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Abstract

Efficiently adapting large language models (LLMs) to specialized domains remains challenging
due to substantial computational and memory requirements. In this work, we introduce CoDES
(Context-efficient Domain Ensemble System), a framework designed to enhance small language
models through context-efficient domain adaptation and weighted parameter ensembling. CoDES
integrates context-specific fine-tuning, parameter-efficient adaptation using Low-Rank Adaptation
(LoRA), and completion-only supervision to focus training on answer tokens while preserving pre-
trained capabilities and reducing computational cost. To further improve performance and robustness,
the framework combines multiple fine-tuned models through weighted parameter ensembling. We
evaluate CoDES on biomedical multiple-choice question answering using the MedMCQA bench-
mark. Experimental results show that the ensemble of tuned small models achieves 74.8% accuracy,
approaching the performance of a much larger 72B-parameter model (77.1%). While requiring substan-
tially fewer computational resources. The proposed framework offers several practical advantages,
including achieving comparable performance, lower energy consumption, faster inference, and flexi-
ble adaptation to specialized domains. By reducing the reliance on extremely large models, CoDES
provides a scalable and resource-efficient pathway for deploying high-performing language model sys-
tems in knowledge-intensive environments where models must be frequently updated with evolving
domain information.

Keywords: large language models (LLMs); parameter-efficient fine-tuning; low-rank adaptation
(LoRA), model ensembling; domain adaptation

1. Introduction
Large language models (LLMs) have rapidly expanded the scope of what is possible in natural

language processing, evolving at an unprecedented pace [1]. Modern state-of-the-art models demon-
strate remarkable capabilities across a wide range of tasks, including reasoning, knowledge retrieval,
and complex language understanding. However, these performance gains are often accompanied by
substantial computational, environmental, and financial costs due to the scale and resource require-
ments of large models [2–4]. As organizations increasingly seek to deploy LLM-based systems in
practical environments, selecting an appropriate model size has become a critical design decision [5].

In response to these challenges, researchers have begun exploring smaller language models that
require significantly fewer computational resources. Typically ranging from a few million to several
billion parameters, small language models offer faster training cycles, lower inference latency, and more
accessible deployment compared with their larger counterparts [6]. These characteristics make them
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particularly attractive for applications requiring real-time responses or operating under constrained
hardware environments [7,8]. As a result, small language models are increasingly considered for
practical industrial deployments where scalability and cost efficiency are important factors [9,10].

A significant performance gap often remains between small language models and large LLMs [11]
despite the above advantages. While large language models often improve performance through
scaling [12], smaller models must rely on more efficient training strategies, targeted datasets, and
specialized adaptation techniques to narrow the performance gap [13,14]. Although recent studies
have explored parameter-efficient training techniques and domain-specific adaptation, there remains
limited empirical evidence demonstrating whether carefully optimized small models can achieve
performance comparable to large-scale LLMs in complex reasoning tasks. Research has shown that
model performance can be significantly improved through carefully designed training frameworks
and architectural strategies [15–20].

To address the performance limitation of small language models, we propose CoDES (Context-
efficient Domain Ensemble System), a framework that enhances small language model performance
through targeted domain adaptation and weighted parameter ensembling. Instead of relying on larger
model scales, our approach focuses on improving how compact models are trained and utilized within
specialized domains. By integrating parameter-efficient training strategies with model ensembling, the
framework aims to narrow the performance gap between small language models and large LLMs while
maintaining significantly lower computational requirements. To evaluate the proposed framework,
we conduct experiments on the MedMCQA [21] biomedical question answering dataset, a domain
well suited for examining the reasoning limitations of small language models.

The main contributions of this work are summarized as follows:

• We propose CoDES, a context-efficient framework for improving small language model perfor-
mance through domain-specific adaptation.

• We design a training pipeline that combines parameter-efficient fine-tuning with structured
conversational preprocessing and completion-only supervision.

• We introduce a weighted parameter ensembling strategy that combines multiple fine-tuned
models to further narrow the performance gap with large language models.

• Through experiments on biomedical question answering tasks, we demonstrate that our frame-
work enables small models to approach the performance of substantially larger models while
requiring significantly fewer computational resources.

2. Related Work
2.1. Domain Specialization

Existing work has begun to examine domain-specific modeling for high-stakes applications,
showing that structured inputs and domain signals improve accuracy and interpretability; however,
systematic studies that bring together compact model tuning, calibrated probabilistic outputs, and
deployment constraints for the biomedical field remain limited [22].

2.2. Parameter- and Compute-efficient Adaptation

Adapting pretrained transformers under hardware and cost constraints typically updates only a
small set of parameters or uses low-precision weight formats. Techniques such as low-rank adapters
(LoRA) [23] and 4-bit/mixed-precision loading reduce memory and compute while keeping pretrained
behavior, making them practical choices for fine-tuning compact models on domain data [24].

2.3. Model Ensembling and Calibration

Combining complementary small models can improve accuracy and calibration without switch-
ing to much larger models. Selective processing - routing computation to the most relevant input
regions or scales - reduces wasted work and avoids introducing irrelevant or misleading background
details [25]. Compact multistage fusion modules can integrate complementary feature streams before
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prediction [26]. Simple model-combination techniques such as weighted parameter averaging and
light ensembling effectively blend strengths of different fine-tuned checkpoints with little extra cost;
these ideas motivate our weighted parameter-averaging approach.

These strands motivated our design: we target a domain-focused biomedical setting, use
4-bit loading with LoRA to keep tuning cheap, format data as conversational templates and ap-
ply completion-only loss so fine-tuning concentrates on answer tokens, and merge two fine-tuned
checkpoints by weighted parameter averaging to combine their complementary strengths.

3. Methodology
The objective of this study is to test the hypothesis that small-parameter language models, when

augmented with domain-specific context in a context-efficient manner, can achieve performance com-
parable to large, generalized large language models (LLMs). Building on this hypothesis, we propose
a context-efficient framework that is systematically evaluated in a high-impact real-world domain:
medical question answering, and is designed to be easily extensible to other specialized domains.

Our framework emphasizes practical feasibility: reducing computational and GPU resource
requirements while maintaining competitive performance relative to substantially larger models that
may be costly, inaccessible, or impractical to deploy in resource-constrained, knowledge-intensive, and
data-sensitive domains such as healthcare, education, and legal services.

3.1. Data Selection

All experiments used the MedMCQA dataset for training, context-based learning, and evalua-
tion. The dataset consists of multiple-choice questions drawn from standardized medical entrance
examinations (AIIMS and NEET-PG), covering 21 subject areas and 2.4k distinct healthcare topics.

The dataset is divided into 3 sets, which supports supervised learning while maintaining a
sufficiently large held-out test set for reliable comparison:

1. Training set: 183K questions
2. Development/Validation Set: 4K questions
3. Test Set: 6K questions

MedMCQA provides several characteristics that make it particularly suitable for evaluating the
proposed framework:

3.1.1. Domain Relevance to Medical LLM Evaluation

MedMCQA was selected primarily for its strong alignment with the focus of this work to test
the novel framework. As large language models are increasingly applied in high-stakes and complex
environments such as healthcare, evaluating model behavior in a medically grounded benchmark is
important to assess whether domain-specific tuning can support reliable performance and calibrated
user trust [27–29]. At the same time, medical applications often operate under practical deployment
constraints and have up-to-the-minute knowledge that general LLMs lack deep, nuanced expertise for,
making the domain well suited for studying whether targeted contextual tuning can compensate for
reduced model capacity.

3.1.2. Benchmark Popularity and Reproducibility

The dataset is publicly available and widely adopted as a benchmark for evaluating med-
ical question-answering systems and medical language models, including studies on domain-
specialized LLMs, retrieval-augmented medical QA systems, and multilingual medical reasoning
frameworks [30,31]. It thereby enables straightforward replication and transparent comparison with
future work.
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3.1.3. Objective Evaluation via Multiple-Choice Format

its multiple-choice question (MCQA) format allows for clear and objective evaluation through di-
rect accuracy measurement, avoiding the ambiguity often associated with open-ended generative responses.

3.1.4. Diverse Knowledge and Difficulty Levels

The questions span varying levels of difficulty and test diverse forms of medical knowledge,
including clinical reasoning, treatment and diagnostic judgment, and conceptual explanation. With an
average question length of 12.77 tokens, the dataset also limits reliance on long prompt contexts and
instead places greater emphasis on the model’s internal understanding of domain knowledge [21].

3.2. Model Selection

To study performance across model scales, we include both high-capacity generalized models
and smaller, more computationally economical alternatives.

Large-Scale Reference Model: We chose Qwen2.5-72B as the large-model reference point [32].
The model is widely adopted across a broad set of tasks and offers strong general-language capabilities,
maki ng it a practical benchmark in scenarios where domain-specialized medical models are unavail-
able. Its role in this study is not to represent an upper bound of medical reasoning performance, but to
serve as a consistent, high-capacity comparison target.

Smaller Models: For the smaller-scale models, selection was guided by three considerations:
accessibility, community adoption (or popularity), and suitability for controlled comparison.

1. Qwen2.5-14B was chosen as a reduced-scale counterpart to Qwen-72B. Sharing a similar archi-
tectural foundation allows for a more direct examination of how parameter count influences
performance under comparable conditions.

2. LLaMA3.1-8B [33] was included as a compact, open-source model with strong general-language
proficiency and significantly lower computational requirements. Its smaller size makes it
particularly relevant for assessing whether structured contextual input can compensate for
limited capacity.

For both models, we report results under two conditions:

1. Performance without task-specific adaptation (i.e., zero-shot evaluation)
2. Performance after applying context-efficient fine-tuning and augmentation.

This comparison isolates the effect of the proposed framework from that of model size alone. In
addition, we examine whether combining multiple context-enhanced small models through ensemble
techniques can yield further improvements. The ensemble strategy and training details are described
in the following section.

3.3. Training Method

The overall methodology is illustrated in Figure 1. Our framework processes domain-specific
data through targeted preprocessing, then fine-tunes small language models using parameter-efficient
adaptation, which are further combined via weighted parameter ensembling. The resulting models
are evaluated on downstream tasks using standard metrics such as accuracy and log loss, allowing
assessment of both predictive quality and computational efficiency.

Data Preprocessing: All datasets were preprocessed to support completion-only supervision.
Each data was formatted into a conversational chat template, including system and user messages
with question-answer pairs suitable for instruction tuning. The sequences were then tokenized using
the model tokenizer, truncated to a maximum length, and converted into input IDs compatible with
the language model. Labels were generated so that only the tokens corresponding to the answer
contributed to the loss, while all prompt tokens were masked.

Parameter-Efficient Model Preparation: We conducted experiments using Llama3.1-8B and
Qwen2.5-14B. To reduce memory consumption, we loaded the models in 4-bit precision, lowering
GPU memory requirements while preserving performance during training.
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Figure 1. Overview of the Context-efficient Domain Ensemble System (CoDES) Framework.

We then applied LoRA (Low-Rank Adaptation)[23] to introduce trainable low-rank matrices
into selected layers, keeping the original weights frozen. This parameter-efficient adaptation allowed
the models to learn effectively with only a small subset of parameters, reducing both memory and
computational demands. By fine-tuning only these additional matrices, the models retained their
pretrained linguistic and reasoning capabilities while adapting efficiently to the downstream task.

Completion-Only Fine-Tuning: We fine-tuned the model using the SFTTrainer provided in the
TRL (Transformer Reinforcement Learning) library from Hugging Face [34], including the AdamW
optimizer, mixed-precision training, and gradient accumulation. Training hyperparameters such as
batch size, learning rate, and number of epochs were chosen based on preliminary experiments and
adjusted for each dataset and model to ensure stable convergence. The loss was computed only on the
answer portion of each sequence, excluding prompt tokens.

By restricting updates to the answer tokens, the model learned to map context to the correct
response while retaining its pretrained capabilities for understanding and reasoning. This approach
reduced unnecessary gradient noise, sped up convergence, and improved the model’s ability to
produce concise, discrete answers in downstream tasks.

Ensemble Strategy: Research has shown that model ensembling is a straightforward and effective
technique for model enhancement [35,36]. To further improve performance, we combined two of the
best-performing fine-tuned small-parameter models using a weighted average of their parameters,
with a scaling factor controlling each model’s contribution. Different weight configurations were tested
to find the combination that produced the most accurate predictions, allowing the ensemble to benefit
from the strengths of both models and achieve better results than either model alone.

3.4. Evaluation Metrics

For each question in the validation set, the model predicted a probability distribution over
the four possible answer choices, A, B, C, and D. Let pi = [pi,A, pi,B, pi,C, pi,D] denote the predicted
probabilities for question i, and let yi denote the correct answer.

The performance of the models was evaluated using accuracy and log loss.

Accuracy

measures the proportion of questions for which the predicted choice matched the correct answer:

Accuracy =
1
N

N

∑
i=1

1
[

arg max
c

pi,c = yi
]
.

Log Loss

also known as cross-entropy loss, measures the quality of probabilistic predictions and is defined
as:

L(y, p) = − 1
N

N

∑
i=1

∑
c∈{A,B,C,D}

1[yi = c] log(pi,c),

where:
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• N is the total number of evaluated questions,
• c indexes the answer choices,
• yi is the correct label for question i,
• pi,c is the predicted probability for choice c of question i,
• 1[·] is the indicator function.

Models that assign high probability to incorrect answers result in a heavier penalty. Consequently,
when two models have the same accuracy, the model with lower log loss exhibits more consistent and
better-calibrated predictive behavior.

Examples with invalid or non-finite probabilities were excluded from evaluation. These metrics
together captured both the correctness and the confidence of the model’s predictions.

4. Experiments & Results
Building on the dataset preparation, model selection, and training techniques detailed in the

Methodology section, we conducted a set of experiments aiming to improve performance of small
language models.

4.1. Baseline Performance

To establish a baseline performance, we conducted zero-shot evaluation on one large language
model and two smaller models on an identical dataset consisting of 10,000 randomly-selected examples
from MedMCQA dataset. Specifically, we compare Qwen2.5-72B, LLaMA 3.1-8B, and Qwen2.5-14B
under the same evaluation protocol. The results are reported in Table 1.

Table 1. Baseline Model Performance Comparison.

Baseline Model Sample Size Accuracy

Qwen2.5-72B 10k 77.1%
Llama3.1-8B 10k 63.5%
Qwen2.5-14B 10k 64.0%

The Qwen2.5-72B model achieves the highest accuracy of 77.1%, whereas Llama 3.1-8B and
Qwen2.5-14B achieve 63.5% and 64.0%, respectively. This performance gap is attributable to the
increased parameter capacity of large LLMs, which enables more expressive representations and
improved generalization. The 77.1% accuracy achieved by the large model serves as a baseline
reference and will be used for comparison in subsequent sections.

4.2. Small Model Fine Tuning with LoRA

In this section, we apply Low-Rank Adaptation (LoRA) to fine-tune the two small language
models using a 10,000 examples randomly selected from the MedMCQA training dataset and a
validation dataset of 3,000 examples. The accuracy is based on performance on the evaluation dataset.

LoRA introduces several hyperparameters that govern the fine-tuning process. Given the large
hyperparameter search space, we focus on the learning rate and the number of training epochs, as
these factors have the most significant impacts on evaluation metrics from early experiments.

Table 2 presents the performance of Llama3.1-8B and Qwen2.5-14B under different LoRA fine-
tuning configurations. The results show that moderate learning rates around 5e−5 consistently produce
the best performance across both models, while very small learning rates (2e−5) lead to slower learning
and reduced accuracy. Increasing the number of training epochs from one to two also improves
performance, suggesting that additional exposure to domain-specific data enables more effective
parameter adaptation. Furthermore, improvements in accuracy are accompanied by reductions in log
loss, indicating better calibration of model predictions.
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Table 2. Performance of Llama3.1-8B and Qwen2.5-14B under different LoRA fine-tuning hyperparameter
configurations.

Model Learning Rate Epoch Accuracy Log Loss

Llama3.1-8B1 1e−4 1 72.5% 1.09
Llama3.1-8B2 5e−5 1 70.6% 1.10
Llama3.1-8B3 5e−5 2 73.2% 1.09
Llama3.1-8B4 2e−5 1 63.6% 1.19
Llama3.1-8B5 2e−5 2 68.5% 1.14
Qwen2.5-14B1 1e−4 1 63.7% 1.19
Qwen2.5-14B2 5e−5 2 69.5% 1.12
Qwen2.5-14B3 2e−5 1 63.5% 1.19

The highest achieved accuracies increased by 9.7% and 5.5% for Llama3.1-8B and Qwen2.5-14B
compared with the baseline accuracies shown in TABLE I, respectively. The results demonstrate that,
with appropriate hyperparameter selection, small models can attain substantial performance gains
through domain-specific context learning. The Llama3.1-8B model achieves higher accuracy than
the Qwen2.5-14B model, indicating that Llama3.1-8B exhibits superior adaptability to LoRA-based
fine-tuning.

4.3. Ensemble of Small Models v.s. Large model

We ensembled two best performed fine tuned model (Llama3.1-8B3 and Qwen2.5-14B2) by taking
weighted averaging of their parameters. The formula for ensembling two models is as below, where
alpha is a scaling factor that determines the contribution of each model.

Wmerged = αW1 + (1 − α)W2

Table 3. Performance of weighted parameter ensembles combining fine-tuned Llama3.1-8B and Qwen2.5-14B
models.

Llama Weight Qwen Weight Accuracy Log Loss

0.80 0.20 73.4% 0.70
0.70 0.30 74.1% 0.68
0.65 0.35 74.8% 0.66
0.60 0.40 74.3% 0.67
0.50 0.50 73.8% 0.68

In Table 3, we report the performance of ensemble model with different weights. The results
show that, despite performances vary differently, all ensemble configurations show improved accuracy
and lower log loss compared to a single model. When compared with the baseline large model,
performance peaks at the weight configuration of 0.65 / 0.35, after which further increases in the
Qwen weight lead to slight declines in both accuracy and calibration. The best-performing ensemble
model achieves an accuracy of 74.8%, which approaches the performance of the baseline large model,
Qwen2.5-72B (77.1%).

Another observation is that the ensemble model performances remain relatively stable across
a range of weight configurations. Accuracy ranges from 73.4% and 74.8% with difference of 1.4% ,
indicating that the ensemble approach is robust to moderate changes in the weight allocation between
the two models. All ensemble weight configurations listed in Table 3 yield higher accuracy and lower
log loss compared with the individual Llama3.1-8B and Qwen2.5-14B models. This improvement
suggests that the two fine-tuned models capture complementary patterns in the data. By combining
their parameters through weighted averaging, the ensemble is able to leverage strengths from both
models, resulting in improved predictive performance.
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In addition to accuracy gains, the ensemble also produces lower log loss values. The log loss of
the ensemble model ranges from 0.66 to 0.70, compared with the individual model log loss values
between 1.09 and 1.19. This reduction indicates better calibration of predicted probabilities, suggesting
that the ensemble not only improves correctness but also produces more reliable confidence estimates.

4.4. Practical Implications of the Framework

We validate the feasibility and effectiveness of the newly proposed framework that, combining
context-specific tuning, parameter-efficient adaptation, and model ensembling can enable small models
to achieve competitive performance while maintaining practical advantages in deployment.

In particular, the framework offers the following practical advantages over deploying a single
large-parameter model:

• Comparable Performance: The experimental results in Figure 2 further demonstrate that context-
specific tuning can substantially improve the performance of relatively small language models
and significantly narrow the gap with much larger models. For instance, the Llama3.1 8B model
achieved 73.2% accuracy after contextual tuning, compared with a baseline accuracy of 63.5%.
Similarly, the Qwen2.5 14B model improved from an initial baseline of 64.0% to 69.5% accuracy.
When combined using the ensemble strategy within the proposed framework, the tuned small
models achieved 74.8% accuracy, approaching the benchmark performance of the much larger
Qwen2.5 72B model, which achieved 77.1% accuracy. These results highlight that carefully
incorporating domain-relevant contextual information can significantly enhance model capability
without relying solely on scaling model size.

(a) Accuracy vs. Parameter Size (b) Accuracy vs. Log Loss

Figure 2. Performance comparison across baseline, fine-tuned, and ensemble model configurations.

• Lower Cost and Resource Requirements: The framework enables high performance while
operating with substantially smaller models. Training and inference with small language models
require significantly fewer computational resources due to reduced parameter counts. Table 4
shows that the Qwen2.5-72B model consumes approximately 0.2 kWh of energy to analyze
10k multiple-choice questions, which is about seven times more than the 8B model and four times
more than the 14B model. Even when using an ensemble of small models, the large model still
consumes approximately 2.5 times more energy. This highlights the potential of the proposed
framework to reduce operational costs and energy consumption.

Table 4. Model Energy Consumption Comparison Analyzing 10K Questions.

Model Energy Consumption (kWh)

Qwen2.5-72B 0.20
Llama3.1-8B 0.03
Qwen2.5-14B 0.05
Qwen2.5-14B + Llama3.1-8B 0.08
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• Faster Inference Performance: Smaller models also enable faster response times. Large models
require substantially more matrix multiplications and memory transfers during inference, leading
to higher latency. By leveraging multiple tuned small models within the proposed framework,
systems can maintain strong predictive performance while achieving faster inference speeds,
which is particularly beneficial for real-time or large-scale applications.

• Flexible Domain Customization: The framework facilitates efficient adaptation of models to
specialized domains. Through experiments on the MedMCQA dataset, we demonstrate that small
models can be effectively tailored to domain-specific tasks through contextual fine-tuning. This
modular approach allows organizations to customize models for specific knowledge domains
without the need to train or deploy extremely large models.

Overall, the results suggest that the proposed framework provides a practical pathway for
deploying high-performing language model systems under realistic computational and resource
constraints while enabling scalable and sustainable AI adoption across organizations with varying
levels of computational resources.

Such an approach is particularly important in knowledge-intensive domains where informa-
tion evolves rapidly, including healthcare, finance, and legal. In these settings, organizations must
frequently update models with new domain knowledge, and the ability to efficiently adapt smaller
models through contextual tuning provides a practical and scalable pathway for maintaining accurate
and up-to-date AI systems.

5. Conclusions
This work investigated whether language models with relatively modest parameter counts can

achieve strong performance when supplied with domain-specific context in a targeted and efficient
way. We designed CoDES, a framework that combines context-specific fine-tuning, parameter-efficient
adaptation, and model ensembling, leveraging the complementary strengths of multiple tuned models
while emphasizing effective use of contextual information rather than relying solely on model scale.

Our experiments focused on biomedical multiple-choice question answering. The results show
that carefully tuned small models can achieve competitive accuracy and low loss while using substan-
tially fewer parameters than larger models, highlighting the practical potential of the approach. In
particular, context-specific tuning and ensemble strategies allow small models to scale effectively under
realistic computational resource constraints. This suggests that for organizations or tasks targeting
specific domains, leveraging small models with ensemble learning can provide strong performance
without requiring the computational resources of very large models.

While our evaluation focused on biomedical multiple-choice question answering using a limited
set of model architectures and parameter sizes, the framework’s applicability to other domains remains
to be fully explored. Future work will extend the approach to additional domains such as legal and
finance industries that require accurate and context-aware reasoning, and to Non-Profits and small
organizations with limited computational resources, applying the framework to solve the real-world
problems. We also plan to explore broader domain-level tuning, incorporate more model families
and sizes, and investigate open-ended or generative question answering tasks. Integrating retrieval-
augmented context and analyzing the trade-offs between computational cost and performance will
further enhance the framework’s practical utility and scalability across diverse applications.
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