knowledge-graph–based factual querying grounded in the ontological structure,
and (iii) multi-turn consultation scenarios that approximate applied statistical reason-
ing. For each case, we constructed prompts targeting domain-relevant constructs, in-
cluding foundational inferential concepts, ontology-based entity relations, and practical
data-analytic decision making. Responses were independently reviewed by researchers
with statistical training using the following criteria: conceptual correctness, logical
coherence, clarity of exposition, terminological precision, mitigation of common mis-
conceptions, and appropriateness of interaction flow. These representative examples
are provided in Appendix B.
Across the three scenarios, StatLLaMA demonstrated notably improved performance.
In the conceptual question-answering task (Appendix B Table 5, Prompt 1), its expla-
nation of the distinction between descriptive and inferential statistics was more struc-
tured and aligned with standard pedagogical formulations, and the example invoking
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confidence intervals accurately illustrated inferential reasoning. In the knowledge-graph
query task (Appendix B Table 5, Prompt 2), StatLLaMA adhered more closely to the
requested schema, producing responses that remained within the specified ontology
and avoided extraneous information—an error exhibited by the baseline model. In the
consulting scenario (Appendix B Table 5, Prompt 3), StatLLaMA provided recom-
mendations consistent with accepted practice, including identifying repeated-measures
ANOVA as an appropriate method, articulating relevant assumptions such as spheric-
ity, and suggesting mixed-effects modeling as an alternative. These responses indicate
a higher level of procedural and conceptual integration. They also provide partial ev-
idences that StatLLaMA’s responses were well-grounded in formal definitions and not
critically compromised by teacher-model distillation.
Taken together, the qualitative evidence complements the quantitative results reported
earlier. StatLLaMA exhibits improved domain alignment, more coherent reasoning, and
more context-appropriate interaction behavior. The examples in Appendix B Table 5
illustrate how multi-stage training introduced in this study leads to measurable gains
in applied statistical competence.

6. Conclusion

6.1. Summary of findings
This study evaluated multi-stage training strategies for constructing a statistical large
language model that balances domain-specific expertise with general reasoning ability.
Using the lightweight LLaMA-3.2-3B family, we targeted a model suitable for deploy-
ment in resource-constrained environments while maintaining strong performance on
statistical tasks.
Across three training pipelines, we find that the choice of starting model is decisive.
Pipelines initialized from a base model lacking instruction-following capability show
limited capacity to absorb statistical knowledge, even after extensive CoP and subse-
quent instruction tuning. In these settings, later SFT or preference-alignment stage
yields weak or unstable gains.
By contrast, Pipeline 3—initialized from LLaMA-3.2-3B-Instruct—achieves substan-
tially higher efficiency and effectiveness. Starting from an instruction-capable model
enables SFT to specialize the model toward statistical reasoning. Systematic com-
parison of SFT variants (v1, v2, v3.x) reveals a clear trade-off: aggressive domain
specialization improves statistical performance but may degrade general reasoning on
benchmarks such as GSM8K (Test) and ARC. The v3.x series quantifies this balance and
supports principled model selection.
For preference alignment, DPO consistently outperforms GRPO. GRPO exhibits high
sensitivity to hyperparameters and unstable cross-metric trade-offs. DPO, in contrast,
reliably improves response quality, aligns outputs with statistical norms, and restores
general reasoning capacity diminished during SFT. The combination of SFT-v3.4 fol-
lowed by DPO yields the most balanced and robust model.
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Based on these results, the combination LLaMA-3.2-3B-Instruct + SFT-v3.4 + DPO
was identified as optimal. This final model, StatLLaMA, achieves strong and stable
performance across AP Statistics, GSM8K (Test), and ARC. More broadly, the study
establishes an effective workflow for building lightweight, domain-specialized LLMs:
High-quality Instruct initialization → Domain-oriented SFT → Stable DPO preference
alignment.

6.2. Limitations
Several limitations merit discussion. First, all experiments were conducted at the 3B
parameter scale. While appropriate for constrained deployment, it remains unclear
whether the observed training dynamics generalize to larger models, which may exhibit
different capacity, stability, and knowledge-absorption properties. Results reported at
this scale should therefore be interpreted with appropriate caution before extrapolating
to broader model families.
Second, the evaluation suite does not fully capture applied statistical practice. Al-
though AP Statistics, GSM8K, and ARC were selected to represent complementary rea-
soning dimensions—domain expertise, multi-step mathematical reasoning, and general
commonsense reasoning, respectively—they do not assess end-to-end analytical work-
flows, robustness to noisy or ambiguous inputs, or detection of methodological misuse.
The breadth of statistical competence that would be required for real-world deployment
exceeds what these three benchmarks can collectively measure.
Third, the current study reports results from single training runs for each pipeline and
model configuration. Given the known sources of variance in LLM training, including
random parameter initialization, data shuffling, and stochastic gradient updates, single-
run results may not fully characterize the stability or reproducibility of the observed
performance levels. The absence of repeated runs, confidence intervals, or other ro-
bustness analyses accordingly limits the strength of the conclusions that can be drawn,
particularly for cases where performance differences between configurations are modest.
We acknowledge this as a substantive methodological limitation, and note that it was
imposed primarily by the computational cost of training multi-stage pipelines at scale
on A100 GPU clusters. All reported trends are nonetheless consistent across multi-
ple benchmarks and across qualitatively distinct pipeline comparisons, which provides
partial support for their reliability.
Fourth, the coverage of the statistics domain in the training data is inherently incom-
plete, with certain subfields underrepresented. The limited availability of high-quality
statistical chain-of-thought data further constrains both interpretability and general-
ization. In addition, part of the preference data was distilled from the Gemini API.
While this improves data efficiency, it introduces potential risks: (1) teacher-model bias:
Gemini’s responses may reflect stylistic conventions, conceptual emphases, or factual
framings specific to that model, which could be inadvertently absorbed by StatLLaMA;
(2) distributional narrowness: despite prompt-level diversity controls, synthetic corpora
may under-represent the breadth and irregularity of real-world statistical reasoning; and
(3) evaluation leakage: while our benchmarks (GSM8K, ARC, AP Statistics) were not
used as prompts during data generation, we cannot fully rule out distributional overlap
between the synthetic training data and benchmark items.
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Finally, computational constraints limited the scope of hyperparameter exploration,
particularly in the GRPO alignment stage. As a result, we were unable to exhaustively
evaluate the full range of GRPO configurations, including LoRA rank, alpha, learning
rate, KL coefficient, group size, and data mixing ratios. While the directional trends
reported are consistent, additional experimentation could reveal further refinements
and might alter some of the specific configuration-level comparisons.

6.3. Future directions
Future work should proceed along several interconnected lines. A primary method-
ological priority is the introduction of rigorous robustness analyses into the evaluation
framework. Specifically, future studies should conduct multiple independent training
runs for each key configuration and report standard deviations over benchmark scores.
Such analyses are essential for distinguishing reliable performance differences from noise
attributable to training stochasticity, and for establishing the reproducibility of the
multi-stage training paradigm proposed here.
Closely related is the need to expand the evaluation suite. Future work should incor-
porate benchmarks that more directly reflect applied statistical analysis and consul-
tation, including tasks that require end-to-end workflow reasoning, interpretation of
ambiguous or messy data, and identification of methodological errors. To assess the
bias introduced by Gemini-generated synthetic data, it is important to construct a tar-
geted evaluation set of questions known to elicit common teacher-model errors—such
as informal definitions of p-values, conflation of statistical and practical significance, or
omission of distributional assumptions—and measure StatLLaMA’s error rate against
both the Gemini teacher and a human-expert reference. Evaluation on additional held-
out benchmarks with minimal distributional overlap with the synthetic training data
would also provide stronger evidence for genuine generalization.
Expanding high-quality statistical training datasets, particularly those featuring trans-
parent reasoning traces and human-annotated ground truth, remains a priority. Syn-
thetic data generation via teacher models is a practical and scalable approach, but
it introduces risks of stylistic bias, distributional narrowness, and evaluation leakage.
We recommend training a variant of StatLLaMA on human-annotated data in place of
the Gemini-generated corpus and comparing response characteristics between the two
variants, which would provide a direct empirical estimate of teacher-model bias.
Examining the scalability of the proposed pipeline to larger model sizes is also im-
portant. It is plausible that at larger scales, base models develop sufficient latent
instruction-following capability to make Pipelines 1 or 2 more competitive, or that
the trade-offs between domain specialization and general reasoning observed here shift
substantially. Controlled scaling experiments would clarify the scope of the current
findings.
Methodologically, further study can investigate improved distillation strategies that
reduce teacher-model bias while maintaining signal strength, and explore alternative
PEFT variants that offer better stability-adaptability trade-offs. A more systematic
comparison of DPO and GRPO across model scales, preference dataset sizes, and do-
main types would also help determine the generality of the alignment conclusions re-
ported here. Methods for structured data augmentation, counterexample generation,
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and topic balancing also warrant systematic exploration.
Finally, as statistical LLMs move toward real-world use, issues of explainability, robust-
ness, and uncertainty quantification will become central. Addressing these concerns is
essential for responsible deployment in scientific, educational, and decision-support set-
tings.
Overall, this study provides an empirically grounded foundation for building statisti-
cally competent, lightweight language models and highlights a practical path forward
for domain-specialized LLM development.
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A. Construction of Training Datasets
To effectively leverage diverse datasets across multiple training stages, this study
adopted a systematic dataset construction and integration framework. This process
involved not only the cleaning and normalization of raw data (as discussed in Sec-
tion 4.1) but also the design of data organization methods, mixing strategies, prompt
engineering, and format conversions tailored to specific training objectives (CoP, in-
struction tuning, SFT, and RLHF). These strategies aimed to maximize data utility,
ensure effective skill acquisition at each stage, and optimize model learning efficiency
under constrained computational resources.

A.1. Continual pretraining
The goal of the CoP stage was to immerse the model in a professional statistical lan-
guage environment, enabling it to internalize domain-specific terminology, writing con-
ventions, and conceptual knowledge. Two primary datasets were used: academic pa-
per excerpts (S2ORC) and statistical terms and definitions (Statistical Nouns/Defs).
The S2ORC subset was precisely filtered using title and subtitle keywords to ensure their
relevance to statistical domain. Each selected paper was stored as a dictionary, with the
paper title and keywords as the key and paragraph excerpts as values. Structured fields
such as “Problem”, “Method”, “Result”, and “Conclusion” were then extracted to form
the final dataset. To strengthen understanding of key terminology, the Statistical
Nouns/Defs data were repeated five times, whereas academic paper excerpts were used
once in the training set. The combined dataset was trained for two full epochs.
Apart from the direct use of text corpora in the CoP stage, in the subsequent stages of
instruction tuning, SFT, and RLHF, all data were format-converted through a default
chat template to train the model’s understanding and generation abilities in conversa-
tional interaction scenarios.

A.2. Instruction tuning
The instruction tuning stage established the model’s foundational instruction-following
capability. Two large-scale general-purpose instruction-following datasets: Dolly-15k
and OpenHermes 2.5 were used, each converted into the chat format [{"role":
["user", "content": "..."}, {"role": "assistant", "content": "..."}].
Neither dataset was augmented or repeated; the combined corpus was trained for one
epoch. This setup provided broad exposure to general instruction patterns while avoid-
ing overfitting or premature bias toward specific response formats. The primary
objective was to quickly build a general instruction-response framework rather than to
perform deep optimization on any specific general skill.

A.3. Supervised fine-tuning
The SFT stage enhanced the model’s reasoning, statistical problem-solving, and com-
plex instruction-handling abilities through a carefully constructed mixture of datasets
with differentiated augmentation:
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• GSM8K (Train): step-by-step mathematical reasoning (no augmentation)

• Statistical CoT: chain-of-thought reasoning, repeated 2×

• Statistical Nouns/Defs: term definitions, repeated 3×

• Statistical GRPO: preferred response style examples used here as supervised
signals, repeated 2×

All subsets were merged into a single mixed dataset and trained for three epochs.
This differentiated augmentation ensured that more complex or domain-intensive tasks
were represented more frequently, allowing the model to develop deeper reasoning and
contextual understanding while maintaining balance through GSM8K’s unaltered baseline
proportion.
In addition, two further datasets: Math-QA (mathematical problem QA) and FineTome-
100k (general-purpose supervised fine-tuning data) were incorporated in variant
configurations to examine how different SFT setups influence overall performance.
The Statistical CoT and Statistical GRPO datasets were generated using Gemini
based on their corresponding prompts (Table 6, Appendix C.4). This process intro-
duces potential teacher-model bias, whereby Gemini may produce shallow, imprecise, or
conceptually flawed statistical explanations that could be propagated to StatLLaMA.
To assess this risk, we conducted a targeted audit of a sample of Gemini-generated
Statistical CoT responses, reviewed by a domain expert in statistics. The audit did
not reveal systematic factual errors.

A.4. Reinforcement learning from human feedback
The RLHF stage aimed to align the model’s output with human preference signals
through contrastive learning on pairwise preference data. Three datasets were used:
Statistical GRPO, Statistical DPO, and Math DPO. In training DPO version of
RLHF, Statistical DPO and Math DPO datasets were unaugmented and combined
for two training epochs. By jointly training on preference data from both the math-
ematics and statistics domains, the model learned preference signals across different
task types. This approach enabled it to internalize not only general response quality
patterns but also the domain-specific stylistic preferences unique to each field, thereby
enhancing its ability to produce precise, human-aligned responses in both mathematical
and statistical tasks.

A.5. Summary of dataset construction strategy
In summary, the dataset design and mixing strategies at each training stage were guided
by a holistic consideration of data characteristics, training objectives, model learning
dynamics, and resource constraints. Repetition factors and epoch counts were system-
atically adjusted to balance data influence and computational efficiency. This struc-
tured approach ensured comprehensive enhancement of the model’s performance across
all key dimensions—statistical knowledge acquisition, reasoning capability, instruction
following, and alignment with human preferences—while maintaining efficiency and
stability throughout the training pipeline.
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B. Qualitative Evaluation Questions and Outputs

Table 5: Prompts used to evaluate statistical question-answering performance, along
with model outputs from StatLLaMA and LLaMA-3.2-3B-Instruct.

Prompt 1:
Explain the difference between descriptive statistics and inferential statistics.
Provide an example of each.
LLaMA-3.2-3B-Instruct:

Descriptive statistics and inferential statistics are
two types of statistical methods used to analyze
and interpret data. The main difference between
them lies in their purpose, scope, and level of in-
ference.
Descriptive Statistics
Descriptive statistics aim to summarize and de-
scribe the main features of a dataset. They provide
a snapshot of the data, without making assump-
tions about the population. The main goals are:

1. To summarize the central tendency (mean,
median, mode)

2. To summarize variability (range, variance,
standard deviation)

3. To describe shape and distribution (skew-
ness, kurtosis)

Example: A researcher describes the average
height of 100 students by calculating the mean
(175 cm). This summarizes the sample without
making population-level inferences.
Inferential Statistics
Inferential statistics aim to make inferences about
a population based on a sample. The main goals
are:

1. To estimate population parameters (mean,
proportion)

2. To test hypotheses (e.g., is the population
mean equal to a known value?)

3. To make predictions about the population

Example: A researcher collects a sample of 100
adults to test if the population mean height ex-
ceeds 175 cm. If the sample mean is greater, the
researcher infers that the population mean is likely
greater as well.
Summary
Descriptive statistics summarize data; inferential
statistics draw conclusions about populations from
samples.

StatLLaMA:

Descriptive statistics and inferential statistics are
two major types of methods used to analyze data.
Descriptive Statistics
Descriptive statistics summarize and describe the
basic features of a dataset, helping to understand
characteristics such as central tendency, variabil-
ity, and distribution. They provide a snapshot of
the data without inferring population properties.
Example: Given exam scores from 100 students,
we can compute the mean, median, mode, and
range to describe the class’s performance distri-
bution.
Inferential Statistics
Inferential statistics are used to make generaliza-
tions about a population based on a sample. They
allow conclusions about characteristics, relation-
ships, or behaviors of the population.
Example: To determine whether the average exam
score in one school is higher than the national aver-
age, we compute a confidence interval for the sam-
ple mean. If this interval exceeds the national av-
erage, we infer the school’s average is likely higher.
Key Differences

• Descriptive statistics summarize observed
data, while inferential statistics make predic-
tions about the population.

• Descriptive methods describe characteristics;
inferential methods generalize findings.

• Descriptive analysis does not involve infer-
ence, whereas inferential analysis uses prob-
ability to draw conclusions.

Continued on next page
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Table 5 – Continued from previous page
Prompt 2:
What are some key properties or assumptions associated with “Linear Regression Model” as defined in the
knowledge graph? Based on triples like: (Linear Regression Model, has_assumption, linearity),
(Linear Regression Model, has_assumption, independence of errors),
(Linear Regression Model, has_assumption, homoscedasticity),
(Linear Regression Model, has_assumption, normality of errors)
LLaMA-3.2-3B-Instruct:

Based on the provided triples, here are some key
properties or assumptions associated with a Linear
Regression Model:

1. Linearity: The relationship between the in-
dependent variables and the dependent vari-
able is assumed to be linear.

2. Independence of Errors: The errors
(residuals) are assumed to be independent
of each other.

3. Homoscedasticity: The variance of the er-
rors is assumed to be constant across all lev-
els of the independent variables.

4. Normality of Errors: The errors are as-
sumed to be normally distributed.

5. Additivity: The relationship between the
independent variables and the dependent
variable is assumed to be additive, i.e., the
effect of one independent variable is indepen-
dent of the effects of other independent vari-
ables.

6. No multicollinearity: The independent
variables are assumed to be uncorrelated
with each other.

7. No omitted variables: The model assumes
that all relevant variables are included in the
model.

These assumptions are essential for the validity
and reliability of linear regression models. How-
ever, it’s worth noting that in practice, it’s often
difficult to meet all these assumptions simultane-
ously, and linear regression models may need to be
adjusted or modified to account for any violations.

StatLLaMA:

Based on the knowledge graph, the key properties
or assumptions associated with a Linear Regres-
sion Model are:

1. Linearity: The relationship between the in-
dependent variables and the dependent vari-
able is assumed to be linear.

2. Independence of Errors: The errors in
the model are assumed to be independent of
each other.

3. Homoscedasticity: The variance of the er-
rors is assumed to be constant across all lev-
els of the independent variables.

4. Normality of Errors: The errors are as-
sumed to be normally distributed.

These assumptions are fundamental to the Linear
Regression Model and are used to estimate the co-
efficients of the model. Violations of these assump-
tions can lead to biased or inconsistent estimates,
and may require additional steps to account for
the violations.

Continued on next page
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Table 5 – Continued from previous page
Prompt 3:
Hi, I’m a medical intern analyzing patient blood pressure data collected across different times of day.
My supervisor asked me to check whether time of measurement significantly affects blood pressure.
I thought of using ANOVA, but I’m confused because the same patients appear in multiple time slots.
Should I be using repeated measures ANOVA instead?
LLaMA-3.2-3B-Instruct:

You’re correct to consider the repeated measures
aspect of your data. Since the same patients ap-
pear in multiple time slots, you’re dealing with a
type of repeated measures data.
ANOVA (Analysis of Variance) is typically used
when you have independent groups being com-
pared to each other, whereas in your case, you have
multiple measurements from the same group (pa-
tients) at different time points.
Repeated Measures ANOVA (RM-ANOVA) is the
appropriate statistical test to use in your situa-
tion. RM-ANOVA compares the means of multi-
ple measurements from the same group to detect
significant differences between the measurements.
Here’s a brief summary of the key differences:

• ANOVA: Compares means of independent
groups (e.g., different patients, treatments,
or conditions) to detect significant differ-
ences between the groups.

• Repeated Measures ANOVA (RM-
ANOVA): Compares means of multiple
measurements from the same group (e.g., dif-
ferent time points, patients, or conditions)
to detect significant differences between the
measurements.

When using RM-ANOVA, you’ll need to consider
the following:

• Repeatability: You need to ensure that the
measurements are repeatable, meaning that
the same patient’s blood pressure is mea-
sured at the same time on multiple occasions.

• Randomization: You should randomize
the order of measurements to minimize any
biases.

• Outliers: You’ll need to handle any outliers
that may affect the results.

By using RM-ANOVA, you’ll be able to determine
whether the time of measurement significantly af-
fects blood pressure in your patients.
It’s always a good idea to consult with your super-
visor or a statistician for further guidance on your
specific data and research question.

StatLLaMA:

In your case, since the same patients appear in
multiple time slots, you’re dealing with a repeated
measures design. This means that you’re essen-
tially measuring the same variable (blood pres-
sure) at different times (time slots) for the same
subjects.
Using repeated measures ANOVA is the correct
approach here. Here’s why:

1. Subject variability: Since the same pa-
tients are measured multiple times, subject
variability is a concern. Repeated measures
ANOVA accounts for this variability by in-
cluding it as a random effect in the model.

2. Dependent variable: Blood pressure is a
continuous dependent variable, which is suit-
able for repeated measures ANOVA.

3. Time slots: You have multiple time slots,
which are the levels of the repeated measure.
Repeated measures ANOVA allows you to
compare the means of blood pressure across
these time slots.

ANOVA, on the other hand, is typically used for
independent samples (e.g., comparing two groups)
and doesn’t account for subject variability.
When using repeated measures ANOVA, keep in
mind:

1. Assumptions: Check the assumptions of
repeated measures ANOVA, such as normal-
ity of the data and equal variances across
time slots.

2. Model complexity: Consider whether ad-
ditional models, such as mixed-effects mod-
els or generalized linear mixed models, might
be more suitable for your data.

In your case, using repeated measures ANOVA
should help you determine whether time of mea-
surement significantly affects blood pressure.
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C. Data Preprocessing
Transforming raw, heterogeneous data into high-quality input suitable for LLM training
is a foundational step in building a domain-specific model. This process demands not
only precise technical implementation but also a careful understanding of diverse data
characteristics, potential pitfalls, and effective processing strategies. The following
subsections outline the specific practices and technical considerations applied in this
study to prepare heterogeneous statistics-related data for training and alignment.

C.1. Basic general processing
The first stage of all preprocessing workflows involves cleaning and standardizing raw
text. The goal is to establish a clean, consistent foundation for downstream processing
and training. Using standard regular expressions and string operations, we removed
residual web artifacts (e.g., HTML/XML tags) and normalized whitespace, newlines,
and tab characters. Text encodings were converted to UTF-8 to avoid character-set
inconsistencies.
To address structural noise from web-crawled sources (such as repeated headers, foot-
ers, and page numbers), we designed a pattern recognition mechanism for automatic
filtering. For academic texts, reference sections were removed using keyword detec-
tion (e.g., “References”, “Bibliography”) to increase corpus knowledge density. Finally,
while narrative text was lowercased for consistency, statistical terms and mathematical
symbols were preserved in their original form.

C.2. Extracting structured knowledge from text
As a supplementary exploration, we attempted to extract structured semantic knowl-
edge directly from unstructured academic text. Using SpaCy’s en_core_web_lg model
(Honnibal et al. 2020) with dependency parsing, we extracted subject-verb-object (SVO)
triplets. In principle, this approach could support automatic construction of a semantic
network. However, the complexity of statistical writing—long sentences, subordinate
clauses, and technical terminology—led to low accuracy and limited coverage compared
to curated ontologies. As such, these results were excluded from the main training cor-
pus and retained only for auxiliary analysis.

C.3. Unified formatting and tokenization
Once cleaning and structural modeling were complete, all text was converted into nu-
merical sequences for training. We adopted a pre-tokenization strategy, ensuring all text
was tokenized and ID-mapped prior to training, which reduced overhead and improved
efficiency. Tokenization was performed using Hugging Face’s AutoTokenizer (Hugging
Face 2020), configured to match the vocabulary and algorithm of the base model. Texts
exceeding the model’s maximum sequence length were processed using a sliding window
approach to preserve context, while shorter inputs were padded. Padding tokens were
assigned a label value of –100, ensuring they did not affect loss computation.
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C.4. Prompt engineering
Prompt engineering played a central role throughout data preparation, training, and
evaluation. The design quality of prompts directly influenced model learning efficiency
and downstream performance. To address different tasks and training stages, we de-
veloped multiple prompt templates, including:

• Prompts for creating CoT QA pairs in statistics.

• Prompts for producing preference samples (question, reasoning, answer) for GRPO
and (prompt–chosen–rejected) for DPO training.

• Benchmark-specific evaluation prompts to ensure fairness and comparability.

All prompt templates were applied after tokenization, converting the data into struc-
tured inputs with standardized response formats.
Through iterative refinement, carefully designed prompts substantially improved the
model’s ability to generate reliable, task-specific outputs, thereby enhancing both per-
formance and applicability in statistics. Several design choices were intended to reduce
teacher-model bias from the outset. The Statistical CoT prompts explicitly required
step-by-step reasoning, coverage of specific statistical subfields, and pedagogical rigor,
eliciting formally grounded responses rather than conversational ones. The Statis-
tical DPO construction required “chosen” responses to be conceptually accurate and
well-structured while “rejected” responses contained identifiable errors, meaning StatL-
LaMA was trained to prefer formal correctness over stylistic fluency.
The full set of prompt templates is provided in Table 6.
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Table 6: Full set of prompt templates used in data preparation. Each dataset is gen-
erated by Gemini using its corresponding prompt, encompassing diverse statistical
reasoning and dialogue tasks to ensure comprehensive understanding across training
strategies.

Dataset Prompt
Statistical CoT You are a distinguished Statistics Professor and an expert in educational design.

Your task is to generate {num_to_generate} high-quality statistical problem sets.
Each problem must include a clear, step-by-step chain-of-thought reasoning process.
Accuracy, clarity, and pedagogical rigor are essential.
Instructions:
1. Output Format: Produce a single JSON list containing {num_to_generate}
dictionary objects. Do not include markdown indicators such as "json". Each
object must contain the keys "question" and "cot". Example: {"question":
"...", "cot": ["1. ...", "2. ...", "3. ..."]}.
2. Content Guidelines: - "question": A clear, multi-step statistical question
covering topics such as probability theory (Bayes’ theorem, conditional probability),
distributions (Binomial, Poisson, Normal), sampling, confidence intervals, hypoth-
esis testing (t-tests, chi-squared tests), correlation, and regression. - "cot": A list
of sequential reasoning steps written as strings. Each step should progress logically
toward the final answer. All formulas and variables must be written in valid LaTeX
notation.

Statistical GRPO You are a distinguished Statistics Professor known for creating clear and instruc-
tive problems. Your task is to generate {num_to_generate} high-quality Ques-
tion–Answer (QA) sets for Group Relative Policy Optimization (GRPO).
Instructions:
1. Output Format: Create a single JSON list of dictionaries with keys
"question", "reasoning", and "answer". All numerical values must be represented
as strings. Example: {"question": "...", "reasoning": "...", "answer":
"0.375"}.
2. Content Requirements: - "question": Pose a clear statistical question re-
quiring analytical reasoning and multi-step problem solving. Cover diverse areas
such as descriptive statistics, probability, distributions, sampling, confidence inter-
vals, hypothesis testing, correlation, and regression. Include both conceptual and
computational tasks, avoiding overly simplistic textbook examples. - "reasoning":
Provide a detailed, accurate explanation with all formulas in LaTeX notation. -
"answer": Present the definitive answer derived from the reasoning. Ensure consis-
tency with any format requirements specified in the question.

Statistical DPO You are an AI assistant tasked with generating training data for Direct Preference
Optimization (DPO). Produce {num_to_generate} distinct data points encompass-
ing various statistical concepts within a single response.
Instructions:
1. Output Format: Generate one valid JSON list where each element contains
the keys "prompt", "chosen", and "rejected". Example: [{"prompt": "...",
"chosen": "...", "rejected": "..." }, ...].
2. Content Guidelines: - Topic Diversity: Cover different statistical domains,
including descriptive statistics, probability, inference, regression, and study design.
Aim for a mix of difficulty levels. - "prompt": Vary prompt styles — concep-
tual explanations, comparisons, applications, or reasoning-based tasks. - "chosen":
Provide accurate, clear, and well-structured answers with sound logic. Use good
examples/ analogies where appropriate. - "rejected": Address the same prompt
but include subtle inaccuracies, misconceptions, or unclear reasoning to create a
plausible yet inferior response. It should not be completely wrong or nonsensical.



34 StatLLaMA, Version 1

D. Ablation of CoP in Pipelines 1 and 2
To assess the contribution of CoP in Pipelines 1 and 2, we conducted targeted ablation
experiments in which the CoP stage was removed. The results are reported in Table 7.

Table 7: Benchmark results of removing the CoP stage from Pipelines 1 and 2.
Model GSM8K (Test) AP Statistics ARC

(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)
LLaMA-3.2-3B 29.87 26.13 42.24
+ SFT 34.27 26.13 43.53
+ SFT + RLHF 28.20 26.83 43.36
+ Instruct 26.91 25.78 42.09
+ Instruct + SFT 36.85 26.13 43.53
+ Instruct + SFT + RLHF 27.07 26.13 43.19

Values in boldface denote the best result for each benchmark.

Eliminating CoP yields nearly identical performance across all benchmarks, indicating
that it provides little to no measurable benefit in this setting. A plausible explanation
is that the CoP datasets (S2ORC and Statistical Nouns/Defs) substantially overlap
with the original pretraining corpus of LLaMA-3.2-3B, resulting in minimal information
gain.

E. Designs and Benchmark Results for Pipeline 3
Pipeline 3 constitutes the core experimental direction of this study. Its central strat-
egy is to directly leverage the strong general language understanding and instruction-
following capabilities of LLaMA-3.2-3B-Instruct, using it as an efficient starting point
for specialization in the statistics domain. Within this pipeline, we designed and rigor-
ously compared three main SFT strategies (v1, v2, and v3.x) to systematically evaluate
the combined effects of different fine-tuning methods, data mixing schemes, and pref-
erence optimization techniques (GRPO vs. DPO).

E.1. SFT stage
In the SFT stage of Pipeline 3, our primary goal was to steer the general capabilities of
the LLaMA-3.2-3B-Instruct model toward statistics-focused reasoning and expression.
To that end, we implemented three distinct SFT strategies, each reflecting a different
philosophy of training and data integration.
SFT-v1 (Phased, differentiated strategy). The v1 strategy adopted a multi-phase,
template-specific design that emphasized hierarchical capability building:

• Phase 1: Strengthened mathematical and statistical reasoning through instruction-
style SFT on chain-of-thought (Statistical CoT) and mathematical problem
QA (Math-QA).
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• Phase 2: Expanded domain expression using S2ORC-derived summary/method/
conclusion segments, fine-tuned in an instruction style to enhance statistical nar-
rative fluency.

• Phase 3: Applied a chat template to separately fine-tune on FineTome-100k (gen-
eral conversation) and Statistical Nouns/Defs (terminology). LoRA adapter
weights from both fine-tunings were then merged via linear interpolation (weighted
averaging for the same key values), aiming to integrate domain knowledge, term
understanding, and general interaction ability into a single adapter.

SFT-v2 (Unified, single-stage strategy). Reflecting on the complexity and fragility
of v1, the v2 strategy pursued a simpler, unified training approach. From the outset,
all data were formatted with a chat template, and the following datasets were com-
bined into a single mixed training set: Statistical Nouns/Defs, Statistical CoT,
Statistical GRPO (preference-style data used here as supervised signals), FineTome-
100k, and GSM8K (Train). This mixture was used for a one-stage SFT with a higher
LoRA rank (rank = 32). The goal was to cultivate comprehensive statistical reasoning
and conversational ability within a consistent interaction framework, thereby providing
a solid base for subsequent preference optimization.
SFT-v3.x (Controlled variants based on v2). The v3.x series built upon the
unified template design of v2 but introduced controlled variations to examine the effect
of different data mixtures and hyperparameters (Table 8).

Table 8: Configuration of data mixtures and hyperparameters for the SFT-v3.x series
of Pipeline 3.

Version Statistical Statistical Statistical FineTome GSM8K train_on
Nouns/Defs1 CoT1 GRPO1 -100k1 (Train)1 _responses_only2 Epoch3

SFT-v3.1 3 times 1 time 1 time 1 time 1 time ⃝ 3
SFT-v3.2 3 times 2 times 2 times 1 time 1 time ⃝ 3
SFT-v3.3 3 times 1 time 1 time 1 time 1 time × 3
SFT-v3.4 3 times 2 times 2 times × 1 time ⃝ 3
SFT-v3.5 × × × × 1 time ⃝ 1
SFT-v3.6 3 times 1 time 1 time × × ⃝ 1
1 The entries “1 time”, “2 times”, and “3 times” indicate the repetition factor for each source dataset when

constructing the final mixed training set. A × symbol in a dataset column indicates that the dataset was
not used in that version.

2 train_on_responses_only: ⃝ indicates loss computation only on the response; × indicates loss on the full
sequence.

3 Number of training epochs.

The benchmark results for all SFT variants of Pipeline 3 are reported in Table 9. From
Table 9, several conclusions emerge:

1. Domain gains on AP Statistics. All SFT variants improve AP Statistics
relative to the original Instruct baseline (37.63% up to 41.46%), confirming that
SFT is effective at injecting domain-specific statistical knowledge.

2. Trade-offs across benchmarks. SFT-v1 shows modest AP Statistics gains and
relatively stable ARC, but suffers a notable drop in GSM8K (Test), suggesting that
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its multi-stage complexity does not translate into superior domain performance.
SFT-v2 improves AP Statistics more clearly and maintains GSM8K (Test) and
ARC at levels comparable to v1, providing a more balanced profile. The v3.x series
reveals a nuanced trade-off surface: Configurations like v3.1, v3.3, and v3.4 push
AP Statistics higher but tend to reduce GSM8K (Test) and, in some cases, ARC
(e.g., v3.3). v3.6 better preserves GSM8K (Test) and ARC but sacrifices some AP
Statistics gains.

3. Impact of train_on_responses_only and data composition. Differences between
v3.2 vs. v3.3 or v3.4 vs. v3.6 highlight that both the loss computation setting
and dataset composition/repetition play important roles in shaping the balance
between general and domain-specific abilities.

In summary, the SFT exploration underscores that no single strategy is universally
optimal; the best choice depends on the desired trade-off between general reasoning
and statistical expertise. SFT-v2 offers a strong, balanced baseline, while variants
like v3.3 and v3.4 provide stronger statistical performance at some cost to general
abilities. These models (especially v2, v3.3, and v3.4) were selected as candidates for
the subsequent preference optimization stage.

Table 9: Benchmark results of SFT strategies (v1, v2, and v3.x series) in Pipeline 3.
Model GSM8K (Test) AP Statistics ARC

(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)
LLaMA-3.2-3B-Instruct 64.44 37.63 43.60
+ SFT-v1 57.92 37.98 41.89
+ SFT-v2 58.53 39.72 40.36
+ SFT-v3.1 51.18 41.11 40.10
+ SFT-v3.2 50.80 40.77 40.61
+ SFT-v3.3 53.60 41.46 36.77
+ SFT-v3.4 54.59 41.11 40.61
+ SFT-v3.5 55.08 39.72 39.85
+ SFT-v3.6 58.15 38.68 41.98

Values in boldface denote the best result for each benchmark.

E.2. RLHF preference optimization: GRPO experiments
After obtaining a set of SFT models with different capability profiles, we moved to
the RLHF preference optimization stage, aiming to use preference-based supervision
to improve output quality, coherence, and alignment with human expectations beyond
what standard SFT can achieve.
As an initial attempt along the RLHF-style preference optimization path, we applied
group relative policy optimization (GRPO) to the SFT-v1, SFT-v2, and SFT-v3.4
models. For SFT-v2, we further explored three GRPO configurations by varying: LoRA
rank and alpha, and the data mixing ratio between Statistical GRPO and GSM8K
(Train) (mathematics domain) samples. Table 10 summarizes the GRPO settings,
and Table 11 reports the benchmark scores.
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Table 10: GRPO hyperparameter configurations used with SFT-v2 in Pipeline 3.
Version LoRA Rank Data Mixing Ratio1

& Alpha (Statistical GRPO : GSM8K (Train))
GRPO-v1 32 2255 : 4000
GRPO-v2 8 2255 : 1000
GRPO-v3 16 2255 : 1000
GRPO-v4 32 2255 : 1000
1 The sample ratio between Statistical GRPO data and GSM8K

(Train) data used for training.

Table 11: Benchmark results from the GRPO preference optimization stage used with
SFT-v1, SFT-v2, and SFT-v3.4 in Pipeline 3.

Model GSM8K (Test) AP Statistics ARC
(8-shot + CoT, Acc. %) (0-shot, Acc. %) (0-shot, Acc. %)

LLaMA-3.2-3B-Instruct 64.44 37.63 43.60
+ SFT-v1 57.92 37.98 41.89
+ SFT-v1 + GRPO-v2 58.45 38.33 42.32
+ SFT-v2 58.53 39.72 40.36
+ SFT-v2 + GRPO-v1 55.42 40.07 39.85
+ SFT-v2 + GRPO-v2 53.98 40.42 39.85
+ SFT-v2 + GRPO-v3 57.16 40.07 35.32
+ SFT-v2 + GRPO-v4 54.81 40.07 35.06
+ SFT-v3.4 54.59 41.11 40.61
+ SFT-v3.4 + GRPO-v2 56.48 41.46 41.13

Values in boldface denote the best result for each benchmark.

The GRPO results reveal several issues. For SFT-v1, GRPO-v2 yields only minor gains
in all three benchmarks, suggesting limited domain enhancement. For SFT-v2, the
behavior is strongly dependent on hyperparameters: GRPO-v1 (highest rank, alpha,
and largest GSM8K (Train) share) slightly increases AP Statistics but significantly
reduces GSM8K (Test). GRPO-v2 (lowest rank, alpha, and less GSM8K (Train)) im-
proves AP Statistics but at the cost of a substantial drop in GSM8K (Test). GRPO-
v3 (intermediate settings) partially recovers GSM8K (Test) but fails to surpass GRPO-
v2 on AP Statistics and causes a severe degradation on ARC, approaching a catas-
trophic drop. GRPO-v4, which further increases the rank relative to GRPO-v3, de-
grades performance across all three benchmarks. A similar pattern is observed for
SFT-v3.4, where GRPO-v2 again yields limited and imbalanced gains.
The structured analysis across GRPO configurations illustrates that increasing the
GSM8K training share in the data mixture (GRPO-v1) partially preserved mathemat-
ical reasoning but suppressed statistical domain gains, while reducing it (GRPO-v2)
reversed this trade-off. Lowering LoRA rank reduced the magnitude of instability some-
what but did not eliminate cross-benchmark redistribution. The intermediate configu-
rations (GRPO-v3 and GROP-v4) achieved the worst outcome on ARC, suggesting
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that partial mitigation of one instability dimension can inadvertently destabilize a third
benchmark. Taken together, these results indicate that GRPO’s sensitivity reflects a
systemic interaction between group-relative optimization dynamics and the structural
properties of narrow-domain preference data, rather than any single misconfigured hy-
perparameter.
Overall, GRPO proved highly sensitive to hyperparameter choices and data mixing ra-
tios, often redistributing performance rather than reliably improving it. In our setting,
it did not provide stable, consistent, or controllable gains and frequently harmed gen-
eral abilities in exchange for modest domain improvements. Given its instability and
complexity, we concluded that GRPO was not a suitable primary alignment method
for this study.
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