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Abstract:

Adapting language models to specialized domains remains chal-
lenging under limited computational resources. We introduce
CoDES (Context-efficient Domain Ensemble System), a frame-
work that improves small language model performance through
domain-specific fine-tuning and weighted parameter ensembling.
CoDES combines parameter-efficient adaptation via Low-Rank
Adaptation (LoRA) with completion-only supervision, and merges
two fine-tuned models through weighted parameter averaging to
improve robustness and accuracy.

We evaluate CoDES on two biomedical question answering
benchmarks, MedMCQA and MedQA. On MedMCQA, the en-
semble achieves 74.8% accuracy, approaching a 72B-parameter
model (77.1%) while consuming 2.5 times less energy. Consistent
improvements on MedQA further demonstrate the framework’s
generalizability across datasets and examination styles. Taken to-
gether, these results show that targeted domain adaptation com-
bined with model ensembling provides a practical pathway for
deploying competitive language model systems under realistic re-
source constraints.
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1 Introduction

Large language models (LLMs) have reshaped what is pos-
sible in natural language processing, achieving strong results
across reasoning, knowledge retrieval, and language under-
standing [1]. Their reach has extended well beyond text, with
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large-scale models now deployed across diverse modalities and
real-world applications [2, 3]. Yet these advances carry signif-
icant computational, environmental, and financial costs [4, 5],
and selecting an appropriately sized model has become a prac-
tical necessity for many organizations [6, 7].

Smaller language models have emerged as a compelling al-
ternative, offering faster training, lower inference latency, and
broader accessibility [8]. Their efficiency makes them well
suited for latency-sensitive and resource-constrained settings
[9, 10], and they are seeing growing adoption in production sys-
tems where cost and scalability matter [11, 12]. Nevertheless, a
meaningful performance gap persists between small and large
models [13]. While scaling remains the dominant strategy for
large models [14], smaller models must rely on more targeted
approaches to narrow this gap [15, 16]. Prior work has explored
architectural improvements [17, 18, 19] and advances in train-
ing strategies and knowledge representation [20, 21, 22], yet it
remains unclear whether carefully optimized compact models
can reliably match the reasoning performance of much larger
counterparts.

To address this question, we propose CoDES (Context-
efficient Domain Ensemble System), a framework that im-
proves small language model performance through domain-
specific adaptation and weighted parameter ensembling. Rather
than relying on model scale, CoDES targets how compact mod-
els are trained and combined within specialized domains. We
evaluate the framework on two established biomedical question
answering benchmarks, MedMCQA [23] and MedQA [24],
demonstrating that carefully adapted small models can ap-
proach the performance of much larger models at a fraction of



the computational cost.
2 Related Work

2.1 Domain Specialization

Existing work has begun to examine domain-specific mod-
eling for high-stakes applications, showing that structured in-
puts and domain signals improve accuracy, interpretability, and
output reliability [25, 26]. Recent work has further demon-
strated that domain-specialized models can achieve strong per-
formance even in low-resource settings through targeted train-
ing strategies [27]. Similar domain-aligned optimization strate-
gies have also been explored in other high-stakes settings, such
as legal and finance service systems [28, 29]. However, sys-
tematic studies that bring together compact model tuning, cali-
brated probabilistic outputs, and deployment constraints for the
biomedical field remain limited [30].

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) [31] and 4-bit/mixed-precision load-
ing reduce memory and compute while keeping pretrained be-
havior, making them practical choices for fine-tuning compact
models on domain data [32, 33].

In this work, we adopt LoRA as a representative and widely
used PEFT method to isolate the effect of the proposed frame-
work, particularly weighted parameter ensembling. Other
PEFT approaches, such as QLoRA and adapter tuning, follow
similar principles but differ in implementation details, includ-
ing quantization and parameter injection [34, 35]. Retrieval-
augmented generation (RAG) incorporates external knowledge
at inference time [36], whereas this work focuses on internal-
izing domain knowledge within model parameters to reduce
inference-time latency and infrastructure requirements.

Beyond parameter-efficient adaptation methods, comple-
mentary directions have explored incorporating structured do-
main knowledge into model representations, for example
through latent or autoencoder-based approaches, which have
been shown to be effective in modeling complex processes
across domains [37, 38]. Related work has also investigated
broader system-level, including agent-level architectures, high-
lighting alternative ways of organizing computation and knowl-
edge beyond parameter updates [39, 40]. These directions are
complementary to our focus on parameter-efficient adaptation

and model ensembling for improving small language model
performance under resource constraints.

2.3 Model Ensembling and Calibration

Combining complementary small models can improve accu-
racy and calibration without switching to much larger models.
Selective processing reduces wasted work and prevents the in-
troduction of misleading background details by routing compu-
tation only to the most relevant input regions or scales [41, 42].
Similar ideas have been explored in retrieval-augmented sys-
tems that selectively route and filter contextual information to
improve the relevance of contextual inputs and final perfor-
mance [43, 44]. Related work further shows that efficiency can
be improved by pruning less useful intermediate reasoning or
action paths in LLM systems [45]. Compact multistage fusion
modules can integrate complementary feature streams before
prediction, and similar benefits of combining feature-based and
relational signals have been observed in other domains [46, 47].
Simple model integration techniques such as weighted param-
eter 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 insights motivated our design: we target a
domain-focused biomedical setting, use 4-bit loading with
LoRA to maintain computational efficiency, format data as
conversational templates and apply completion-only supervi-
sion so fine-tuning concentrates on answer tokens, and merge
two fine-tuned checkpoints by weighted parameter averaging to
combine their complementary strengths.

3 Methodology

We propose a context-efficient framework designed to en-
hance small language models through domain-specific adap-
tation and model ensembling, with the goal of achieving per-
formance comparable to much larger LLMs while maintain-
ing practical feasibility in resource-constrained environments.
The framework is evaluated in a high-impact domain: med-
ical question answering, and is designed to be extensible to
other knowledge-intensive domains such as legal and financial
services. This section describes the datasets, models, training
pipeline, and evaluation metrics used in our experiments.

3.1 Data Selection

To evaluate both the effectiveness and generalizability of the
proposed framework, experiments were conducted across two
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FIGURE 1. Overview of the Context-efficient Domain Ensemble System (CoDES) Framework

complementary biomedical question answering benchmarks
spanning diverse medical knowledge domains, examination
styles, and difficulty levels: MedMCQA and MedQA.
MedMCQA consists of multiple-choice questions drawn
from standardized Indian medical entrance examinations (Al-
IMS and NEET-PG). MedQA consists of multiple-choice ques-
tions drawn from professional medical licensing examina-
tions across multiple countries, including the United States
(USMLE), Mainland China, and Taiwan. Together, these
datasets provide the following complementary strengths:

* Diverse Knowledge: MedMCQA covers 21 medical sub-
ject areas and 2.4K distinct healthcare topics; MedQA
spans a broad range of clinical specialties across multi-
ple national licensing systems, collectively testing across
a wide spectrum of medical reasoning tasks.

Domain Relevance: Both datasets reflect real-world clin-
ical reasoning demands in high-stakes healthcare environ-
ments, where domain-specific tuning must compensate for
the limited capacity of general LLMs [48, 49, 50].

Benchmark Popularity: Both are broadly adopted in the
medical NLP community [51], enabling transparent and
reproducible comparison with other work.

3.2 Model Selection

To study performance across model scales, we include both
a high-capacity reference model and smaller, computationally
economical alternatives.

Baseline Model: Qwen2.5-72B [52] is used as a high-
capacity reference to establish a performance ceiling in the ab-
sence of specialized medical models. Although evaluated zero-
shot, this model provides a robust upper-bound benchmark for
the native reasoning capabilities of frontier-scale LLMs.

Candidate Models: Two smaller models were selected
based on accessibility, community adoption, and suitability for
controlled comparison:

* Qwen2.5-14B [52]: a reduced-scale counterpart to the
baseline model, enabling direct examination of how pa-
rameter count influences performance under comparable
architectural conditions.

e LLaMA3.1-8B [53]: a compact, open-source model
with strong general-language proficiency and significantly
lower computational requirements.

For both candidate models, we report zero-shot performance
as well as performance after applying context-efficient fine-
tuning, isolating the effect of the proposed framework from
model size. We further examine whether combining multiple
fine-tuned candidate models through ensembling yields addi-
tional improvements.

3.3 Training Method

The overall methodology is illustrated in Fig. 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 eval-
uated on downstream tasks using standard metrics such as accu-
racy and log loss, allowing assessment of both predictive qual-
ity and computational efficiency.

Data Preprocessing: Each sample was formatted into a con-
versational chat template with system and user messages, then
tokenized and truncated to a maximum length. Labels were
generated so that only answer tokens contributed to the loss,
while all prompt tokens were masked.



Parameter-Efficient Fine-Tuning: The candidate models
were loaded in 4-bit precision to reduce GPU memory over-
head. We applied LoRA with rank = 16 targeting all linear
modules. This configuration was chosen to prevent overfitting
to the training samples while preserving pretrained reasoning
capabilities and enabling efficient domain adaptation with a re-
duced memory footprint.

Completion-Only Supervision: Parameter updates were re-
stricted to answer tokens, reducing gradient noise and improv-
ing the model’s ability to produce concise, discrete outputs.

Ensemble Strategy: The two best-performing fine-tuned
models were combined via weighted parameter averaging [54,
55], with a scaling factor o controlling each model’s contribu-
tion. Different weight configurations were tested to identify the
optimal combination, allowing the ensemble to leverage com-
plementary strengths of both models.

3.4 Evaluation Metrics

Model performance was evaluated using two metrics. Accu-
racy measures the proportion of questions for which the pre-
dicted choice matched the correct answer. Log Loss (cross-
entropy loss) measures the quality of probabilistic predictions:

N
L(y,p) = —% oD 1y =dlog(pie),

i=1 ce{A,B,C,D}

where N is the total number of evaluated questions, y; is the
correct label, p; . is the predicted probability for choice ¢, and
1[] is the indicator function.

Models that assign high probability to incorrect answers re-
sult 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.

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.

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 at-
tributable 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 com-
parison in subsequent sections.

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%

4.2 Small Model Fine Tuning with LoRA

We fine-tuned Llama3.1-8B and Qwen2.5-14B using LoRA
on 10,000 samples from the MedMCQA training set, with
3,000 examples used for validation.

To assess whether parameter-efficient tuning is sufficient, we
compare LoRA with full fine-tuning under the same setup. As
shown in Table 2, the performance difference is minimal, with
accuracy differing by at most 0.2% and nearly identical log
loss. This suggests that LoRA can match full fine-tuning per-
formance while being significantly more efficient.

Table 3 reports results across different LORA hyperparameter
settings. In general, moderate learning rates (around 5 x 107°)
perform best, while smaller learning rates tend to underper-
form. Increasing the number of epochs from one to two leads
to consistent improvements, indicating that additional exposure
to domain data helps the models adapt more effectively.

Compared to the baseline results in Table 1, fine-tuning leads
to clear performance gains, with accuracy improving by 9.7%
for Llama3.1-8B and 5.5% for Qwen2.5-14B. Overall, these
results show that even relatively small models can benefit sub-
stantially from domain-specific adaptation.

4.3 Ensemble of Small Models v.s. Large model
We ensembled the two best-performing fine-tuned models

(Llama3.1-8B3 and Qwen2.5-14B2) via weighted parameter
averaging. The formula for ensembling two models is as below,



TABLE 2. Comparison between full fine-tuning (SFT) and LoRA-based fine-tuning.

Model Method Learning Rate  Epoch  Accuracy  Log Loss
Llama3.1-8B Full SFT 1x 1074 1 72.7% 1.09
Llama3.1-8B LoRA 1x107* 1 72.5% 1.09
Qwen2.5-14B  Full SFT 1x1074 1 63.8% 1.18
Qwen2.5-14B LoRA 1x1074 1 63.7% 1.19
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FIGURE 2. Performance comparison across baseline, fine-tuned, and ensemble model configurations.

TABLE 3. Performance of Llama3.1-8B and Qwen2.5-14B under differ-
ent LoRA configurations.

Model Learning Rate Epoch Accuracy Log Loss

Llama3.1-8B? 1x 1074 1 72.5% 1.09
Llama3.1-8B2 5x107° 1 70.6% 1.10
Llama3.1-8B3 5% 107° 2 73.2% 1.09
Llama3.1-8B* 2% 107° 1 63.6% 1.19
Llama3.1-8B° 2x107° 2 68.5% 1.14
Qwen?2.5-14B! 1x 1074 1 63.7% 1.19
Qwen?2.5-14B2 5x 107° 2 69.5% 1.12
Qwen2.5—14B3 2 x107° 1 63.5% 1.19

where alpha is a scaling factor that determines the contribution
of each model.

Wmerged =aW + (]. - CY)WQ

In Table 4, we report the performance of ensemble model
with weights range from 0.3 to 0.9. We focus on this range
to ensure both models contribute meaningfully, while avoid-
ing degenerate cases where the ensemble collapses to a sin-
gle model. The results show that, although performance varies
across configurations, all ensemble configurations show im-
proved accuracy and lower log loss compared to a single model.
Performance peaks when « is between 0.6 and 0.7, with the
best observed result at @ = 0.65; beyond this point, increas-

TABLE 4. Performance of weighted parameter ensembles combining
fine-tuned Llama3.1-8B and Qwen2.5-14B models.

Llama Weight Qwen Weight Accuracy Log Loss
0.90 0.10 73.1% 0.71
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
0.40 0.60 73.5% 0.69
0.30 0.70 73.4% 0.68

ing the Qwen weight leads to slight declines in both accu-
racy and calibration. The best-performing ensemble achieves
an accuracy of 74.8%, closely approaching the 77.1% reached
by the Qwen2.5-72B baseline. Although the 72B baseline
is evaluated zero-shot, this comparison highlights a practical
reality: for most organizations, the computational burden of
fine-tuning massive models makes the specialized adaptation
of smaller, ensembled architectures a more viable pathway to
high-performance medical reasoning. This performance gain
aligns with a bias—variance perspective: by selecting interme-
diate « values, the ensemble harmonizes complementary rep-
resentations, effectively reducing variance without sacrificing
beneficial and model-specific biases.

Notably, accuracy remains relatively stable (« € [0.3,0.9)),



ranging only from 73.1% to 74.8%. This 1.7% variance sug-
gests that the framework’s effectiveness stems primarily from
combining complementary model strengths rather than hyper-
sensitivity to weight allocation. All ensemble weight configu-
rations listed in Table 4 yield higher accuracy and lower log loss
compared with the individual Llama3.1-8B and Qwen2.5-14B
models. This consistent improvement suggests that the two
fine-tuned models capture complementary patterns; by merg-
ing their parameters, the ensemble leverages their combined
strengths for superior predictive performance. Beyond accu-
racy, the ensemble significantly improves calibration, reducing
log loss to the 0.66-0.71 range compared to 1.09-1.19 for in-
dividual models. This reduction indicates better-calibrated pre-
dicted probabilities, ensuring the system produces more reli-
able confidence estimates alongside its improved accuracy.

4.4 Practical Implications of the Framework

The results demonstrate that combining context-specific tun-
ing, parameter-efficient adaptation, and model ensembling en-
ables small models to achieve competitive performance while
retaining practical advantages for real-world deployment.

In terms of performance, fine-tuned small models show sub-
stantial improvements over their baselines, and the ensemble
further enhances accuracy, reaching 74.8% compared to 77.1%
for the 72B model. While a gap remains, this result suggests
that targeted domain adaptation and model combination can
significantly reduce the reliance on large-scale models.

From an efficiency perspective, the CoDES framework oper-
ates with substantially lower computational requirements. As
shown in Table 5, the 72B model consumes considerably more
energy than the smaller models, while the ensemble of small
models remains efficient. This reduction in resource usage is
particularly important for applications where cost and energy
consumption are key constraints.

This framework also supports faster inference due to the
smaller model sizes, which reduces computational overhead
during deployment. This makes the approach more suitable for
real-time systems or large-scale applications where latency is a
critical factor.

Finally, the modular design allows for flexible domain cus-
tomization. Through context-specific fine-tuning, models can
be efficiently adapted to new domains without requiring retrain-
ing of large-scale models, making the approach more practical
for scenarios where domain knowledge evolves over time.

TABLE 5. Energy consumption comparison for 10K questions.

Model Energy (kWh)
Qwen2.5-72B 0.20
Llama3.1-8B 0.03
Qwen2.5-14B 0.05
Qwen2.5-14B + Llama3.1-8B 0.08

4.5 Generalization to Additional Dataset

To further validate the effectiveness of the proposed frame-
work, we apply it to the MedQA dataset, a widely used bench-
mark for medical question. This experiment evaluates whether
the performance improvements observed on the primary dataset
generalize to another domain-relevant benchmark. The data
size is consistent with the previous experiment, with 10k sam-
ples for zero-shot evaluation, 10k for training, and 3k for val-
idation. For LoRA fine-tuning and ensembling, only the best-
performing configurations are reported.

We applied the same training pipeline and model configu-
rations to MedQA. As shown in Table 6, LoRA-based fine-
tuning improves performance over the zero-shot baseline for
both models. Llama3.1-8B increases from 60.8% to 68.8% ac-
curacy, while Qwen2.5-14B improves from 61.4% to 66.7%.
These gains are accompanied by reductions in log loss, indicat-
ing improved prediction calibration.

The ensemble model achieves the best overall performance,
reaching 71.6% accuracy and reducing log loss to 0.78. No-
tably, it narrows the performance gap with the large-scale
Qwen2.5-72B model (73.4%).

These results demonstrate that the proposed framework gen-
eralizes effectively across datasets. The consistent improve-
ments in both accuracy and log loss indicate that combining
parameter-efficient adaptation with model ensembling provides
a robust and scalable approach for enhancing small language
models under varying data conditions. This approach offers
a practical pathway for deploying high-performing language
model systems under realistic resource constraints, particularly
in knowledge-intensive domains where models must be fre-
quently updated.

5 Conclusion

This work examined whether small language models can
achieve strong performance when adapted using domain-
specific context in an efficient manner. =~ We proposed
CoDES, a framework that combines context-specific fine-
tuning, parameter-efficient adaptation, and model ensembling



TABLE 6. Generalization performance of the proposed framework on the
MedQA dataset.

Model / Method Accuracy Log Loss
Qwen2.5-72B (Baseline) 73.4% 1.09
Llama3.1-8B (Baseline) 60.8% 1.24
Qwen2.5-14B (Baseline) 61.4% 1.22
Llama3.1-8B + LoRA 68.8% 1.14
Qwen2.5-14B + LoRA 66.7% 1.16
Ensemble (Llama + Qwen) 71.6% 0.78

to improve the performance of compact models.

Experiments on biomedical question answering show that
fine-tuned small models, especially when combined through
ensembling, can approach the performance of a much larger
72B model while requiring significantly fewer computational
resources. These results highlight the potential of targeted
adaptation and model combination as an alternative to scaling
model size.

While the current evaluation focuses on biomedical ques-
tion answering, CoDES is designed to generalize to other
knowledge-intensive domains. This model-centric approach re-
mains compatible with external modules, such as RAG, which
can be integrated into the framework in future work. Sub-
sequent research will explore broader domain adaptation, ad-
ditional model architectures, and integration with retrieval-
augmented methods. Improving model robustness under dis-
tribution shift and real-world variability remains an important
open challenge [56, 57], and addressing this will be essential
for reliable deployment across diverse application settings.
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