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Abstract

While scaling laws for general-purpose lan-
guage models are well-documented, the em-
pirical trajectories governing their specialized
adaptation to high-stakes clinical environments
remain poorly understood. In this study, we sys-
tematically characterize the adaptation trajecto-
ries of the Qwen2.5 and Qwen3 model families
within the German medical domain through
continuous pre-training and model merging.
We evaluate performance through a dual-metric
lens, combining objective knowledge bench-
marks via multiple-choice question answering
with an assessment of generative proficiency
through automated preference rankings. Our
results reveal a critical asynchronous scaling
behavior between factual recall and generative
proficiency; while models achieve rapid stylis-
tic alignment within the first 2B to 3B tokens,
objective knowledge acquisition scales more
gradually and exhibits significantly shallower
improvement curves. Furthermore, our results
demonstrate that once a sufficient architectural
capacity is reached, domain-specific training
allows models to bridge the performance gap
to significantly larger generalist counterparts,
challenging the assumption that raw parameter
scale is the primary determinant of domain pro-
ficiency. These findings demonstrate that do-
main proficiency is not a monolithic acquisition
process but a series of decoupled trajectories,
providing an empirical blueprint for compute-
optimal specialization in resource-constrained
clinical environments.

1 Introduction

Large Language Models (LLMs) have rapidly be-
come central to innovation in data-driven fields,
with healthcare representing a particularly dynamic
and challenging area for their deployment (Naveed
et al., 2025; Meyer et al., 2024). These models are
increasingly leveraged to interpret complex clinical
information and support a range of medical tasks,

offering the potential to enhance both the efficiency
and quality of care. However, translating the broad
capabilities of LLMs into reliable, domain-specific
performance is a multifaceted challenge. Special-
ized domains, such as medicine, demand not only
expertise of technical terminology and structured
documentation, but also robust adaptation to local
linguistic and operational contexts. Furthermore,
the need for secure, efficient, and compliant Al
solutions underscores the importance of develop-
ing parameter-efficient architectures that can be
tailored to diverse regulatory and hardware envi-
ronments (Belcak et al., 2025).

To address these limitations, domain adapta-
tion through continuous pre-training (CPT) has
emerged as a standard methodology for internaliz-
ing specialized knowledge (Shi et al., 2025). Yet,
current research in this area remains limited by
two critical gaps. First, existing studies typically
treat domain adaptation as a static, "before-and-
after" task, overlooking the nuanced evolution of
model performance as a function of computational
investment (Chen et al., 2025; Christophe et al.,
2024). While recent work has begun to explore the
scaling behavior of CPT, these investigations have
focused almost exclusively on factual knowledge
benchmarks. Second, there is a significant evalua-
tion gap: the majority of domain-adaptation litera-
ture relies on objective Multiple Choice Question
Answering (MCQA) benchmarks to measure suc-
cess (Guo et al., 2025; Singhal et al., 2025). This
narrow focus fails to account for generative util-
ity, which refers to the model’s ability to produce
coherent, instruction-following, and professionally-
toned medical prose. This capability is arguably
the more critical metric for practical clinical appli-
cation.

This paper bridges these gaps by providing a sys-
tematic, comparative analysis of two state-of-the-
art model families, Qwen2.5 and Qwen3, across
parameter scales ranging from 0.58 to 8B. By
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Figure 1: Scaling trajectories for the Qwen2.5 family across domain-specific token exposure. The top row tracks
factual knowledge (MCQA) and the bottom row assesses generative utility via Davidson preference rankings. These
plots illustrate adaptation dynamics relative to the original source models and relative parity achieved against the

next-tier general-purpose variants (e.g., 7B vs. 14B).

tracking the adaptation process across billions of
tokens and utilizing weight-merging techniques
to preserve conversational alignment, we move
beyond factual recall to investigate the compute-
performance frontier of generative proficiency. Our
work provides a dual-metric analysis: we utilize
traditional MCQA benchmarks to track knowledge
injection and an open-ended "LLM-as-a-judge"
framework to approximate real-world usability.
Our findings offer three primary contributions:

1. We investigate the temporal dynamics of fac-
tual knowledge injection and generative qual-
ity, identifying a rapid initial alignment phase
followed by convergence points that are heav-
ily dictated by the base models.

2. We demonstrate that domain-specific com-
pute can bridge the performance gap be-
tween scales, identifying a capacity threshold
where specialized models outperform gener-
alist counterparts with twice the parameter
count.

3. We reveal that factual recall and generative
proficiency follow decoupled evolutionary
paths, with linguistic alignment occurring
faster and more steeply than the gradual injec-
tion of factual knowledge.

By investigating these performance trajectories
and efficiency trade-offs, this study provides ac-
tionable insights for researchers and practitioners
aiming to transform resource-efficient models into
viable clinical tools without sacrificing their foun-
dational instruction-following strengths.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work in domain
adaptation. Sections 3 and 4 describe the method-
ology, adaptation pipeline, and experimental con-
figuration. Our findings are reported in Section 5
and discussed in Section 6. Finally, Section 7 pro-
vides concluding remarks and directions for future
research.

2 Related Work

This section surveys related work on adapting large
language models to specialized domains.

2.1 Model Scale and Specialization

Recent studies have highlighted the interplay be-
tween model scale, domain specialization, and com-
putational constraints. Junior et al. (2025) system-
atically studied Portuguese Qwen2.5 models and
found that while larger models retain more knowl-
edge, the marginal benefits of domain specializa-
tion decrease with size. Under compute-limited set-
tings, smaller specialized models can outperform



general-purpose counterparts, achieving lower per-
plexity with fewer training steps. Using MCQA
benchmarks, the authors show that specialized mod-
els reach optimal performance more quickly, ex-
hibit higher sample efficiency, and are less prone to
catastrophic forgetting than their general counter-
parts. These findings underscore the potential effi-
ciency gains of targeted domain adaptation, partic-
ularly in resource-constrained environments. How-
ever, their evaluation is limited to MCQA tasks,
and the effects across model scales and broader
adaptation metrics remain largely unexplored.

Building on this work, our study directly exam-
ines how model scale affects domain adaptation dy-
namics in the medical domain, going beyond single-
task MCQA benchmarks. We systematically eval-
uate adaptation trajectories across multiple model
sizes, considering both generative proficiency and
factual knowledge, revealing divergent learning dy-
namics and scale-efficiency crossovers that were
not captured in prior work.

2.2 Domain Adaptation of LLMs

Continual pre-training (CPT) has emerged as a
common approach for adapting general-purpose
LLMs to specialized domains. Its effectiveness de-
pends heavily on corpus quality and alignment with
the model’s prior knowledge. Indiscriminate pre-
training can harm performance (Oncel et al., 2024),
while targeted CPT combined with careful model
merging preserves general reasoning capabilities
and enhances domain fluency (Niyogi and Bhat-
tacharya, 2024; Siriwardhana et al., 2024; Yang
et al., 2024b). Complementary work emphasizes
balancing general and domain-specific knowledge.
Colombo et al. (2024) show that incorporating a
small proportion of general data during domain
adaptation preserves broad capabilities, and Gu
et al. (2024) formalize this trade-off via the Critical
Mixture Ratio. Together, these studies demonstrate
that domain specialization is not solely determined
by model scale, but also by careful data selection,
training design, and compute allocation.

2.3 Merging Large Language Models

Resource-efficient adaptation strategies, such as
model merging, offer a practical alternative to full-
scale fine-tuning. Surveys and recent experiments
(Yang et al., 2024a; Nobari et al., 2025) demon-
strate that model merging can yield substantial per-
formance gains with reduced computational cost.
Larger models generally facilitate more successful

merging, while different merging strategies per-
form comparably at scale (Yadav et al., 2024a). In
the medical domain, Spherical Linear Interpolation
(SLERP) (Shoemake, 1985; Goddard et al., 2024)
has been shown to achieve strong empirical re-
sults, highlighting the potential of these techniques
for creating high-performing, compute-efficient
LLMs.

3 Methodology

This paper systematically investigates the relation-
ship between computational investment and the
efficacy of domain adaptation in LLMs. We con-
tinuously track model performance throughout the
training process, rather than relying on single-point
evaluations.

3.1 Domain Adaptation Pipeline

The adaptation methodology follows a structured,
multi-stage pipeline proposed by Lu et al. (2025).
This pipeline is designed to infuse specialized do-
main knowledge while preserving the instruction-
following capabilities inherent in the base models.
The process begins with a foundation model that
has already undergone general-purpose instruction
tuning, which serves as the base for all subsequent
domain-specific refinement.

The first phase of the pipeline involves CPT on a
curated, domain-specific corpus. During this stage,
the model is exposed to raw, unlabeled text us-
ing a standard causal language modeling objec-
tive. To prevent catastrophic forgetting and pre-
serve instruction-following capabilities, we merge
the continuously pretrained model with the orig-
inal base. Following related literature (Lu et al.,
2025; Labrak et al., 2024), we use Spherical Lin-
ear Interpolation (SLERP), which accounts for the
high-dimensional spherical geometry of the weight
space.

3.2 Evaluation

We evaluate multiple checkpoints of the adapted
models along two complementary axes: objective
knowledge, assessed through Knowledge-Based
Benchmarks, and generative proficiency, assessed
via a preference-ranking approach. This dual eval-
uation captures not only the acquisition of med-
ical facts but also the model’s ability to apply
that knowledge coherently and in an instruction-
compliant manner.
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Figure 2: Scaling trajectories for the Qwen3 family across domain-specific token exposure, analogous to Figure 1.
The top row tracks factual knowledge while the bottom row assesses generative utility, comparing adapted variants
against their original source models and the next-tier general-purpose baselines (e.g., 8B vs. 14D5).

3.2.1 Knowledge-Based Benchmarks

Objective performance is measured through MCQA
using standardized benchmarks relevant to the tar-
get domain. These benchmarks provide a stable
and reproducible metric for assessing the model’s
internal "world knowledge" independent of gen-
erative formatting or linguistic style. We report
one-shot accuracy across all saved checkpoints to
observe how factual accuracy scales with training
compute.

To isolate the impact of continuous pre-training,
we focus on the Relative Performance Gain. This
metric is defined as the ratio of the adapted check-
point’s performance Acc(C;) to that of the selected
baseline model Acc(My;), typically the original
instruction-tuned source model:

Ace(Cy)

Grel(ci) = m (1)

3.2.2 Preference Ranking

To assess the practical application of domain knowl-
edge we follow existing literature by evaluating
generative proficiency using a "LLM-as-a-Judge"
approach (Dubois et al., 2025; Zheng et al., 2023;
Liet al., 2024; Sun et al., 2024; Zhang et al., 2024).
For each domain-specific prompt, both a selected
training checkpoint and a baseline model, usually
the non-adapted instruction-tuned source model,
generate free-text responses. A high-capacity judge

model then evaluates these responses in a head-to-
head format, assigning a win, loss, or tie to each
response pair.

The resulting pairwise comparison data is then
aggregated into global rankings using the David-
son model (Davidson, 1970), which serves as an
extension of the Bradley-Terry model (Bradley and
Terry, 1952) to account for ties in preference. This
statistical approach allows us to estimate the latent
strength parameters for each checkpoint on a linear
scale, providing a normalized measure of genera-
tive performance across the training trajectory.

4 Experimental Setup

This section describes the technical implementation
of our domain adaptation pipeline.

4.1 Domain-Specific Corpus

The continuous pre-training phase utilizes a spe-
cialized subset of the FineWeb-2 dataset (Penedo
et al., 2025). To ensure high domain relevance, we
employ a filtered version of the corpus specifically
tailored for the german medical domain. The filter-
ing process utilizes a hybrid classification pipeline
that combines classification models with LLM rea-
soning to extract medical discourse (see Appendix
C for further details). The filtered dataset consists
of 7.3 M unique documents, which amount to 9.55
tokens with respect to the Qwen2.5 tokenizer.



4.2 Model Selection

To investigate the impact of compute across dif-
ferent architectural iterations and scales, we select
two model families from the Qwen series span-
ning 0.5 B to 8 B parameters, to investigate scaling
trends in resource constrained environments. All
selected models are instruction-tuned versions of
the base weights, serving as the starting point for
our adaptation-and-merge pipeline.

4.3 Evaluation Setup

Our objective evaluation focuses on the German
medical domain. We utilize a subset of the
MMLU (Massive Multitask Language Understand-
ing) benchmarks (Hendrycks et al., 2021). Specifi-
cally, we select subtasks that demonstrate the high-
est correctness ratios for the medical field as re-
ported by Gema et al. (2025), ensuring the eval-
uation is grounded in high-signal data. These in-
clude Clinical Knowledge, Anatomy and College
Medicine. Additionally, we include a machine-
translated German version of the MedQA bench-
mark (Jin et al., 2021). We use the Eval-Harness
framework (Gao et al., 2024) for all MCQA evalua-
tions.

For open-ended evaluation, we utilize a trans-
lated version of the MedInstruct dataset (Zhang
et al., 2023) as the source of prompts, consisting of
217 entries. Responses are generated using vLLM
(Kwon et al., 2023) and evaluated using a head-
to-head comparison against the selected baseline.
We employ GPT-4.1-mini as our Judge model. The
exact prompt template used by the Judge model is
presented in Figure 4 in the Appendix.

5 Findings

The following sections analyze the evolution of
model proficiency across the domain adaptation
process. All reported metrics correspond to the
merged model checkpoints generated via the proto-
col outlined in Section 3.1.

5.1 Knowledge Acquisition in the Medical
Domain

The impact of continuous pre-training on factual re-
call follows consistent scaling patterns across both
QOwen families. (Figures 3a, 3b in the Appendix).
While absolute accuracy remains primarily a func-
tion of model scale, domain adaptation can nar-
row the knowledge gap. Adapted smaller models
consistently approach the performance of larger,

non-adapted counterparts, indicating that domain-
specific compute can partially compensate for raw
parameter count.

As illustrated in Figures la and 2a, models
achieve the most significant relative gains within
the first 4B tokens, followed by a convergence
plateau. However, a more nuanced picture emerges
when these trajectories are normalized by cumula-
tive compute (Appendix Figures 5a and 6a). This
visualization reveals a divergence between token-
wise and compute-wise efficiency. While models
across all scales exhibit similar relative gains per
seen token, smaller models demonstrate superior
compute efficiency by reaching their respective per-
formance ceilings at a fraction of the total com-
pute investment. In contrast, larger architectures re-
quire a significantly higher computational budget to
achieve comparable relative improvements, though
they ultimately remain necessary for extending the
absolute scaling frontier. The most notable discrep-
ancy between the two families involves the largest
parameter tiers in each family. The Qwen2.5-7B
model shows substantial relative gains, support-
ing the idea that a certain level of architectural
capacity is required to successfully internalize and
leverage specialized medical compute. Conversely,
the Qwen3 8 B variant exhibits a conservative im-
provement of only 2%, being notably outperformed
in relative gain by its own 0.6 counterpart. We
hypothesize that this stems from pre-training satu-
ration, specifically, given the release timelines, the
QOwen3 models were likely exposed to the FineWeb-
2 corpus during their initial base training. This
alignment suggests a "catastrophic overtraining"
effect (Springer et al., 2025), where models trained
significantly beyond their compute-optimal point
on a specific distribution develop a rigidity that in-
creases resistance to further fine-tuning on similar
data distributions.

5.2 Generative Strength and Preference
Ranking

The open-ended generative evaluation reveals
trends that diverge from objective MCQA findings,
highlighting a clear distinction between linguistic
alignment and factual recall. Across both families,
continuous pre-training yields a robust increase in
generative proficiency. As shown in the preference
ranking trajectories in Figures 1c and 2c, all mod-
els exhibit a rapid ascent against their respective
source models, typically converging after only 25
tokens.
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Figure 3: Absolute performance trajectories on medical MCQA benchmarks. Each plot illustrates the accuracy
progression for the raw continued pre-trained weights (C'PT’) and the resulting model after weight-merging with

the source model (CPT + SLERP).

While token-wise scaling is uniform, the fami-
lies diverge in their convergence thresholds. The
QOwen2.5 family shows stronger overall gains, con-
verging between ranking scores of 0.65 and 0.70.
In contrast, Qwen3 models plateau lower, at scores
between 0.55 and 0.65, with the exception of the
8 B variant showing virtually no improvement, stag-
nating near 0.5. This disparity reinforces the pre-
training saturation hypothesis mentioned above.

A notable finding is the disproportionate gain
in the smallest parameter tiers. Despite limited ca-
pacity, the 0.58 and 0.6 B variants are significant
outliers, demonstrating the most dramatic increases
in ranking scores. However, the link between stylis-
tic and factual adaptation varies. In the Qwen2.5
family, the 0.55 model’s ranking improved despite
stagnant MCQA scores, whereas the Qwen3 0.6 B
model showed holistic improvement across both
metrics. This suggests that while small models
consistently benefit from stylistic alignment, fac-
tual internalization remains highly sensitive to the
base model’s specific architecture or initial training

state.

The "Win-Tie-Loss" distributions visualized in
Figures 7 and 8 in the Appendix provide further me-
chanical insight. For the smallest variants, "Ties"
dominate, suggesting the judge model often finds
the adapted and source models equally proficient.
We attribute this to the constraints of weight inter-
polation in low-parameter regimes. The limited
weight space often results in merged checkpoints
that remain structurally similar to the baseline (Ya-
dav et al., 2024b; Lu et al., 2025). As model size
increases, the "Tie" category shrinks, suggesting
that larger architectures possess the capacity to de-
velop more distinct, high-quality features that allow
a judge to clearly differentiate the adapted model
from its initialization.

5.3 Cross-Scale Performance Gap

To evaluate the practical utility of domain-specific
compute, we analyze how effectively CPT allows
smaller models to bridge the performance gap with
their larger, non-adapted counterparts.



As illustrated in Figures 1b and 2b, domain
adaptation consistently narrows the knowledge gap
across both model families. We observe a clear
capacity-scaling effect: the relative performance
gap is significantly easier to close as the base pa-
rameter count increases. This trend is especially
clear in the Qwen3 family. While the 0.65 and
1.7B models achieve approximately 85% of the
accuracy of their respective larger counterparts, the
4B and 7B models reach upwards of 92.5%. The
Owen2.5 1.5B model serves as a significant ex-
ception, achieving over 93% of the 3B variant’s
performance, the highest relative parity observed
in the Qwen?2.5 series.

The preference rankings against the respective
larger models in Figures 1d and 2d reveal how
generative utility evolves differently depending on
the model’s starting scale.

In the lower parameter regimes, the general-
purpose larger models consistently maintain a lead
over the adapted smaller variants. However, the
performance increase provided by domain adapta-
tion is nonetheless significant. For example, the
QOwen2.5 3B model’s ranking against the 75 ver-
sion improved nearly three-fold, rising from 0.055
to 0.142. Despite this trajectory, the wide mar-
gin maintained by the larger models indicates that
smaller architectures, CPT serves primarily to nar-
row the proficiency gap rather than to achieve ac-
tual performance parity. In these instances, the
specialized training acts as a powerful optimization
of limited capacity, yet it does not fully compensate
for the inherent linguistic advantages of the larger
generalist model.

As model size increases, the gap closes dras-
tically, mirroring the observations in the MCQA
benchmarks. In these regimes, domain adaptation
transforms the models into highly competitive al-
ternatives to their larger variations, achieving rank-
ing scores upward of 0.3 - 0.4. Interestingly, the
the Qwen3 4B version is significantly more com-
petitive against the 8B version than its Qwen2.5
equivalent, increasing its score from 0.217 to 0.328.
The most striking result is found in the Qwen2.5
7B model, which demonstrates the first instance
of scale-surpassing performance. By increasing its
preference score from 0.371 to 0.586 through adap-
tation, the 7B variant successfully outperforms
the 14 B generalist model in the medical domain.
This indicates that at a certain capacity threshold,
domain-specific compute can fully compensate for
the advantages of raw parameter scale.

6 Discussion

The central objective of this study was to investi-
gate the scaling behaviors and efficiency trade-offs
inherent in domain adaptation. Our results reveal
a complex dynamic where objective knowledge
acquisition and generative utility are not only de-
coupled in terms of performance but also in their
temporal acquisition rates.

6.1 Scaling Behaviors

A primary finding of this work is that factual recall
and generative proficiency do not scale in tandem.
This disconnect manifests in two distinct ways:

As seen in the Qwen2.5 0.58 model, a high gen-
erative preference ranking can coexist with stag-
nant or degrading MCQA performance. This sug-
gests that the model successfully internalizes the
linguistic patterns and terminology of the German
medical domain without a corresponding increase
in underlying factual density. This presents a criti-
cal risk: a model that adopts an authoritative clin-
ical register but lacks factual grounding is poten-
tially more dangerous than one that openly fails.
Investigating the nuances of this risk would provide
deeper insights into the mechanics of domain adap-
tation, yet it necessitates a more granular semantic
analysis of model responses and is thus deferred to
future work.

Crucially, these metrics also exhibit different
evolutionary behaviors across the training trajec-
tory. Generative rankings converge rapidly, often
peaking within the first 2B to 3B tokens with a
steep initial trajectory. In contrast, MCQA perfor-
mance converges more slowly, typically requiring
approximately 4 B tokens to stabilize. Furthermore,
the knowledge benchmark trajectories are notably
shallower. The improvements are overall less pro-
nounced than the ranking gains, indicating that
while the model adopts the domain’s vocabulary
almost immediately, the internalization of clinical
facts is a more resistant and gradual process.

This discrepancy in saturation points has pro-
found implications for compute-optimal deploy-
ment. Our findings suggest that, if the primary goal
of adaptation is stylistic alignment, extended train-
ing beyond the initial 2B token window yields di-
minishing returns. Conversely, tasks requiring fac-
tual precision demand longer training durations, al-
beit with shallower improvement curves compared
to the rapid initial gains in preference ranking.

Furthermore, the selection of the source model



is as critical as the adaptation volume. The pre-
training saturation observed in the Qwen3 8B
model demonstrates that if a model’s base training
already encompasses a specific distribution, addi-
tional CPT compute is poorly spent. In such cases,
resources are more effectively diverted toward su-
pervised instruction-tuning rather than continued
pre-training on raw corpora.

6.2 Scale-Efficiency Crossovers

A pivotal finding of this study is the identification
of a capacity threshold where domain-specific com-
pute effectively compensates for the advantages
of raw parameter count. Our results indicate that
while sub-3B models appear to lack the latent ar-
chitectural capacity to fully bridge the performance
gap to their larger counterparts, mid-to-large-scale
architectures exhibit a significant scale-efficiency
crossover. The most striking example of this is the
adapted Qwen2.5 7B model, which successfully
outperformed the general-purpose 14 B variant in
generative utility. This suggests that the traditional
correlation between model scale and performance
is not absolute, rather, it is a frontier that can be
shifted through targeted continuous pre-training.

This observation implies that for high-stakes
domains like medicine, there is a critical degree
of architectural depth required to provide the con-
ceptual scaffolding necessary for integrating spe-
cialized knowledge into a model’s existing reason-
ing framework. In lower parameter regimes, the
models lack the structural complexity to internal-
ize high-density domain information without sacri-
ficing generalist instruction-following capabilities.
However, once this threshold is reached, the model
gains the ability to leverage domain-specific com-
pute to challenge the practical utility of a larger
generalist models. For institutional deployments
where hardware constraints or inference costs are
a primary concern, these results suggest that in-
vesting in the adaptation of a mid-sized model is a
more viable strategy than simply scaling up to the
next parameter tier.

7 Conclusion

This study provides a systematic characterization
of the scaling behaviors and efficiency trade-offs
inherent in the domain adaptation of LLMs for
the German medical sector. By analyzing the evo-
lution of the Owen2.5 and Qwen3 families, we
show that domain-specific refinement follows a

non-linear trajectory, with a rapid initial alignment
phase followed by convergence plateaus. Notably,
we identify a scale-efficiency crossover in mid-to-
high parameter regimes, where targeted continuous
pre-training enables models to challenge the gener-
ative utility of general-purpose architectures with
twice the parameter count, suggesting that strate-
gic investment in domain-specific compute can
be more resource-efficient than simply increasing
model size. Our dual-metric evaluation further re-
veals a critical divergence between linguistic align-
ment and factual recall. While stylistic proficiency
emerges rapidly, objective knowledge acquisition
progresses more slowly and exhibits shallower im-
provement curves, highlighting a reliability risk
for smaller architectures. This disconnect under-
scores the necessity of multi-dimensional evalua-
tion, as relying solely on generative fluency may
mask persistent factual deficits. Together, these
findings offer insights into compute-optimal spe-
cialization, providing guidance for deploying high-
performance, resource-constrained LLMs in clini-
cal environments.

Future research should expand upon these find-
ings in three key directions. First, defining a frame-
work for a more granular semantic analysis of
model responses to better characterize the mechan-
ics of the domain adaptation process. Specifically,
this inquiry investigate the risk of overconfidence
identified in the discussion. Second, evaluating
more sophisticated adaptation pipelines designed
to mitigate such risks and improve overall perfor-
mance. This includes the integration of alignment
techniques, as well instruction-tuning as an alterna-
tive to model merging. Finally, investigating opti-
mal data mixture strategies to address the observed
pre-training saturation. Determining the precise
ratio of general-purpose to domain-specific tokens
is essential to mitigating catastrophic overtraining
while ensuring that specialized models preserve the
robust reasoning capabilities of their base architec-
tures.

Limitations

This study is subject to several constraints that de-
fine the scope of its conclusions. Primarily, the
exclusive focus on the German medical domain
and the evaluation of the Qwen model families
up to the 8 B parameter tier leaves the scaling dy-
namics of larger architectures and alternative do-
mains unexplored. The potential for data contami-



nation represents a significant confounding vari-
able, specifically, a likely overlap between our
specialized medical corpus and the data used in
QOwen3’s base training may mask the distinction
between genuine domain-specific acquisition and
the latent reactivation of previously seen tokens.
Furthermore, our reliance on MCQA and prefer-
ence rankings provides only a proxy for clinical
proficiency. While these metrics track factual den-
sity and stylistic alignment, they still do not fully
capture the nuanced safety dimensions required for
real-world deployment, such as multi-step diagnos-
tic reasoning or the long-term utility of the model
in a clinical workflow. Finally, the high frequency
of "Ties" observed in low-parameter evaluations
points to a resolution limit in the automated judge
model. This suggests that the current evaluation
framework may lack the sensitivity required to dis-
tinguish subtle performance gains in smaller archi-
tectures.
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A Training Configuration

The domain adaptation process is implemented us-
ing the Axolotl framework [Ref: Axolotl Team,
2023]. For the larger model variants, we utilize
FSDP2 (Fully Sharded Data Parallel) (Zhao et al.,
2023) to optimize memory distribution across the
compute cluster. All models are trained for ex-
actly one epoch using an AdamW optimizer [Ref:
Loshchilov & Hutter, 2017] and a cosine learning
rate schedule. To analyze the evolution of the adap-
tation process and map the performance trajectory,
we save 18 intermediate checkpoints per experi-
ment, distributed at logarithmic intervals through-
out the training epoch.

To maintain consistency in our scaling analysis,
we apply a uniform hyperparameter configuration
across all experiments, as detailed in Table 1.

Hyperparameter Value
Effective Batch Size 128
Learning Rate 2x107°
Weight Decay 0.1
Warmup Ratio 0.1

Table 1: Core training hyperparameters for domain adap-
tation across all model scales.

B Computational Resources

The experiments conducted as part of this study in-
volved a significant allocation of high-performance
computing resources. The 18 checkpoints archived
for each model scale resulted in a total storage foot-
print of 2.2 TB of model weights. To quantify the
computational investment, we calculate the total
Floating Point Operations (FLOPs) and cumulative
GPU hours for each training run. Table 2 provides
a granular breakdown of these metrics, allowing
for a direct comparison of the resources required
to achieve specific performance thresholds across
different parameter counts.

C Medical Document Filtering

This section details the creation of the medical
corpus used for domain adaptation. To address
the challenges of domain-specific dataset curation
at scale, we combine the high-level reasoning of
LLMs with the computational efficiency of classi-
cal transformer-based classifiers.

The source data is derived from the German sub-
set of FineWeb-2 (Penedo et al., 2025), a 640GB
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web-crawled corpus encompassing diverse content
from forum posts to news articles. To extract medi-
cal discourse from this massive collection, we first
constructed a supervised dataset by sampling 260k
documents. These were annotated using Mixtral-
8x7B-Instruct-v0.1 (Jiang et al., 2024) in a zero-
shot prompting configuration. Human validation of
100 random samples by three annotators confirmed
the high quality of these LLM-generated labels,
yielding an F1 score of 91.12.5. The resulting la-
beled set, served as the foundational training data
for our scalable filtering pipeline.

To efficiently process the entire German
FineWeb-2 corpus, we fine-tuned a 279)/ parame-
ter XLM-RoBERTa-base model (?) as a specialized
medical document classifier. This efficient encoder-
based model achieved a precision of 0.95 and a
recall of 0.80 on our test set. The full-scale classi-
fication task was completed in approximately 400
GPU hours using 8 A100 (40GB) GPUs. The fi-
nal FineMed-de corpus comprises approximately
7.3 M unique documents, totaling 9.5 tokens (rel-
ative to the Qwen2.5 tokenizer), providing a high-
density factual foundation for continuous medical
pre-training.
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Model Family Parameters Training FLOPs GPU Hours GPU Model

Qwen 2.5 0.5B 2.03 - 10" 3.63h x 8  NVIDIA H100 (80GB)
Qwen 2.5 1.5B 7.42-10% 8.40h x 8  NVIDIA H100 (80GB)
Qwen 2.5 3B 1.57-10% 15.71h x 8  NVIDIA H100 (80GB)
Qwen 2.5 7B 4.00 - 10%° 31.35h x 8 NVIDIA H100 (80GB)
Qwen 3 0.6B 2.49 - 101 27.31h x 8 AMD MI250X
Qwen 3 1.7B 7.98-10% 17.65h x 32 AMD MI250X
Qwen 3 4B 2.06 - 10%° 33.29h x 32 AMD MI250X
Qwen 3 8B 4.29 - 10% 30.63h x 64 AMD MI250X

Table 2: Computational expenditure and hardware utilization for domain adaptation. The training load is quantified
via total Floating Point Operations (FLOPs) and temporal resource usage. GPU hours are reported as wall-clock
time x number of accelerators to reflect the parallel scale of each training run.

messages:
- role: system
content: |

You are an AI assistant that evaluates pairs of responses
to a given query. Your goal is to determine which response
is better based on correctness, clarity, completeness,

and relevance.

- role: user
content: |
Compare the following two responses. Your answer needs
to follow this JSON schema:

T json
{
"type": "object”,
"properties”: {
"winner": {
"type": "string",
"enum”: ["A", "B", "0"],
"description”: "The winning response, i.e. 'A', 'B' or '@' indicating a tie."
3
i
}

{% if context %}
Context:
{% for msg in context %}
{{ msg.role | capitalize }}:
{{ msg.content | indent(width=8) }}
{% endfor %}
{% endif %}

Query:
{{ query | indent(width=8) }}

Response A:
{{ response_a | indent(width=8) }}

Response B:
{{ response_b | indent(width=8) }3}

Based on the query and context above,
which response is better?

Figure 4: Prompt template for the pairwise Judge model. The structure facilitates head-to-head comparisons by
providing the evaluator with query context and two candidate responses, requiring a structured JSON output to
determine the winner based on clinical utility.
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Figure 5: Scaling trajectories for the Qwen2.5 family as a function of total compute. The top row tracks factual
knowledge (MCQA) and the bottom row assesses generative utility via Davidson preference rankings. These plots
illustrate adaptation dynamics relative to the original source models and relative parity achieved against the next-tier
general-purpose variants (e.g., 7B vs. 14B).
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Figure 6: Scaling trajectories for the Qwen3 family across domain-specific token exposure, analogous to Figure 5.
The top row tracks factual knowledge while the bottom row assesses generative utility, comparing adapted variants
against their original source models and the next-tier general-purpose baselines (e.g., 85 vs. 145).
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Figure 7: Parallel categories visualization of "Win-Tie-Loss" distributions for the Qwen2.5 family across different
parameter scales. The plots track the flow of judge preferences between the source models (BL) and their domain-
adapted counterparts (FT).
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Figure 8: Parallel categories visualization of "Win-Tie-Loss" distributions for the Qwen3 family across different
parameter scales. The plots track the flow of judge preferences between the source models (BL) and their domain-

adapted counterparts (FT).
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