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Abstract

The development of large language models
(LLMs) has led to an increased focus on their
adaptation to specialized domains and lan-
guages, yet the effectiveness of domain adap-
tation strategies remains unclear. We present
a study of medical domain adaptation using
French medical question-answering (QA) as
a case study. We compare continual pretrain-
ing (CPT), supervised fine-tuning (SFT), and
their combination across three model families,
multiple sizes, and three initialization types, ex-
plicitly disentangling adaptation effects from
base model choice. We evaluate both multiple-
choice (MCQA) and open-ended QA (OEQA)
under greedy and constrained decoding using
automatic metrics and LLM-as-a-Judge eval-
uation. For MCQA, CPT+SFT most often
achieves the best scores, but gains over SFT
are small and frequently not statistically signif-
icant, making SFT a strong and cost-effective
default. For OEQA, CPT consistently improves
overlap-based metrics, while SFT often de-
grades generation quality; instruction tuning
and CPT+SFT are preferred by LLM-based
evaluation. Cross-lingual experiments further
show effective transfer from French adaptation
to English benchmarks. Overall, we provide
practical guidelines for selecting adaptation
strategies under computational constraints.

1 Introduction

LLMs are increasingly applied to medical question-
answering (QA) and clinical reasoning, where ac-
curacy, robustness, and domain-specific knowl-
edge are critical (Huang et al., 2024). However,
most high-performing LLMs are trained on general-
domain data, making domain adaptation essential
for safe medical deployment. In practice, this adap-
tation relies on continual pretraining (CPT) on do-
main corpora and supervised fine-tuning (SFT) on
task-specific data.

Despite their widespread use, the relative effec-
tiveness of these strategies remains unclear. Their
impact depends on training scale, data composi-
tion, and optimization choices (Christophe et al.,
2024; Lu et al., 2025), and even combined ap-
proaches yield inconsistent or statistically insignifi-
cant gains (Jeong et al., 2024a).

Most prior work fixes base model initialization,
making it difficult to disentangle adaptation ef-
fects (Lu et al., 2025; Christophe et al., 2024). Eval-
uations are also predominantly English-centric, and
largely focus on MCQA, limiting interpretation and
generalization, especially given recent evidence of
memorization in medical LLMs (Li et al., 2025).

More broadly, this work is motivated by a prac-
tical constraint often overlooked in the literature.
In many real-world settings, especially for non-
English medical NLP, both domain-specific data
and computational resources are limited. As a re-
sult, the key question is not whether one strategy
can theoretically outperform another, but how to
allocate limited resources effectively. In this con-
text, practitioners face a concrete and unresolved
question: given limited data and computational
resources, which adaptation strategy should be pri-
oritized? Existing studies provide partial answers,
but heterogeneous setups make it difficult to derive
actionable guidelines.

To address these limitations, we conduct a con-
trolled study of medical domain adaptation using
French medical QA as a case study. We compare
CPT, SFT, and their combination across model fam-
ilies and sizes while varying base initialization, and
evaluate models in both French and English to iso-
late domain and cross-lingual effects.

We include OEQA as a complementary evalu-
ation of generative behavior, but note that its as-
sessment remains challenging; our conclusions are
therefore primarily grounded in MCQA.

Our goal is to provide practical guidance on
when and why CPT and SFT are effective under
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Figure 1: Overview of the experimental pipeline for evaluating medical domain adaptation strategies.

realistic constraints. Our study is guided by the
following research questions:

* RQ1: What are the performance and ef-
ficiency trade-offs between CPT and SFT
across model families and sizes?

* RQ2: How does base model initialization in-
fluence the effectiveness of CPT and SFT for
medical domain adaptation?

* RQ3: How does French medical adaptation
affect cross-lingual transfer to English?

Our contributions are: (i) we introduce a con-
trolled and reproducible framework to compare
medical domain adaptation strategies across model
families, sizes, initialization types, and decoding
settings; (i1) we provide a statistically grounded
analysis of CPT and SFT for medical QA, cov-
ering performance trade-offs, error patterns, and
cross-lingual transfer to English benchmarks. All
resources are publicly available: https://github.
com/ikram28/MedAdapt.

2 Related Work

Medical LLM adaptation primarily relies on CPT
on domain-specific corpora and SFT on instruc-
tion—response data, both shown to support domain
transfer (Gururangan et al., 2020; Gema et al.,
2024). CPT has been adopted in models such as
MediTron (Chen et al., 2023b), BioMistral (Labrak
et al., 2024a), PMC-Llama (Wu et al., 2023), and
MedGemma (Sellergren et al., 2025). However,
recent analyses question the robustness and consis-
tency of CPT gains under stricter evaluation proto-
cols (Jeong et al., 2024a). In parallel, SFT-based
models such as ChatDoctor (Li et al., 2023) and
MedAlpaca (Han et al., 2023) report great task-
level improvements, though evaluations remain
largely in English.

Medical domain adaptation is further challenged
in non-English settings due to limited domain-
specific resources. Several multilingual medical
LLMs have been proposed, including Medical
mT5 (Garcia-Ferrero et al., 2024), BiMediX (Pieri
et al., 2024), Apollo (Wang et al., 2024a), and
MMedLM (Qiu et al., 2024). However, these mod-
els are mostly evaluated on translated benchmarks,
with limited validation on native-language med-
ical tasks, leaving their language- and cultural-
specificities underexplored. Evaluation practices
also pose challenges. Widely used benchmarks
such as PubMedQA (Jin et al., 2019), MedQA (Jin
et al., 2019), and MedMCQA (Pal et al., 2022)
primarily target English.

Beyond proposing individual models, recent
work has compared adaptation strategies in con-
trolled settings. Christophe et al. (2024) analyze
CPT, SFT, and related techniques for clinical
LLMs, finding that CPT alone yields limited gains
but can amplify performance when combined with
instruction tuning. Similarly, Lu et al. (2025)
study CPT, SFT, and preference-based optimiza-
tion across domains, highlighting complex interac-
tions between adaptation methods. However, these
studies focus on English and fix the base model
initialization. In contrast, in this work, we system-
atically compare CPT, SFT, and their combination
across multiple model families and initialization
points for French medical QA, while also evaluat-
ing cross-lingual performance and analyzing adap-
tation behavior.

3 Experimental Framework

We propose a controlled experimental framework
to evaluate medical domain adaptation strategies
across architectures, initialization points, and task
formats, as illustrated in Figure 1. Our setup explic-
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itly varies (i) the base model and its prior training,
(ii) the adaptation strategy, and (iii) the evaluation
task and language in order to isolate the factors that
drive adaptation effectiveness.

3.1 Base Models and Adaptation Approaches

Our study focuses on model families with three
complementary initialization states: (i) a general-
purpose base model, (ii) an instruction-tuned vari-
ant, and (iii) a medically adapted version obtained
via CPT. This constraint is central to our experimen-
tal design, as it enables a controlled comparison
that isolates the effect of adaptation strategy from
that of the starting point. As a result, model selec-
tion is restricted to families providing these aligned
variants, rather than to the most recent model re-
leases.

We consider three model families spanning dif-
ferent sizes, pretraining regimes, and linguistic
exposure. Specifically, we include Mistral-7B,
Gemma-4B, and Llama models at the 7B and 13B
scales. For Mistral-7B, we use Mistral-7B-v0.1
and its instruction-tuned version, and BioMistral-
7B, a model adapted to the biomedical domain
via CPT (Jiang et al., 2023; Labrak et al., 2024b).
For Gemma, we rely on the Gemma-3-4B pre-
trained and instruction-tuned models, together with
MedGemma-3-4B, which incorporates medical pre-
training (Team et al., 2025; Sellergren et al., 2025).
Finally, for Llama, we include both 7B and 13B
variants, using the base and chat versions of Llama-
2, as well as their medically adapted counterparts,
MediTron-7B and MedLlama-13B (Touvron et al.,
2023; Chen et al., 2023a; Wu et al., 2024).

These families differ not only in scale but also
in pretraining data and exposure to French. Mistral
and Gemma are explicitly multilingual, whereas
Llama models are primarily English-centric, al-
though exact language proportions are not dis-
closed. Except for MedGemma, whose medical
pretraining corpus is not fully documented, all med-
ical variants rely on PubMed Central as their pri-

mary biomedical source'.

Across all model families and initialization
points, we investigate three adaptation strategies:
(1) CPT on domain-specific corpora, (ii) SFT on
instruction-response pairs, and (iii) a sequential
CPT+SFT pipeline.

"ttps://pmc.ncbi.nlm.nih.gov/

3.2 Training Data

CPT. We use NACHOS corpus (Labrak et al.,
2023), an open-source French medical dataset com-
prising 4 GB of text collected from French medical
websites; full details are provided in Appendix A.

SFT. We use the train and validation sets of the
MedlInjection-FR corpus (Belmadani et al., 2026b),
which contains 543 505 instruction-response pairs.
The dataset includes multiple-choice questions
with a single unique correct answer (MCQU,
~83%), multiple correct answers (MCQ, ~6%),
and OEQAs (~11%). This mixture allows us to
evaluate adaptation effects across both discrimina-
tive and generative medical reasoning tasks. Addi-
tional dataset details are provided in Appendix B.

3.3 Training Process

To explore the trade-off between computational
cost and model plasticity, we adopt contrasting fine-
tuning regimes for CPT and SFT. CPT is performed
using full-parameter fine-tuning, while SFT re-
lies on parameter-efficient adaptation. This choice
is supported by preliminary experiments, as ex-
plained in Appendix E.

CPT. CPT is performed for three epochs follow-
ing the setup of Labrak et al. (2024b). Full hyper-
parameter details are provided in Appendix C.

SFT. We employ DoRA (Weight-Decomposed
Low-Rank Adaptation) (Mao et al., 2024), an exten-
sion of LoRA (Hu et al., 2022) that decouples mag-
nitude and directional updates. We select DoRA
after preliminary experiments, as detailed in Ap-
pendix E. SFT is run for ten epochs, with hyperpa-
rameters reported in Appendix D.

3.4 Evaluation Protocol

Benchmarks. We evaluate all models on
MedInjection-FR test set, which consists of 14 533
native French medical examples and 13 293 trans-
lated examples derived from established English
benchmarks. The test set covers MCQU, MCQ,
and OEQA tasks, enabling evaluation of both an-
swer selection and free-form answers. Benchmark
sources and translation procedure are detailed in
Appendix G.

Prompting Strategy. All evaluations are con-
ducted in a zero-shot setting using greedy, deter-
ministic decoding to ensure reproducibility. For
MCQU and MCQ tasks, following Liang et al.
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(2022); Beeching et al. (2023); Chen et al. (2023a),
we restrict the output vocabulary to valid answer op-
tions to prevent hallucinated responses. To mitigate
position bias, we randomly shuffle answer choices
three times and report aggregated results, following
best practices for MCQ evaluation (Pezeshkpour
and Hruschka, 2024). Prompt templates are pro-
vided in Appendix H.

Evaluation Metrics. For MCQU, we report Ex-
act Match (EM), which measures the proportion of
questions for which the predicted answer exactly
matches the gold answer. For MCQ, we addition-
ally report the Hamming score, which accounts
for partial overlap between predicted and reference
answer sets and is therefore more informative for
multi-answer questions. Formal definitions of both
metrics are provided in Appendix F.

For OEQA, we rely on both automatic text-
based metrics and model-based judgments. We
report BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), METEOR (Banerjee and Lavie, 2005), and
BERTScore (Zhang et al., 2019) as automatic base-
lines. Their reliability was assessed through agree-
ment with senior physician annotations on a held-
out subset of 500 OEQA instances in Belmadani
et al. (2026a), where MedGemma-27B was identi-
fied as the most stable and best-performing LL.M
judge, and is therefore used in the present work.

Statistical Significance and Error Analysis. We
assess statistical significance using a percentile
bootstrap procedure with 10000 resamples, fol-
lowing Jeong et al. (2024b). Differences between
paired model configurations are considered sig-
nificant when the associated two-sided p-value is
below a predefined threshold «. To control for
multiple comparisons, we apply the Bonferroni
correction, yielding a corrected « as specified in
Appendix J. In addition, we conduct an error analy-
sis by examining output probabilities, confidence
scores, and entropy, enabling us to characterize how
CPT and SFT affect uncertainty and error patterns
across different base model initializations.

4 Results and Discussion

4.1 MCQA Evaluation

Table 1 reports performance on MCQA across three
model families (Gemma-4B, Mistral-7B, Llama-
7B-13B), three initialization types (General, In-
struct, Medical), and three adaptation strategies
(CPT, SFT, CPT+SFT). Results are shown for both

MCQs and MCQUs, using EM and Hamming
scores for MCQs. All results reported in this ta-
ble are obtained using constrained decoding. The
corresponding results under greedy decoding are
provided in Appendix 1.

Effectiveness of Adaptation Strategy: A recur-
ring pattern observed throughout the results is:

BASE < CPT < SFT < CPT+SFT

The strongest performance is most frequently
achieved by the CPT+SFT adaptation. Across
model families and initialization types, CPT+SFT
yields the highest scores in aggregated EM as well
as in MCQ and MCQU EM more often than any
other strategy.

However, a closer inspection of the results in-
dicates that the gains brought by CPT+SFT over
SFT alone are generally limited. When CPT+SFT
attains the highest score, the margin over SFT
rarely exceeds 1.3 points. In contrast, in configura-
tions where SFT outperforms CPT+SFT, the per-
formance gap is larger. For example, on Llama-7B
Instruct, SFT exceeds CPT+SFT by 3.12 points,
and a similar pattern is observed for Mistral-7B
Instruct, with a gap of 1.44 points in favor of SFT.

Furthermore, the statistical analysis reported
in Appendix J shows that, when comparing each
adapted model to its corresponding base model,
the observed improvements are not always statisti-
cally significant. In particular, for Gemma Instruct,
neither SFT nor CPT+SFT yields statistically sig-
nificant gains over the base model. Likewise, for
Llama-7B Instruct, the improvement brought by
CPT+SFT is not statistically significant. These
constitute the only cases in which the improve-
ments of SFT or CPT+SFT over the base model
fail to reach statistical significance. Consequently,
although CPT+SFT most frequently ranks first, its
advantage over SFT is not consistently substantial.

By contrast, CPT alone exhibits less stable be-
havior. Although it can improve performance in
some rare cases, it can also occasionally degrade
performance compared to the base model. More-
over, it is the strategy that most often fails to pro-
duce statistically significant improvements over the
base. This is the case for 8 models: MedGemma,
all Llama-13B variants, Llama-7B GENERAL and
INSTRUCT, and Mistral-7B GENERAL and MED-
ICAL. This suggests that representation-level do-
main adaptation is most effective when paired with
task-specific supervision.
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Model Type Strategy MCQ MCQU Aggregation | OEQA

EM Hamming EM EM | ROUGE-L BERT-F1 Judge

Gemma-4B
Base 224 3017 2711 1468 711 4662 2509
CPT 073 1L71 2583  13.28 1018 4907 2571
GENERAL ¢ 373 4357 3236 18.05 823 4776  21.60
CPT+SFT 390 4281 3259 1825 6.01 4578 24.80
Base 483 4401 2930  17.06 7.38 4894 4171
CPT 347 4600 2505  14.26 457 4277 1335
INSTRUCT g 368 4822 3195 1781 220 3826 2021
CPT+SFT 342 4814 3073  17.07 312 4090 20.76
Base 198 3146 2641 14.19 7.38 4894 2201
CPT 168 2404 2513 1341 6.77 4518  1.95
MEDICAL . 354 4622 3066  17.10 570 45.66  14.23
CPT+SFT 338 4328 3086  17.12 504 4305 1141

Mistral-7B
Base 037 540 2852 1444 582 4421 2723
CPT 354 3050 2721 1537 792 4632 2457
GENERAL . 524 2162 3288  19.06 8.83 4802 2293
CPT+SFT 613 3086 3220 1921 6.62 4635 24.89
Base 486 2353 2492  14.89 734 49.66 30.14
CPT 732 3618 2879  18.06 1351 5387 37.59
INSTRUCT . 680 2342 3161 1921 1241 5272 17.63
CPT+SFT 545 3247 3009  17.77 9.02 4899 3213
Base 280 1747 2669  14.74 1134 5158  20.76
CPT 357 2443 2573 14.65 1241 5145 17.89
MEDICAL . 336 2637  31.62  17.49 875  47.86 16.72
CPT+SFT 494 2727 3258 1876 9.15 4863 2496

Llama-7B
Base 133 1201 2572 1353 505 4127 9.39
CPT 112 1286 2559  13.36 1058 4785 378
GENERAL ¢ 266 2841 2893 1580 6.02 4449  T.67
CPT+SFT 3.7 4600 2989 1653 585 4467 1226
Base 395 3443 2508 1451 257 4385 2535
CPT 393 4267 2507 1450 1116 5137  26.06
INSTRUCT g 512 2106 2932 17.22 1144 5128 12.92
CPT+SFT 3.13 2508 2507 1410 902 5099 27.84
Base 023 290 2443 1233 561 4325  12.50
CPT 237 2806 2560  13.99 8.00 4579 1314
MEDICAL  gpp 324 2910 3044  16.84 540 4225 950
CPT+SFT 380 4495 3152  17.66 587 4434 1739

Llama-13B
Base 214 2120 2611 1413 210 3325 1179
CPT 253 1917 2699  14.76 1412 5036  5.66
GENERAL ¢ 354 4049 3095  17.24 560 4319  14.88
CPT+SFT 334 2959 3236 1785 630 4545 2038
Base 009 2974 2152 1081 340 4531  30.02
CPT 563 3740 2501 1532 1231 5307 3619
INSTRUCT g 658 2396 3020  18.39 11.54 5094 11.81
CPT+SFT 777 2526 3158  19.68 1286 5246 2022
Base 177 1182 2462 13.19 500 4211 10.86
CPT 296 3087 2410  13.18 800 4579 1339
MEDICAL  ¢p, 312 4124 3062 16.87 6.85 4522 13.77
CPT+SFT 324 4559 3225 1774 8.38 4629 19.55

Table 1: Constrained decoding results (%) for MCQ/MCQU and OEQA. Aggregation corresponds to average EM
over MCQ and MCQU. Bold denotes the best strategy, and underlining the best initialization.

Overall, while CPT+SFT ranks first most of-
ten, its limited and inconsistent gains over SFT,
together with a substantially higher computational
cost (see Appendix O), make SFT a strong default
for medical MCQA. For example, on 7B models,
CPT+SFT costs over $1 500 versus $360 for SFT,
with a fourfold increase in carbon emissions.

Impact of Model Initialization: The impact of
model initialization (General / Instruct / Medical)
varies across MCQA metrics and question formats.
Considering the overall best scores across all model

families, instruction-tuned models dominate the
most demanding EM settings: the highest MCQ
EM and aggregated MCQA EM scores are both
achieved by Llama-13B Instruct, while the best
MCQ Hamming score is obtained by Gemma-4B
Instruct. In contrast, the best MCQU EM score is
achieved by a general Mistral model.

At the family level, the patterns differ. For MCQ
EM, the best score within each model family is al-
ways obtained by an instruction-tuned variant, con-
firming that instruction alignment is particularly
beneficial for exact multi-label prediction; this ad-
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vantage is further supported by statistically signifi-
cant gains when compared to general or medical ini-
tializations (see Appendix J). For MCQ Hamming,
results are more balanced, with the best scores split
across initialization types (two instruction-tuned,
one general, and one medical).

For MCQU EM, general models most frequently
achieve the best performance (three cases), fol-
lowed by medical models, while instruction-tuned
models do not dominate. This indicates that when
only a single answer must be selected, performance
is driven primarily by answer plausibility ranking,
favoring strong language modeling and domain
knowledge, while explicit instruction alignment,
which mainly benefits structured or multi-label out-
puts, provides less advantage. Finally, for the ag-
gregated MCQA score, no single initialization con-
sistently dominates: instruction-tuned and general
models each obtain the best result in two config-
urations (with ties between them), while medical
models lead in one case, and differences across
initializations are often not statistically significant.

4.2 OEQA Evaluation

The right side of Table 1 reports OEQA across
model families using ROUGE-L, BERTScore, and
LLM-as-a-Judge. We additionally report BLEU
and METEOR in Appendix I, as they reflect sim-
ilar information to ROUGE-L. Overall, absolute
scores remain moderate, reflecting the difficulty of
evaluating free-form answer generation. ROUGE-
L scores should be interpreted with caution, as they
measure surface-level lexical overlap and penalize
semantically correct answers that differ in formula-
tion (Yim et al., 2025; Zhu et al., 2025).

Moreover, OEQA represents only 11% of the
training data, resulting in a strongly imbalanced
supervision signal. Models are therefore adapted
to generate short, structured outputs (answer letters
in MCQA), which limits OEQA performance.

Effect of Adaptation Strategy: Across model
families, SFT often degrades ROUGE-L and
BERTScore-F1 compared to base or CPT-adapted
models, particularly for instruction-tuned and med-
ical variants. This suggests that SFT can overly
constrain generation, reducing lexical diversity and
semantic overlap in an open-ended setting.

By contrast, CPT is the most consistently benefi-
cial strategy for OEQA. CPT improves ROUGE-L
and BERTScore-F1 across most general, instruct,
and medical models, with especially strong gains

for Mistral and Llama families. These results sug-
gest that domain-adaptive language modeling sup-
ports better medical generation than instruction-
level supervision alone. Combining CPT with SFT
rarely outperforms CPT alone and often leads to
intermediate or degraded performance, reflecting
the same instability observed in MCQA, but with
more pronounced negative effects in OEQA.

In contrast to overlap-based metrics, LLM-as-a-
Judge favors CPT+SFT in half of the configura-
tions (6/12), compared to three cases each for the
base and CPT models. Gains are most pronounced
for Llama-7B, where CPT+SFT consistently out-
performs SFT across initializations, and for med-
ical models, where it yields the best or near-best
qualitative scores. However, despite these trends,
statistically significant improvements over the base
model are rare: CPT is significant in only three
cases, SFT in two (all involving smaller 4B mod-
els), and CPT+SFT never yields statistically sig-
nificant gains over the base model in OEQA.

Effect of Model Initialization. Initialization ef-
fects on OEQA depend strongly on the evalua-
tion metric. For overlap-based metrics, no ini-
tialization consistently dominates: ROUGE-L is
split between general and instruction-tuned models,
while medical models never achieve the top score;
BERTScore-F1 is mostly dominated by instruction-
tuned models, with a single exception (Gemma).

LLM-as-a-Judge reveals clearer and statistically
grounded patterns. When differences are sig-
nificant, medical models are consistently outper-
formed across families, particularly under SFT and
CPT (Table 9). Comparisons between instruction-
tuned and general models are mixed and direction-
dependent, with some significant gains under SFT
and CPT (notably for Mistral and Llama), but these
effects largely disappear under CPT+SFT.

Overall, medical initialization alone does not
improve OEQA, while instruction-tuned initializa-
tion yields more reliable, yet limited, gains when
significant.

5 Cross-Lingual Transfer After French
Medical Adaptation

To analyze whether models perform better in En-
glish prior to adaptation and how cross-lingual
adaptation affects performance, we compute the
EM accuracy difference for MCQU benchmarks as
the score on French translations minus the score on
the corresponding native English datasets. Figure 2
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Figure 2: Difference in EM accuracy (A E'M) between native English MCQU test benchmarks and their French

translations across model families and adaptation strategies (constrained decoding).

reports averaged results across datasets using con-
strained decoding; full results for both greedy and
constrained decoding are provided in Appendix M.

For the Mistral family, base models consistently
perform better on the translated French benchmarks
than on the original English data. This trend per-
sists after adaptation with CPT, SFT, and CPT+SFT,
with French performance systematically exceeding
English, the differences being statistically signifi-
cant (Table 13).

In contrast, Gemma and Llama families show
higher performance on native English benchmarks
at the base level, and this advantage remains after
adaptation on French data. Moreover, adaptation
gains are often larger in English than in French (Ta-
ble 12), despite all adaptation data being in French.

These results suggest that Mistral models en-
code French more effectively, whereas Gemma
and Llama have stronger English representations.
Notably, the improvements observed in both lan-
guages indicate effective cross-lingual transfer of
medical knowledge: adapting with French medical
data improves performance on the original English
benchmarks, sometimes more than on their French
translations. This supports the complementarity of
multilingual medical data, in line with Wang et al.
(2024a).

A salient exception is Llama-7B: before adap-
tation, the base model shows slightly higher per-
formance on French translations than on English,
but this difference is not statistically significant
(Table 13). After adaptation, English performance
surpasses French, suggesting that adaptation ampli-
fies the model’s dominant English representations.

6 Effect of Translated Benchmarks on
Performance and Confidence

We compare model behavior on a native bench-
mark, MediQAl (Bazoge, 2025), and a translated

AEntropy (Translated- Native)
[ ]

AEM (Translated-Native )

Figure 3: Relationship between accuracy gain (AEM)
and change in predictive entropy (A Entropy) when
moving from the translated to native benchmarks. Each
point corresponds to a model configuration.

benchmark, MedMCQA (Pal et al., 2022), using ac-
curacy and confidence-based metrics. Both bench-
marks consist of MCQUSs of comparable size, for
fair comparison. Although instances are not shared,
consistent differences across models are observed.

As shown in Figure 3, all models achieve higher
EM accuracy on the translated benchmark. This
gain is systematically accompanied by a reduc-
tion in predictive entropy, indicating that translated
benchmarks induce more confident and less un-
certain predictions. The concentration of models
in the bottom-right quadrant suggests that trans-
lated benchmarks operate in a different evaluation
regime, characterized by both higher performance
and reduced uncertainty.

Figure 5 further reveals that accuracy gains are
often associated with increased confidence in in-
correct predictions. Most models exhibit positive
shifts in confidence even when wrong, indicating
a systematic overconfidence effect induced by the
translated benchmark.

Opverall, these results show that translated bench-
marks are not neutral substitutes for native ones:
they tend to inflate performance while also altering
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Figure 4: Probability-level metrics for MCQ and MCQU
across Mistral variants.

model confidence calibration, potentially leading
to over-optimistic evaluations.

7 Error Analysis

7.1 Probability-Level Analysis of MCQA

To explain why MCQ is harder than MCQU, we an-
alyze class probability distributions from the Mis-
tral family, selected for its high variance across
models and adaptation settings. For each item, we
compute entropy, maximum probability, and a con-
fidence gap measuring gold/non-gold separation
(mean gold vs. non-gold probability in MCQ; mar-
gin to the second-best option in MCQU). We also
report a near-miss rate, defined as cases where all
gold answers are ranked in the top-k but the pre-
dicted set is incorrect (Figure 4, Appendix K).

Across all variants, MCQ predictions are not
more uncertain than MCQU: MCQ exhibits lower
entropy and higher maximum probability, indicat-
ing confident local rankings. The confidence gap is
consistently positive and increases with adaptation,
but remains insufficient for exact multi-label gener-
ation under greedy decoding, leading to omissions
or over-generation.

Adaptation clarifies this effect: SFT strongly
improves MCQU, while gains on MCQ remain lim-
ited. CPT+SFT primarily increases ranking confi-
dence rather than exact set match, yielding larger
confidence gaps without reducing near-miss rates.

7.2 Verbosity Bias in OEQA

To better understand the differences observed be-
tween overlap-based metrics and LLM-as-a-Judge
evaluations in OEQA, we analyze the length of
generated answers across models. The results are
reported in Appendix L. We find that CPT-adapted
models systematically produce longer responses,
with higher mean and median word counts across

all model families. This increased verbosity pro-
vides a plausible explanation for their strong perfor-
mance on ROUGE-L and BERTScore-F1, which
reward lexical recall and content coverage.

In contrast, instruction-tuned models generate
substantially shorter and more controlled answers,
particularly under SFT, often producing concise
responses with low variance. While this behav-
ior negatively impacts overlap-based metrics, it
aligns with higher LLM-as-a-Judge scores, sug-
gesting that concise answers are preferred under
LLM evaluation. Finally, SFT exhibits unstable
behavior in OEQA, leading either to excessively
short outputs or overly long responses depending
on model initialization. Overall, these results in-
dicate that OEQA performance is strongly influ-
enced by length biases, and that improvements in
automatic metrics may partially reflect increased
verbosity rather than improved answer quality.

8 Conclusion

We presented a controlled and statistically
grounded study of medical domain adaptation for
LLMs using French medical QA, isolating the
effects of model initialization, adaptation strat-
egy, decoding, and evaluation. Our results show
that adaptation effectiveness is task-dependent and
that stronger strategies are not always more cost-
effective. We therefore distill practical guidelines
for selecting adaptation strategies based on data
availability and computational constraints. Given
the limited reliability of current OEQA metrics and
the small proportion of OEQA supervision, our rec-
ommendations primarily emphasize MCQA, with
OEQA trends interpreted cautiously.

Unlabeled data only. When only unlabeled med-
ical text is available, CPT yields modest and un-
stable gains for MCQA and should not be used
in isolation. Its benefits mainly appear on OEQA
overlap-based metrics, which are sensitive to ver-
bosity and should be interpreted with caution.

Labeled data only. With labeled QA data, SFT
provides the best performance—efficiency trade-off
for MCQA across all model families. It frequently
matches or exceeds CPT+SFT while requiring sub-
stantially fewer computational resources, making
it the most practical default in this setting.

Labeled and unlabeled data. When both data
types are available, CPT+SFT most often achieves
the highest MCQA scores, but improvements over
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SFT are typically small and not consistently statis-
tically significant. Consequently, CPT+SFT is jus-
tified only when maximal performance outweighs
computational cost.

Initialization and compute considerations.
Instruction-tuned models constitute the strongest
baseline for French medical MCQA. Medical ini-
tialization alone does not reliably improve down-
stream performance. From a resource perspective,
parameter-efficient SFT is by far the most cost-
effective strategy, whereas CPT incurs high compu-
tational and environmental costs for limited MCQA
gains, and CPT+SFT compounds these costs for
marginal improvements.

Evaluation and transfer considerations. Fi-
nally, we observe strong evaluation effects: adap-
tation on French medical data transfers to English
benchmarks, translated datasets inflate both accu-
racy and confidence, and OEQA metrics are sensi-
tive to verbosity. These findings highlight the need
for task-aware adaptation choices and cautious met-
ric interpretation in medical LLM evaluation.

9 Limitations

Our evaluation of adaptation strategies faces sev-
eral limitations. First, we perform an exploratory
contamination study to assess possible exposure
to NACHOS during pretraining (Appendix P). Al-
though no direct evidence of memorization is ob-
served, likelihood-based tests remain inconclusive
due to the lack of a reliable non-member biomed-
ical control corpus, requiring the use of synthetic
controls. We therefore treat these results as in-
dicative only and avoid causal conclusions about
pretraining inclusion.

Second, our evaluation of OEQA relies on
overlap-based metrics, BERTScore, and LLM-as-
a-Judge. While these measures capture comple-
mentary aspects of answer quality, they do not
fully characterize semantic equivalence, clinical
correctness, or reasoning validity, and may there-
fore overlook qualitative differences between cor-
rect answers (Yim et al., 2025; Zhu et al., 2025).

Third, while we demonstrate the efficiency
of SFT compared to CPT in terms of computa-
tional resources, our analysis does not account for
the human effort required to create high-quality
instruction-tuning datasets. This consideration
is particularly relevant for low-resource settings
where creating domain-specific instruction data

may be costly.

Fourth, we do not include few-shot prompting
as an evaluation setting. Our objective is to iso-
late the effects of parameter-level adaptation strate-
gies under controlled and reproducible conditions.
Few-shot prompting introduces additional sources
of variance related to example selection, ordering,
and prompt design, which would complicate statis-
tical comparison and obscure the interpretation of
adaptation gains. Moreover, few-shot prompting
assumes access to curated task-specific examples
at inference time, which may be unrealistic in med-
ical deployment scenarios. For these reasons, we
focus on zero-shot evaluation to ensure fair and
stable comparisons across adaptation strategies.

Finally, our study focuses exclusively on CPT
and SFT. We do not explore reinforcement learn-
ing—based adaptation strategies, such as preference
optimization or reward-driven fine-tuning, which
may better align models with clinical judgment or
evaluation criteria. Investigating how such meth-
ods interact with CPT and SFT, particularly under
multilingual and domain-specific constraints, con-
stitutes an important direction for future work.

In addition, our findings about the effectiveness
of adaptation strategies are specific to the medical
domain and French language. The generalizability
of these results to other domains or languages, par-
ticularly those with different resource constraints
or linguistic characteristics, requires further inves-
tigation.

10 Ethical Considerations

This work is intended for research purposes only
and not for direct clinical use. All experiments
rely on publicly available biomedical datasets with-
out identifiable patient data. We acknowledge that
medical LLMs may generate inaccurate or overcon-
fident outputs, particularly in open-ended settings,
and therefore include physician-based evaluation
protocols. We also report computational cost and
estimated carbon emissions for transparency.
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A CPT Training Corpus : NACHOS
Description

The NACHOS corpus is a French medical open-
source dataset compiled through extensive web
crawling and text collection. While the full cor-
pus spans 7.4 GB of data and contains over one
billion words sourced from 24 French-speaking
high-quality websites (Labrak et al., 2023), we use
in this work its small variant, NACHOS,,,..;. This
version consists of approximately 4 GB of data and
was obtained by shuffling the full corpus and ran-
domly selecting 25.3 million sentences to ensure
homogeneous coverage of data sources.

Note: Full details of the corpus compilation
and processing are available in the original pa-
per (Labrak et al., 2023).

A.1 Corpus Composition

The NACHOS corpus encompasses a diverse range
of medical textual sources, including:

* Descriptions of diseases and conditions
* Treatment and medication information
* General health-related advice

* Official scientific meeting reports

* Anonymized clinical cases

* Scientific literature

* Theses

* French translation pairs

* University health courses

A.2 Data Sources

The corpus integrates data from multiple sources,
with the most significant contributions coming
from:

* HAL (638,508,261 words)

¢ Haute Autorité de Santé (HAS) (113,394,539
words)

* Drug leaflets (74,770,229 words)

e Medical Websites Scraping (60,561,495
words)

* ANSES SAISINE (51,372,932 words)

 Public Drug Database (BDPM) (48,302,695
words)

A.3 Corpus Preparation

The researchers employed several preprocessing
steps:

1. Text collection through web scraping, raw tex-
tual sources, and optical character recognition
(OCR)

2. Sentence splitting using heuristic methods

3. Aggressive filtering to remove short or low-
quality sentences

4. Language classification using a custom classi-
fier trained on multilingual corpora

B SFT Training Corpus :
MedInjection-Fr Description

B.1 Overview

MedInjection-FR (Belmadani et al., 2026b) is a
large-scale French biomedical instruction dataset
composed of native, translated, and synthetic
instruction—response pairs. The dataset comprises
571 436 examples spanning MCQUs, MCQs, and
OEQAs.

B.2 Data Composition

The dataset consists of 77247 native examples,
417 674 translated examples, and 76 506 synthetic
examples. All data are formatted as instruction—
response pairs and normalized to a unified schema,
ensuring consistency across heterogeneous sources
and supervision types.

B.3 Quality Control for Translated Data

The translated subset was obtained by translating
English biomedical instruction datasets into French
using two LLMs: GPT-40-mini (Hurst et al., 2024)
and Gemini 2.0 Flash 2. Translation quality was
evaluated on the WMT 2024 Biomedical Trans-
lation Task benchmark (Neves et al., 2024) us-
ing BLEU and COMET metrics. GPT-40-mini
achieved a BLEU score of 51.01 and a COMET
score of 0.8751, while Gemini 2.0 Flash
achieved a BLEU score of 53.72 and a COMET
score of 0.8783. These results are comparable to
the best-performing system reported in the shared
task (BLEU 53.54, COMET 0.8760), suggesting
high semantic fidelity and robust preservation of
biomedical terminology in the translated subset.

2https: //cloud. google.com/vertex-ai/
generative-ai/docs/models/gemini/2-0-flash
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B.4 Quality Control for Synthetic Data

The synthetic subset was generated using GPT-40
from source documents including clinical cases and
biomedical abstracts. Each source document was
used to generate multiple instructional tasks cov-
ering a broad range of biomedical reasoning, such
as clinical summarization, factual QA, diagnostic
reasoning, treatment suggestion, and classification.

To control generation quality, each syn-
thetic instruction—response pair was eval-
vated using four independent large lan-
guage models acting as automatic judges:
GPT-4.1-mini 3, Gemini 2.0  Flash,
MedGemma-27B (Sellergren et al., 2025), and
Qwen3-Next-80B-A3B-Instruct (Team, 2025).
For MCQAs, evaluators assigned scores on a
three-point scale reflecting answer correctness and
contextual coherence. For OEQAs, a five-point
scale was used to capture varying degrees of
factual accuracy and completeness. Only examples
meeting predefined minimum quality thresholds
across evaluators were retained in the final dataset.

C CPT hyperparameters

Value
2e-05 (1e-04 for gemma family)
2 (4 for gema family)

Parameter
Learning rate
Train batch size

Seed 42
Gradient accumulation steps 2 (16 for gemma family)
Optimizer AdamW
Weight Decay 0.01
Scheduler Cosine
Number of epochs 3

Table 2: Hyperparameters used in CPT training

D SFT hyperparameters

Parameter Value
Rank 16
LoRA Aplha 16
LoRA Dropout 0.05
use_dora True
Learning rate 2e-05 (1e-04 for gemma family)
Train batch size 4
Evaluation batch size train_batch_size * 2
Seed 42
WarmUp_ratio 0.05
Gradient accumulation steps 8
Optimizer AdamW
Scheduler Cosine
Number of epochs 10
Target Modules QKVOGUD

Table 3: Hyperparameters used in SFT training

Shttps://openai.com/index/gpt-4-1/

E Preliminary Comparison of Full
Fine-Tuning and PEFT

To justify our choice of parameter-efficient fine-
tuning (PEFT) for SFT, we conducted prelimi-
nary experiments comparing full fine-tuning with
several PEFT methods on the FrenchMedMCQA
dataset (Labrak et al., 2022).

We evaluated LoRA (Hu et al., 2022),
DoRA (Mao et al., 2024), and VeRA (Kopiczko
et al., 2024) against full-parameter fine-tuning us-
ing identical training configurations. Results are
reported in Table 4.

We observe that PEFT methods, particularly
DoRA, outperform full fine-tuning while requiring
significantly fewer trainable parameters. In addi-
tion, full fine-tuning exhibited higher overfitting
tendencies, with faster training loss convergence
but weaker generalization performance on valida-
tion data.

These results support the use of parameter-
efficient methods for SFT in our main experiments,
as they provide a better trade-off between perfor-
mance, efficiency, and generalization.

F Evaluation Metrics

We provide here the formal definitions of the evalu-
ation metrics used for MCQU and MCQ evaluation.

Exact Match (EM). Exact Match measures the
proportion of predictions that exactly match the
gold answer:

where N denotes the number of questions, y; the
gold answer, y; the model prediction, and [-] is the
indicator function.

Hamming Score. For multi-answer MCQ, we
additionally report the Hamming score, which cap-
tures partial agreement between predicted and ref-
erence label sets:

Z |yz myz

Hamming Score =
|yz U yz

This metric rewards partial correctness and is there-
fore better suited for evaluating multi-label predic-
tions than Exact Match alone.
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LoRA DoRA VeRA Full FT
Exact Match 0.2211 0.2435 0.1153 0.1121
Hamming Distance 0.4325 0.4627 0.3482 0.3143
Trainable Params (%) 0.583  0.602 0.0037 100

Table 4: Comparison of full fine-tuning and parameter-efficient methods on FrenchMedMCQA.

G Evaluation Benchmarks

The adapted models are evaluated against their cor-
responding base models using benchmark datasets
drawn from the fest split of MedInjection-FR. The
evaluation suite includes both native French bench-
marks and translated English benchmarks. For the
translated benchmarks, English test sets were trans-
lated into French following the procedure described
in section B.3.

The benchmarks cover multiple task formats,
including MCQU, MCQ and OEQA. This setup
enables a controlled comparison of adaptation ef-
fects across both discriminative and generative
biomedical reasoning tasks. Table 5 summarizes
the datasets used for evaluation and their respective
sizes.

Dataset # Items Task
NATIVE

3384 MCQ
MediQALl (Bazoge, 2025) 4343 MCQU
4969 OEQA

FrenchMedMCQA (Labrak et al., 2022) 622 MCQ

mlabonne/medical-mcqa-fr* 150 MCQ

mlabonne/medical-cases-fr> 352 MCQ
FrBMedQA (Kaddari and Bouchentouf, 2022) 187 MCQU
T 343 OEQA

S-Editions 183 MCQ

TRANSLATED

MedQA_4options (Jin et al., 2021) 1273 MCQU
MedQA_Soptions (Jin et al., 2021) 1273 MCQU
PubMedQA (Jin et al., 2019) 500 MCQU
MedMCQA (Pal et al., 2022) 4183 MCQU
MMLU (Hendrycks et al., 2021) 1080 MCQU
K-QA (Manes et al., 2024) 201 OEQA
MMLU-PRO (Wang et al., 2024b) 2333 MCQU
MedXpertQA (Zuo et al., 2025) 2450 MCQU

Table 5: Evaluation benchmarks used to compare
adapted models with their base counterparts. All
datasets correspond to the test split of MedInjection-
FR.

H Prompt Templates

Overview. We use a unified instruction format
across all task types, both for supervised fine-
tuning and for zero-shot evaluation. When avail-
able, we rely on the native chat templates provided
by instruction-tuned models; otherwise, prompts

are formatted as plain-text instruction—response
pairs.

Shared Structure. All prompts begin with a
high-level medical instruction, optionally followed
by a contextual passage. The core components are:

1. an instruction describing the task,

2. the question (and answer options when appli-
cable),

3. an optional context section, and

4. aresponse header indicating where the model
output should begin.

Task-Specific Constraints. The only variation
across task types lies in the expected response for-
mat, which is explicitly stated in the instruction.
Table 6 summarizes the templates used for each
task.

Canonical Prompt Format. The following ab-
stract template illustrates the prompt structure
shared across all tasks:

System prompt (training and evaluation) for MCQ

Lire 1’instruction médicale suivante et
fournir une réponse adaptée a la
situation décrite.

Répondre uniquement avec la lettre
correspondant a la ou les bonnes
réponses séparées par des virgules.
Exemple : A, C, D.

System prompt (training and evaluation) for MCQU

Lire 1’instruction médicale suivante et
fournir une réponse adaptée a la
situation décrite.

Répondre uniquement avec la lettre
correspondant a la bonne réponse.
Exemple : A.
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Task Instruction Constraint

Expected Output

Single letter (e.g., A)

Comma-separated letters (e.g.,
A, C, D)

MCQU Respond only with the letter correspond-
ing to the single correct answer.

MCQ Respond only with the letters correspond-
ing to all correct answers, separated by
commas.

OEQA Provide a free-form medical answer based

Unconstrained text

on the instruction and context.

Table 6: Summary of task-specific prompt templates and output constraints.

System prompt (training and evaluation) for OEQA

Lire 1’instruction médicale suivante et
fournir une réponse adaptée a la
situation décrite.

User prompt (task-dependent)

### Instruction:
[Question (+ options for MCQ tasks)]

### Contexte:
[Context, if available]

### Réponse:

Chat-Based Formatting. For instruction-tuned
models providing an explicit chat interface, the
same content is mapped to role-based messages as
follows:

* System: high-level medical instruction
(shared across tasks),

 User: task instruction, question, and optional
context,

 Assistant: model-generated answer.

This formulation ensures consistent supervision
and evaluation across models with different input
formatting requirements.

I MCQA and OEQA Results

L1 MCQA Greedy Decoding

Table 7 reports performance on MCQA across the
studied model families (Gemma-4B, Mistral-7B,
Llama-7B, and Llama-13B), three initialization
types (General, Instruct, Medical), and four adap-
tation strategies (Base, CPT, SFT, CPT+SFT). Re-
sults are shown for both standard multiple-answer
MCQs (MCQ) and single-answer MCQs (MCQU),
using Exact Match (EM), Hamming score for
MCAQ, and aggregated EM. The reported results
here are obtained using greedy decoding.

Effectiveness of Adaptation Strategy: Under
greedy decoding, SFT clearly dominates all other
adaptation strategies across MCQ, MCQU, and ag-
gregated metrics. Unlike constrained decoding,
where CPT+SFT often ranks first, greedy decod-
ing exposes a much sharper separation between
strategies:

BASE < CPT <« CPT+SFT < SFT

Across nearly all model families and initializa-
tions, SFT yields the highest MCQ EM, MCQ Ham-
ming, MCQU EM, and aggregated EM. This trend
is particularly strong for instruction-tuned mod-
els (Mistral, Llama-7B, Llama-13B), where SFT
consistently delivers large absolute gains, often
by wide margins. As in the constrained decoding
setting, when CPT+SFT outperforms SFT, the
performance gap is generally smaller than in con-
figurations where SFT outperforms CPT+SFT.

CPT alone remains unstable under greedy de-
coding. While it sometimes improves over the
base model, it frequently underperforms SFT and
can even degrade MCQU and aggregated scores.
Importantly, CPT+SFT does not systematically im-
prove over SFT in greedy decoding and often per-
forms worse, indicating that the benefits of CPT
are largely redundant once task supervision is in-
troduced and decoding constraints are removed.

Overall, greedy decoding amplifies the advan-
tages of task-aligned supervision, making SFT the
best adaptation strategy when decoding is uncon-
strained.

Impact of Model Initialization: Model initial-
ization plays a stronger and more consistent role
under greedy decoding than under constrained de-
coding. Across all families and metrics, instruction-
tuned models dominate. General models ben-
efit from SFT but remain consistently below
instruction-tuned counterparts. Medical models,
while improving with SFT, never achieve the best
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MCQ MCQU Aggregation OEQA
Model Type  Strategy —por e EM EM BLEU METEOR
Gemma-4B
Base 0.56 5.15 5.88 3.22 0.92 8.09
CPT 0.03 0.68 8.53 4.28 1.68 8.35
GENERAL SFT 1.73 19.48 19.81 10.77 1.03 7.42
CPT+SFT  1.67 15.34 19.52 10.60 0.56 6.99
Base 6.81 40.75 28.88 17.85 0.76 1041
CPT 0.07 1.72 1.37 0.72 0.46 5.89
INSTRUCT SFT 1.38 10.17 31.87 16.63 0.09 5.32
CPT+SFT 1.22 8.61 30.66 15.94 0.21 6.93
Base 1.22 11.28 11.47 6.34 0.76 1041
CPT 1.62 18.11 11.18 6.40 1.04 5.26
MEDICAL SFT 1.15 11.51 17.91 9.53 0.56 6.98
CPT+SFT  1.67 16.54 17.63 9.65 0.34 5.60
Mistral-7B
Base 0.15 2.90 4.04 2.09 0.66 7.32
CPT 0.44 3.75 13.71 7.07 0.99 7.69
GENERAL SFT 1.79 20.62 19.88 10.84 1.04 7.59
CPT+SFT 142 17.95 19.57 10.49 0.63 8.66
Base 342 26.94 21.46 12.44 1.12 7.70
CPT 4.10 29.16 27.63 15.87 2.34 10.90
INSTRUCT SFT 11.94 47.39 31.52 21.73 1.65 7.08
CPT+SFT  1.85 17.56 29.84 15.85 1.09 9.46
Base 2.24 19.09 13.39 7.81 1.73 8.39
CPT 2.25 18.39 12.19 7.22 1.93 9.54
MEDICAL SFT 1.95 20.68 18.47 10.21 1.06 6.75
CPT+SFT 1.44 16.43 19.33 10.38 1.05 8.02
Llama-7B
Base 0.17 2.69 9.46 4.82 0.49 591
CPT 1.13 10.16 5.83 3.48 1.39 5.90
GENERAL SFT 1.82 24.64 16.08 8.95 0.51 7.26
CPT+SFT  1.61 17.50 17.11 9.36 0.52 6.75
Base 0.03 0.64 0.04 0.03 0.40 2.51
CPT 4.92 40.87 0.04 248 1.72 8.64
INSTRUCT SFT 7.72 42.70 29.26 18.49 1.42 6.22
CPT+SFT  1.03 6.36 0.07 0.55 1.41 10.07
Base 0.14 1.98 0.57 0.35 0.51 7.06
CPT 2.11 24.01 12.20 7.16 1.12 5.69
MEDICAL SFT 1.12 20.40 17.49 9.30 0.40 5.50
CPT+SFT  1.67 15.87 18.29 9.98 0.49 6.70
Llama-13B
Base 0.29 0.84 11.77 6.03 0.19 1.98
CPT 2.81 21.03 10.49 6.65 1.85 7.85
GENERAL SFT 2.18 17.08 18.67 10.42 0.42 5.85
CPT+SFT  1.65 21.56 19.84 10.74 0.59 8.07
Base 0.00 4.87 0.04 0.02 0.50 3.85
CPT 4.82 34.09 0.04 243 2.09 10.78
INSTRUCT SFT 10.92 42.98 30.13 20.53 1.52 6.52
CPT+SFT 12.57 44.02 31.48 22.02 1.74 7.32
Base 0.56 9.41 11.01 5.78 0.48 5.60
CPT 2.02 22.25 11.28 6.65 1.12 5.69
MEDICAL SFT 2.07 21.50 18.11 10.09 0.59 7.37
CPT+SFT  1.61 17.64 19.75 10.68 0.67 6.53

Table 7: Greedy decoding results for MCQ and MCQU and BLEU/METEOR scores for OEQA across model
families and adaptation strategies. Bold denotes the best strategy and underlining the best initialization.
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greedy decoding performance, confirming that do-
main pretraining alone is insufficient without strong
instruction alignment.

This contrasts with constrained decoding, where
general and medical models occasionally remain
competitive. Under greedy decoding, instruction
tuning becomes a necessary condition for strong
performance.

MCQA Greedy Decoding Guidelines: For
greedy decoding in medical MCQA, the optimal
configuration is to start from an instruction-tuned
model and apply SFT only. CPT and CPT+SFT
offer no consistent benefit in this setting and can
be safely avoided unless constrained decoding is
explicitly required.

L2 OEQA Overlap-based Evaluation

The right part of Table 7 reports the overlap-based
metrics BLEU and METEOR. Both metrics exhibit
trends consistent with ROUGE-L, with improve-
ments primarily driven by CPT. In a few isolated
cases, CPT+SFT yields additional gains on ME-
TEOR, but with small differences with when com-
pared with CPT. Regarding model initialization,
BLEU and METEOR consistently favor instruction-
tuned models as the strongest starting point.

J Statistical Significance

We assess whether observed differences between
adaptation strategies and initialization choices are
statistically significant using paired bootstrap sig-
nificance testing. For each comparison, we com-
pute the per-instance score difference (EM for MC-
Q/MCQU; judge-based correctness for OEQA) and
report a two-sided p-value (p_two_sided). Statis-
tical significance is determined by comparing this
p-value against a predefined threshold a.. We report
results using a Bonferroni-corrected threshold to
control for multiple comparisons.

For comparisons between adaptation strategies
within a model family, we perform 12 pairwise
tests per family, yielding a corrected threshold of
QBonferroni = 0.05/12. For comparisons between
model initialization types under a fixed adaptation
strategy, we perform 9 pairwise tests per family,
yielding agonferroni = 0.05/9. The applied thresh-
old (alpha_Bonferoni) and the resulting signif-
icance decision (significant_Bonferroni) are
reported explicitly in Tables 8 and 9.

We define the mean difference as A =
score(model_a) — score(model_b) (not shown in

the tables). Therefore, if the confidence interval is
entirely above zero, model_a performs better; if it
is entirely below zero, model_b performs better. A
comparison is considered statistically significant if
the corrected decision is TRUE.

J.1 Interpretation of comparison IDs

Each row in Tables 8 and 9 corresponds to a spe-
cific pairwise comparison between two models
(model_a vs. model_b). The id field encodes the
purpose of the comparison: (i) IDs A-C com-
pare models within the same model type (GEN-
ERAL, INSTRUCT, or MEDICAL) in order to
quantify the effect of adaptation strategies (CPT,
SFT, CPT+SFT) relative to a fixed initialization.
(i) IDs D-F compare models across model types
under a fixed adaptation strategy, in order to iden-
tify the most effective initialization point (GEN-
ERAL vs. INSTRUCT vs. MEDICAL) for down-
stream adaptation.

J.2 Decoding conditions

For MCQ/MCQU, Table 8 reports significance re-
sults separately for greedy and constrained decod-
ing. For OEQA, Table 9 reports strategy-level com-
parisons under the evaluation setting used for the
main experiments.

K Near-Miss Rates in MCQA

Model MCQ MCQU
Mistral 0.203 0.202
Mistral-CPT 0.212 0.203
Mistral-SFT 0.234 0.204
Mistral-CPT-SFT 0.256 0.203
Mistral-Instruct 0.173 0.202
Mistral-Instruct-CPT 0.205 0.202
Mistral-Instruct-SFT 0.174 0.206
Mistral-Instruct-CPT-SFT ~ 0.221 0.192
BioMistral 0.181 0.205
BioMistral-CPT 0.195 0.201
BioMistral-SFT 0.220 0.211
BioMistral-CPT-SFT 0.234 0.204

Table 10: Near-miss rates for MCQ and MCQU across
Mistral variants. A near-miss corresponds to cases
where all gold answers are ranked within the top-k op-
tions but the generated answer does not match the gold
label(s). Near-miss rates remain stable across model
families and adaptation strategies, indicating that im-
provements in confidence and ranking do not directly
translate into exact prediction.

To better characterize model behavior beyond EM
accuracy in MCQA, we analyze near-miss predic-
tions. Table 10 shows the near-miss rates obtained
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B4 P Llama 2 7b-chathr comsnined 20003 417E03
B4 siT . i e 200604 417E03
[ edon T e TR0 AITEDS
o ot meditronTh ety 200804 417E03
€ cerisir o T consrined 200604 417E03
caL G2 CPTSIT meditronTh recdy 200808 417E03
MEDICAL ¢35 cprasr meditron Th-C constrined 200008 417E03
€ cprsiT meditron.Th.CPT srcedy 200004 417E03
c s ron-Th constrined 200004 417E03
4 sim meditronTh srecdy 200604 17803
D1 ST Tlama 270 charWESFT Comsraned IR0 SsE08
b1 s Llsma-270-chatheSt reedy 200604 356503
ser D2 ST meditron Th-SFT comsnined 20004 SS6E03
D2 s LLama 270-h6-SFT meditron Th-SFT srecdy 2a8E01 36503
D3 ST Llama.27o-chachE-SFT meditron Th-SFT comsnined SAE0I SRS
D3 s Llama 2 70-chathi-SFT diron T SFT recdy 200608 556503
T Thama 2 7o-char Comstraned ST 08
Llam 2 7b-chathi-CPT srcedy 19301 S56E03
crr ironTo-CPT comstrined 240002 356503
meditron Th.CPT reedy 20004 SS6E03
mediton-Th-C constrined GO20I 356503
meditron T ey 200604 SS6003
Tlama 270 chatRECPTSFT  consrined I00E0s S saE08
Llama 2 To-chathE-CPTSFT  grecdy 200604 36503
Pras meditron Th-CPT-SFT comsnined 003 SS6E03
CPTISET mediron T-CPT-SFT resdy S80S 56503
3 CPTs meditronTh-CPT-SFT comsiry SOEQ) 22MEQ 200505 SSE03 TRU
F3 CPTASFT Llama2 TchachfCPTSFT  medizon 7b-CPT-SFT arecdy LMEOL 656502 20000 S56E03 TRUE
Llama 138
AT T Lame 2T HeCPT ol ISEDT Z0IE0T TOGE0Z  ATEDS TALSE
AL CPT Liama2 13bhecPT Llama 2-13b bt srcedy 40503 FALSE
A2 CPISSFT Llama2 130 h-CPTSFT Llsma 2 13b-ht constrined RUE
. A2 CPTASFT Llama 2 130 hECPTSFT Llama 2 13b bt srcedy TRUE
GENERAL 3 CPTASFT Liuma-2-130-h-CPT-SFT Llsma 2 13b-h-CPT comstrined TRUE
a3 Llama 2-13hECPT srcedy TRUE
vl Llsma 2 13b-ht constrined TRUE
Y Llam 2 13bht sreedy TRUE
B Thama 2-130-charh Comsraned FALSE
B Llama-2-13b-chat bt s TRUE
B Llam2-13b-chat-ht TRUE
srever B Llama-2-13b-chat-ht TRUE
INSTRUCT Llam2-13b-chat-hi-CPT TRUE
s o TRUE
comstrined TRUE
sredy TRUE
comsraned FALSE
srcly FALSE
constrined TRUE
srcy TRUE
MEDICAL constrined TRUE
reedy TRUE
comsnined TRUE
sreedy TRUE
ST Tham ZTTRESTT Thams: Ery TALSE
SFT Llama 2 130 16 SFT Llam recdy TRUE
ser SFT Llama 2 130 heSFT MedLLaMA-13B-SFT comstrined 365603 FALSE.
SFT Llam MedLLAMA-135-SFT i 40303 FALSE
SFT Llam 21 3b-chat-b-SFT MedLLaMA-L3B-SFT comsrined  -S60E-03 FALSE.
SIT Ll 2 13b-chat DESFT. MedLLIMA-138-SFT redy TRUE
Tham: Er FALSE
Llam2-13b-chat-bi-CPT ety TRUE
crr NedLLIMA-135.CPT comsnined FALSE
MedLLaMA-13B-CPT reedy FALSE.
MedLLaMA135.CPT comsnined FALSE
MedLLaMA-13B-CPT srecdy TRUE
Thams 2T 30-charhCPTSTT comsiraned TALSE
Llama 2 13b-<hahECPESFT — grecdy TRUE
" MedLLIMA-138.-CPSI comstrined FALSE.
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Table 8: Significance testing for MCQ/MCQU comparisons. reported separately for greedy and constrained decoding.
Each row reports a paired bootstrap test between model_a and model_b. including the 95% confidence interval of
the mean EM difference. the two-sided p-value. and the Bonferroni-adjusted threshold with the resulting decision.
IDs A—C compare adaptation strategies within the same model type; IDs D-F compare model initializations across

types.
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id  strategy model_a model_b ci95_low  ¢i95_high p_two_sided alpha_Bonferoni significant_Bonferroni
Gemma 4B
Al CPT gemma-3-4b-pt-CPT gemma-3-4b-pt -5.05E-02 3.69E-02  5.14E-01 4.17E-03 FALSE
GENERAL A2 CPT+SFT gemma-3-4b-pt-CPT-SFT gemma-3-4b-pt -2.25E-01 1.65E-01  8.77E-01 4.17E-03 FALSE
A3 CPT+SFT gemma-3-4b-pt-CPT-SFT gemma-3-4b-pt-CPT -1.74E-01 1.31E-01  8.73E-01 4.17E-03 FALSE
A4 SFT gemma-3-4b-pt-SFT gemma-3-4b-pt -2.11E-01 1.41E-01  8.06E-01 4.17E-03 FALSE
Bl CPT gemma-3-4b-it-CPT gemma-3-4b-it -4.58E-01 -2.75E-01 2.00E-04 4.17E-03 TRUE
INSTRUCT B2 CPT+SFT gemma»3-4b-?t-CPT-SFT gemma»}%b-?t -4.58E-01 -1.41E-01 2.00E-04 4.17E-03 TRUE
B3 CPT+SFT  gemma-3-4b-it-CPT-SFT gemma-3-4b-it-CPT -4.94E-03 1.41E-01  6.44E-02 4.17E-03 FALSE
B4 SFT gemma-3-4b-it-SFT gemma-3-4b-it -3.81E-01 -2.06E-01 2.00E-04 4.17E-03 TRUE
Cl1 CPT medgemma-4b-pt-CPT medgemma-4b-pt -3.46E-01 -9.28E-02 2.00E-04 4.17E-03 TRUE
MEDICAL C2 CPT+SFT medgemma-4b-pt-CPT-SFT medgemma-4b-pt-CPT 3.71E-02  1.63E-01  2.00E-04 4.17E-03 TRUE
C3 CPT+SFT medgemma-4b-pt-CPT-SFT medgemma-4b-pt -2.79E-01 3.51E-02  1.20E-01 4.17E-03 FALSE
C4 SFT medgemma-4b-pt-SFT medgemma-4b-pt -1.88E-01 -1.94E-04 3.96E-02 4.17E-03 FALSE
D1 SFT gemma-3-4b-pt-SFT gemma-3-4b-it-SFT -3.40E-02 6.17E-02  7.03E-01 5.56E-03 FALSE
SFT D2 SFT gemma-3-4b-pt-SFT medgemma-4b-pt-SFT 4.05E-02  9.53E-02  2.00E-04 5.56E-03 TRUE
D3 SFT gemma-3-4b-it-SFT medgemma-4b-pt-SFT 2.34E-02  9.61E-02  2.00E-04 5.56E-03 TRUE
El1 CPT gemma-3-4b-pt-CPT gemma-3-4b-it-CPT 4.04E-03  243E-01  4.24E-02 5.56E-03 FALSE
CPT E2 CPT gemma-3-4b-pt-CPT medgemma-4b-pt-CPT 9.44E-02  4.14E-01  2.00E-04 5.56E-03 TRUE
E3 CPT gemma-3-4b-it-CPT medgemma-4b-pt-CPT 6.99E-02  1.63E-01  2.00E-04 5.56E-03 TRUE
F1 CPT+SFT gemma-3-4b-pt-CPT-SFT gemma-3-4b-it-CPT-SFT 5.49E-03  7.53E-02  6.80E-03 5.56E-03 FALSE
CPT+SFT  F2 CPT+SFT gemma-3-4b-pt-CPT-SFT medgemma-4b-pt-CPT-SFT 7.33E-02  1.95E-01  2.00E-04 5.56E-03 TRUE
F3 CPT+SFT gemma-3-4b-it-CPT-SFT medgemma-4b-pt-CPT-SFT 3.56E-02  1.55E-01  2.00E-04 5.56E-03 TRUE
Mistral 7B
Al CPT Mistral-7B-v0.1-CPT Mistral-7B-v0.1 -1.74E-01 5.41E-02  6.35E-01 4.17E-03 FALSE
GENERAL A2 CPT+SFT Mistral-7B-v0.1-CPT-SFT Mistral-7B-v0.1 -2.09E-01 1.37E-01  8.37E-01 4.17E-03 FALSE
A3 CPT+SFT Mistral-7B-v0.1-CPT-SFT Mistral-7B-v0.1-CPT -8.42E-02 9.06E-02  9.22E-01 4.17E-03 FALSE
A4 SFT Mistral-7B-v0.1-SFT Mistral-7B-v0.1 -2.32E-01 1.02E-01  6.17E-01 4.17E-03 FALSE
Bl CPT Mistral-7B-Instruct-v0.1-CPT Mistral-7B-Instruct-v0.1 -4.68E-02 1.69E-01  1.48E-01 4.17E-03 FALSE
INSTRUCT B2 CPT+SFT  Mistral-7B-Instruct-v0.1-CPT-SFT  Mistral-7B-Instruct-v0.1-CPT -7.19E-02 -3.74E-02 2.00E-04 4.17E-03 TRUE
B3 CPT+SFT Mistral-7B-Instruct-v0.1-CPT-SFT  Mistral-7B-Instruct-v0.1 -1.15E-01 1.34E-01  7.76E-01 4.17E-03 FALSE
B4 SFT Mistral-7B-Instruct-v0.1-SFT Mistral-7B-Instruct-v0.1 -2.64E-01 1.30E-02  1.29E-01 4.17E-03 FALSE
C1 CPT BioMistral-7B-CPT BioMistral-7B -1.74E-01 7.18E-02  6.52E-01 4.17E-03 FALSE
MEDICAL C2 CPT+SFT BioMistral-7B-CPT-SFT BioMistral-7B -3.40E-02 1.03E-01  2.42E-01 4.17E-03 FALSE
C3 CPT+SFT BioMistral-7B-CPT-SFT BioMistral-7B-CPT 1.04E-02  1.31E-01  9.00E-03 4.17E-03 FALSE
C4 SFT BioMistral-7B-SFT BioMistral-7B -1.41E-01 4.33E-02  4.24E-01 4.17E-03 FALSE
D1 SFT Mistral-7B-v0.1-SFT Mistral-7B-Instruct-v0.1-SFT 2.14E-02  9.83E-02  2.00E-04 5.56E-03 TRUE
SFT D2 SFT Mistral-7B-Instruct-v0.1-SFT BioMistral-7B-SFT -3.04E-02 4.71E-02  7.02E-01 5.56E-03 FALSE
D3 SFT Mistral-7B-v0.1-SFT BioMistral-7B-SFT 4.48E-02  7.93E-02  2.00E-04 5.56E-03 TRUE
El CPT Mistral-7B-v0.1-CPT Mistral-7B-Instruct-v0.1-CPT -1.51E-01 -9.28E-02 2.00E-04 5.56E-03 TRUE
CPT E2 CPT Mistral-7B-v0.1-CPT BioMistral-7B-CPT -2.97E-02 1.67E-01  2.44E-01 5.56E-03 FALSE
E3 CPT Mistral-7B-Instruct-v0.1-CPT BioMistral-7B-CPT 1.02E-01  3.12E-01  2.00E-04 5.56E-03 TRUE
F1 CPT+SFT Mistral-7B-v0.1-CPT-SFT Mistral-7B-Instruct-v0.1-CPT-SFT  -1.25E-01 -1.04E-02  7.40E-03 5.56E-03 FALSE
CPT+SFT  F2 CPT+SFT  Mistral-7B-v0.1-CPT-SFT BioMistral-7B-CPT-SFT -2.23E-02 3.51E-02  8.31E-01 5.56E-03 FALSE
F3 CPT+SFT Mistral-7B-Instruct-v0.1-CPT-SFT ~ BioMistral-7B-CPT-SFT 4.40E-02 1.07E-01  2.00E-04 5.56E-03 TRUE
LLAMA-7 FAMILY
Al CPT Llama-2-7b-hf-CPT Llama-2-7b-hf -1.17E-01  2.53E-03  7.46E-02 4.17E-03 FALSE
GENERAL A2 CPT+SFT LLama-2-7b-hf-CPT-SFT Llama-2-7b-hf-CPT 4.46E-02  1.40E-01  2.00E-04 4.17E-03 TRUE
A3 CPT+SFT LLama-2-7b-hf-CPT-SFT Llama-2-7b-hf -5.92E-02 9.36E-02  5.18E-01 4.17E-03 FALSE
A4 SFT LLama-2-7b-hf-SFT Llama-2-7b-hf -9.58E-02 5.00E-02  8.01E-01 4.17E-03 FALSE
Bl CPT Llama-2-7b-chat-hf-CPT Llama-2-7b-chat-hf -1.05E-01  7.92E-02  7.39E-01 4.17E-03 FALSE
INSTRUCT B2 CPT+SFT Llama-2-7b-chat-hf-CPT-SFT Llama-2-7b-chat-hf -491E-02 7.67E-02  4.88E-01 4.17E-03 FALSE
B3 CPT+SFT Llama-2-7b-chat-hf-CPT-SFT Llama-2-7b-chat-hf-CPT -3.13E-02  6.42E-02  3.87E-01 4.17E-03 FALSE
B4 SFT Llama-2-7b-chat-hf-SFT Llama-2-7b-chat-hf -2.67E-01 2.10E-03  8.08E-02 4.17E-03 FALSE
C1 CPT meditron-7b-CPT meditron-7b -8.36E-03 1.95E-02  4.18E-01 4.17E-03 FALSE
MEDICAL C2 CPT+SFT meditron-7b-CPT—SFT med%tron»7b 3.69E-03 9.40E-02  4.08E-02 4.17E-03 FALSE
C3 CPT+SFT meditron-7b-CPT-SFT meditron-7b-CPT -1.49E-02 9.99E-02  1.30E-01 4.17E-03 FALSE
C4 SFT meditron-7b-SFT meditron-7b -9.43E-02 3.43E-02  4.08E-01 4.17E-03 FALSE
D1 SFT LLama-2-7b-hf-SFT Llama-2-7b-chat-hf-SFT -9.81E-02 -2.37E-02 2.00E-04 5.56E-03 TRUE
SFT D2 SFT LLama-2-7b-hf-SFT meditron-7b-SFT -3.18E-02 -4.98E-03 7.80E-03 5.56E-03 FALSE
D3 SFT Llama-2-7b-chat-hf-SFT meditron-7b-SFT -4.93E-03 8.30E-02  1.49E-01 5.56E-03 FALSE
El1 CPT Llama-2-7b-hf-CPT Llama-2-7b-chat-hf-CPT -2.96E-01 -1.31E-01  2.00E-04 5.56E-03 TRUE
CPT E2 CPT Llama-2-7b-hf-CPT meditron-7b-CPT -1.37E-01 -3.73E-02  2.00E-04 5.56E-03 TRUE
E3 CPT Llama-2-7b-chat-hf-CPT meditron-7b-CPT 8.64E-02  1.72E-01  2.00E-04 5.56E-03 TRUE
F1 CPT+SFT LLama-2-7b-hf-CPT-SFT Llama-2-7b-chat-hf-CPT-SFT -2.83E-01 -5.47E-02 2.00E-04 5.56E-03 TRUE
CPT+SFT  F2 CPT+SFT LLama-2-7b-hf-CPT-SFT meditron-7b-CPT-SFT -7.39E-02 -3.20E-02 2.00E-04 5.56E-03 TRUE
F3 CPT+SFT Llama-2-7b-chat-hf-CPT-SFT meditron-7b-CPT-SFT 6.85E-03  2.06E-01  7.00E-03 5.56E-03 FALSE
Llama 13B
Al CPT Llama-2-13b-hf-CPT Llama-2-13b-hf -9.64E-02 -2.62E-02 2.00E-04 4.17E-03 TRUE
GENERAL A2 CPT+SFT Llama-2-13b-hf-CPT-SFT Llama-2-13b-hf -1.25E-02  1.84E-01  1.19E-01 4.17E-03 FALSE
A3 CPT+SFT Llama-2-13b-hf-CPT-SFT Llama-2-13b-hf-CPT 6.32E-02  2.31E-01  2.00E-04 4.17E-03 TRUE
A4 SFT Llama-2-13b-hf-SFT Llama-2-13b-hf -3.35E-02 9.53E-02  4.87E-01 4.17E-03 FALSE
Bl CPT Llama-2-13b-chat-hf-CPT Llama-2-13b-chat-hf -1.03E-02 1.32E-01  1.44E-01 4.17E-03 FALSE
INSTRUCT B2 CPT+SFT L]ama-2-le-chal-hf-CPT-SFT L]ama-Z-I3b-chal-hf- -3.25E-01 6.12E-02  4.22E-01 4.17E-03 FALSE
B3 CPT+SFT Llama-2-13b-chat-hf-CPT-SFT Llama-2-13b-chat-hf-CPT -3.19E-01 -6.80E-02 2.00E-04 4.17E-03 TRUE
B4 SFT Llama-2-13b-chat-hf-SFT Llama-2-13b-chat-hf -3.78E-01 -4.44E-03  4.28E-02 4.17E-03 FALSE
C1 CPT MedLLaMA-13B-CPT MedLLaMA_13B 8.59E-03  3.82E-02  9.60E-03 4.17E-03 FALSE
MEDICAL C2 CPT+SFT MedLLaMA-13B-CPT-SFT MedLLaMA_13B -7.65E-03 1.81E-01  1.50E-01 4.17E-03 FALSE
C3 CPT+SFT MedLLaMA-13B-CPT-SFT MedLLaMA-13B-CPT -2.00E-02 1.43E-01  1.48E-01 4.17E-03 FALSE
C4 SFI MedLLaMA-13B-SFT MedLLaMA_13B -4770E-02 9.93E-02  3.78E-01 4.17E-03 FALSE
D1 SFT Llama-2-13b-hf-SFT Llama-2-13b-chat-hf-SFT 5.63E-03  5.57E-02  2.00E-04 5.56E-03 TRUE
SFT D2 SFT Llama-2-13b-hf-SFT MedLLaMA-13B-SFT -2.49E-02 4.98E-02  6.34E-01 5.56E-03 FALSE
D3 SFT Llama-2-13b-chat-hf-SFT MedLLaMA-13B-SFT -7.22E-02  1.13E-02  6.27E-01 5.56E-03 FALSE
El1 CPT Llama-2-13b-hf-CPT Llama-2-13b-chat-hf-CPT -4.04E-01 -2.38E-01 2.00E-04 5.56E-03 TRUE
CPT E2 CPT Llama-2-13b-hf-CPT MedLLaMA-13B-CPT -9.08E-02 -6.25E-02  2.00E-04 5.56E-03 TRUE
E3 CPT Llama-2-13b-chat-hf-CPT MedLLaMA-13B-CPT 1.63E-01  3.21E-01  2.00E-04 5.56E-03 TRUE
F1 CPT+SFT Llama-2-13b-hf-CPT-SFT Llama-2-13b-chat-hf-CPT-SFT -4.38E-02 4.50E-02  8.76E-01 5.56E-03 FALSE
CPT+SFT  F2 CPT+SFT Llama-2-13b-hf-CPT-SFT MedLLaMA-13B-CPT-SFT -2.24E-02 3.90E-02  5.73E-01 5.56E-03 FALSE
F3 CPT+SFT Llama-2-13b-chat-hf-CPT-SFT MedLLaMA-13B-CPT-SFT -1.39E-02 2.73E-02  5.62E-01 5.56E-03 FALSE

Table 9: Significance testing for OEQA comparisons.
model_a and model_b, including the 95% confidence interval of the mean difference (ci95_low, ci95_high),
the two-sided p-value, and the Bonferroni-adjusted threshold (alpha_Bonferoni) with the resulting decision
(significant_Bonferroni). IDs A—C compare adaptation strategies within the same model type; IDs D-F com-
pare model initializations across types.
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Each row reports a paired bootstrap test between



for MCQ and MCQU across different Mistral-
based model variants and adaptation strategies.

L OEQA Evaluation: Verbosity Bias

To investigate verbosity bias in OEQA, we compute
descriptive statistics of generated answer lengths
across all models. Table 11 reports mean, me-
dian, and standard deviation of word and character
counts over greedy OEQA outputs.

M English vs. French Benchmarks: Full
Numeric Results

The main paper reports averaged results using con-
strained decoding (Figure 2). Table 12 provides
the complete numeric EM results for both greedy
and constrained decoding on the native English
MCQU benchmarks (MCQU-EN) and their French
translations (MCQU-FR).

M.1 Greedy decoding analysis

The greedy decoding results reported in Table 12
exhibit the same overall tendencies as those ob-
served under constrained decoding in section 5. For
the Mistral family, greedy decoding consistently
yields higher performance on the French transla-
tions than on the original English benchmarks, both
before and after adaptation. Conversely, Gemma
and Llama models generally perform better on na-
tive English benchmarks under greedy decoding,
and this advantage is preserved after French medi-
cal adaptation.

As with constrained decoding, adaptation on
French medical data improves performance in both
languages under greedy decoding, indicating ef-
fective cross-lingual transfer. While absolute EM
scores differ between decoding strategies, greedy
decoding generally producing lower scores, the rel-
ative ordering between English and French bench-
marks and the direction of adaptation effects re-
main consistent. These results suggest that the
cross-lingual patterns reported in the main paper
are robust to the choice of decoding strategy.

M.2 Significance testing (English vs. French)

To assess whether the English—French performance
gaps are statistically significant, we perform paired
significance testing separately for each model con-
figuration, i.e., for each combination of (model fam-
ily/type, adaptation strategy, decoding type). For
each configuration, we compute the per-item EM
difference between MCQU-EN and MCQU-FR on

matched translated instances, and estimate a 95%
confidence interval for the mean difference together
with a two-sided p-value. Because each test com-
pares a model strictly with itself across languages
and each English—French pair is independent of the
others, we do not apply a Bonferroni correction.
Table 13 reports the resulting confidence intervals
and significance decisions.

N Effect of Translated Benchmarks on
Performance and Confidence

Ap_max_wrong (Translated-Native)

AEM (Translated- Native)

Figure 5: Relationship between accuracy gain (AEM)
and change in confidence on incorrect predictions
(APmax,wrong) between the translated and native bench-
marks. Positive values of Appax wrong indicate in-
creased confidence on incorrect predictions.

O Computational Resources and
Environmental Impact

Table 14 summarizes the computational resources
and environmental impact associated with each
adaptation strategy, aggregated by model size. For
clarity and conciseness, we do not report the con-
sumption of each individual training run. Instead,
we provide a representative summary per model
size and per adaptation strategy. In total, 36 train-
ing runs were performed across all experiments.
The CPT+SFT strategy is not reported as a sep-
arate entry in the table, as its computational cost
and environmental impact correspond to the sum
of the CPT and SFT phases. Reporting CPT and
SFT independently therefore fully characterizes the
overall resource usage of the combined strategy.
We report, for each configuration, the dataset
size, number of epochs, batch size, GPU type, GPU
memory, number of GPUs, total training time, esti-
mated carbon emissions (in gCO9e), and estimated
monetary cost (in USD). Carbon emissions and
cost estimates are derived from documented power
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Model Type Strategy mean_words std_words median_words mean_chars std_chars median_chars

Gemma-4B
Base 243,30 123,00 288,00 1616,51 798,74 1,927,00
CPT 107,81 122,82 37,00 720,79 806,61 245,00
GENERAL SFT 176,70 127,77 204,00 1182,16 877,20 1153,00
CPT+SFT 279,84 87,77 300,00 1884,34 649,64 2076,00
Base 261,62 67,98 282,00 1819,58 473,70 1 985,00
CPT 266,87 98,66 286,00 1763,62 576,08 1 878,00
INSTRUCT SFT 243,03 65,58 261,00 3513,80 827,10 3326,00
CPT+SFT 183,16 98,86 207,00 3497,45 1680,82 2632,00
Base 208,62 122,41 205,00 1371,82 793,35 1431,00
CPT 216,10 142,15 264,00 1308,81 861,75 1661,00
MEDICAL SFT 271,22 97,47 292,00 1796,17 705,16 1982,00
CPT+SFT 282,47 48,88 283,00 1825,36 519,84 1 954,00
Mistral-7B
Base 212,56 58,84 224,00 1 466,40 329,83 1502,00
CPT 173,15 84,30 193,00 1102,15 536,40 1,321,50
GENERAL SFT 130,36 90,43 138,00 884,67 603,37 906,00
CPT+SFT 226,60 31,85 229,00 1508,78 236,78 1527,00
Base 134,18 74,11 125,00 876,12 476,77 812,00
CPT 67,79 7591 37,00 447,32 481,36 244,00
INSTRUCT SFT 19,59 14,19 19,00 138,75 100,30 136,00
CPT+SFT 168,09 77,91 199,00 1112,24 499,35 1314,00
Base 66,26 76,56 37,00 443,89 500,84 250,00
CPT 99,03 102,06 41,00 651,69 650,72 279,00
MEDICAL SFT 128,83 98,75 159,00 855,12 657,31 950,00
CPT+SFT 132,20 91,72 129,00 909,46 619,60 859,00
Llama-7B
Base 206,13 67,03 222,00 1358,82 392,59 1459,00
CPT 41,99 78,06 8,00 269,34 490,77 56,00
GENERAL SFT 219,26 35,68 220,00 1399,00 266,52 1441,00
CPT+SFT 217,98 50,08 224,00 1376,29 353,15 1442,00
Base 233,79 66,58 244,00 1513,45 433,69 1586,00
CPT 72,29 87,21 26,00 483,67 572,37 180,00
INSTRUCT SFT 18,24 14,33 18,00 126,03 93,60 127,00
CPT+SFT 123,65 86,95 106,00 859,20 581,43 784,00
Base 227,34 40,78 230,00 1498,30 211,08 1522,50
CPT 130,92 104,72 128,00 847,07 671,76 1 008,00
MEDICAL SFT 204,04 40,98 209,00 1350,16 345,45 1431,00
CPT+SFT 216,96 38,84 220,00 1416,50 301,18 1 466,00
Llama-13B
Base 168,15 44,63 146,00 1144,75 260,69 1 020,00
CPT 26,19 53,89 9,00 173,89 351,27 58,00
GENERAL SFT 218,99 36,11 219,00 1440,23 300,92 1523,00
CPT+SFT 225,12 36,23 228,00 1429,25 280,81 1482,00
Base 226,32 60,72 235,00 1471,46 396,55 1529,00
CPT 79,32 80,61 45,00 528,55 526,68 303,00
INSTRUCT SFT 17,34 10,39 18,00 121,18 74,56 129,00
CPT+SFT 19,79 17,18 19,00 141,49 132,88 136,00
Base 217,49 47,81 221,00 1429,19 269,92 1 459,00
CPT 65,17 92,92 13,00 431,03 597,64 92,00
MEDICAL SFT 206,21 53,97 219,00 1394,11 392,06 1505,00
CPT+SFT 215,44 37,48 220,00 1351,46 345,39 1402,50

Table 11: Output length statistics for OEQA generations across model families, initialization types (GENER-
AL/INSTRUCT/MEDICAL), and adaptation strategies (Base, CPT, SFT, CPT+SFT). We report the mean, standard
deviation, and median number of words and characters per generated answer. Bold values highlight, within each
block, the maximum value for the corresponding statistic.
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MCQU-FR MCQU-EN
Model Type Strategy Greedy Constrained | Greedy Constrained
EM EM
Gemma-4B
Base 576 26.63 1.60 4122
CPT 8.54 25.60 1277 40.10
GENERAL — crr 900 32.82 51.60 51.60
CPT+SFT  19.55 32.73 5142 5142
Base 2938 29.76 47.89 47.94
CPT 1.36 2428 1.39 23.43
INSTRUCT i 3538 32.46 48.74 48.74
CPT+SFT 3031 30.38 39.17 39.17
Base 1150 2643 0.04 3247
CPT 1094 2471 7.64 23.85
MEDICAL 17.81 30.77 45.03 45.03
CPT+SFT  17.41 30.50 40.14 40.14
Mistral-7B
Base 451 28.96 134 %6.15
CPT 1384 27.15 6.00 25.20
GENERAL (.0 988 32.98 7.77 27.00
CPT+SFT  19.47 3222 9.58 27.39
Base  21.58 2551 5.96 25.10
CPT 2865 29.69 6.90 25.51
INSTRUCT (o 3164 3174 7.18 26.38
CPT+SFT  29.94 30.11 6.75 2521
Base  13.52 26.88 545 25.69
CPT 1210 25.49 6.05 2432
MEDICAL G yg4s 31.64 7.10 26.28
CPT+SFT 1930 3233 7.43 26.90
Llama-7B
Base  9.38 25.48 346 25.107
CPT 6.00 2527 2114 28.56
GENERAL — ¢rp 574 28.61 32.86 32.87
CPT+SFT  16.97 29.77 3925 39.25
Base  0.00 2434 0.00 2344
CPT 0.00 2429 0.00 23.49
INSTRUCT  oip 95 29.58 3873 3873
CPT+SFT  0.00 24.54 0.00 23.45
Base 035 24.19 0.98 23.68
CPT 1197 25.14 0.09 24.96
MEDICAL & 733 3027 36.80 36.80
CPT+SFT 1829 31.60 36.53 36.53
Llama-13B
Base  11.20 2551 16.55 3483
CPT 1068 26.64 20.79 3721
GENERAL (.0 455 30.18 4322 4322
CPT+SFT 18.27 31.41 43.62 43.62
Base 000 21.68 0.00 23.60
CPT 0.00 24.57 0.00 24.85
INSTRUCT (i 5004 30.10 46.99 46.99
CPT+SFT  31.42 31.51 4657 4657
Base 1031 2397 12.48 2428
CPT 1022 2337 10.01 30.87
MEDICAL & 673 29.88 w7 37
CPT+SFT 1824 31.32 273 4273

Table 12: Cross-lingual comparison between native En-
glish MCQU benchmarks (MCQU-EN) and their French
translations (MCQU-FR), reported as EM (%). Results
are shown for both greedy and constrained decoding.
For each row and decoding type, bold values indicate
the higher EM between MCQU-FR and MCQU-EN.

consumption profiles and usage costs of the under-
lying high-performance computing infrastructure.
All experiments were conducted on the Jean Zay
supercomputer operated by GENCI-IDRIS’ .

0.1 Analysis

Overall, the results highlight a clear contrast be-
tween CPT and SFT in terms of computational cost
and environmental impact. CPT is consistently the
most resource-intensive strategy, driven by large-
scale datasets, longer effective compute time, and
high degrees of GPU parallelism.

In contrast, SFT incurs substantially lower emis-
sions and monetary costs across all model sizes.
This difference is not only due to the smaller dataset
size, but also to the use of parameter-efficient fine-
tuning: SFT is implemented with DoRA adapters
rather than full weight updates, significantly reduc-
ing both memory usage and energy consumption.
Despite longer wall-clock durations in some con-
figurations, the overall compute footprint of SFT
remains markedly lower than that of CPT.

As model size increases, CPT costs grow rapidly,
particularly for the 13B setting, where energy con-
sumption and carbon emissions increase sharply.
SFT, while also scaling with model size, re-
mains comparatively efficient due to its parameter-
efficient design. These findings underscore the
importance of adaptation strategies that balance
performance gains with computational and environ-
mental sustainability.

P Pretraining Data Contamination Study:
Was NACHOS Seen During
Pretraining?

Because most of the base models we evaluate
(Gemma, MedGemma, Mistral, and Llama) do
not disclose their full pretraining mixtures, we
conducted a small contamination study to probe
whether the French biomedical NACHOS corpus
may have been included (or partially included) in
their pretraining data. This appendix reports two
complementary, lightweight detection protocols in-
spired by the broader literature on memorization
and pretraining-data detection in large language
models (Ravaut et al., 2024)

7http://www.idris.fr/docs/jean—zay/jean—zay/
jean-zay-presentation/
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Model Type _ Strategy Model Decoding Type  ci95_low  ci95_high p_two_sided _Significant

Gemma-4B
Base ‘emma-3-4b-pt greedy 257602 6,426-02 2,00E-04  TRUE
Base gemma-3-4b-pt constrained -1.97E-01  -9,55E-02 2,00E-04 TRUE
CPT gemma-3-4b-pt-CPT greedy -6,57E-02  -1,71E-02 2,20E-03 TRUE
GENERAL CPT gemma-3-4b-pt-CPT constrained -1,.86E-01  -1,01E-01 2,00E-04 TRUE
CPT+SFT  gemma-3-4b-CPT-SFT greedy -4,01E-01  -2,18E-01 2,00E-04 TRUE
CPT+SFT  gemma-3-4b-CPT-SFT constrained -248E-01  -1,14E-01 2,00E-04 TRUE
SFT gemma-3-4b-pt-SFT greedy -3.98E-01  -2,19E-01 2,00E-04 TRUE
SFT gemma-3-4b-pt-SFT constrained -2,50E-01  -1,17E-01 2,00E-04 TRUE
Base gemma-3-4b-it greedy -2,31E-01  -1,36E-01 2,00E-04 TRUE
Base gemma-3-4b-it constrained -2,27E-01 2,00E-04 TRUE
CPT gemma-3-4b-it-CPT greedy -8,82E-03 9,70E-01 FALSE
CPT gemma-3-4b-it-CPT constrained -1,89E-02 6,71E-01 FALSE
INSTRUCT CPT+SFT  gemma-3-4b-it-CPT-SFT greedy -1,14E-01 2,00E-04 TRUE
CPT+SFT  gemma-3-4b-it-CPT-SFT constrained -1,14E-01 2,00E-04 TRUE
SFT gemma-3-4b-it-SFT greedy -2,22E-01  -9,37E-02 2,00E-04 TRUE
SFT gemma-3-4b-it-SFT constrained -2,20E-01  -9,53E-02 2,00E-04 TRUE
Base ‘medgemma-4b-pt greedy 6,05E-02  2,00E-01 2,00E-04  TRUE
Base medgemma-4b-pt constrained -1,05E-01  -6,63E-03 2,94E-02 TRUE
CPT medgemma-4b-pt-CPT greedy -8,53E-03  9,14E-02 I71IE01  FALSE
MEDICAL CPT medgemma-4b-pt-CPT constrained -145E-02  4,11E-02 6,29E-01 FALSE
CPT+SFT  medgemma-4b-pt-CPT-SFT greedy 2,92E-01  -1,50E-01 2,00E-04  TRUE
CPT+SFT  medgemma-4b-pt-CPT-SFT constrained -1.39E-01  -4,81E-02 4,00E-04 TRUE
medgemma-4b-pt-SFT greedy 343E-01  -1,90E-01 2,00E-04  TRUE
d; 4b-pt-SFT constrained -1.93E-01  -8,67E-02 2,00E-04 TRUE
Mistral-7B
Base Mistral-7B-v0.1 greedy -1,62E-02  1,20E-01 6,98E-01 FALSE
Base Mistral-7B-v0.1 constrained 8,39E-02 1,70E-01 2,00E-04 TRUE
CPT Mistral-7B-v0.1-CPT greedy 3,64E-02 1,48E-01 2,00E-04 TRUE
GENERAL CPT Mistral-7B-v0.1-CPT constrained 7,59E-02 1,43E-01 2,00E-04 TRUE
CPT+SFT  Mistral-7B-v0.1-CPT-SFT greedy 5,94E-02 1,61E-01 2,00E-04 TRUE
CPT+SFT  Mistral-7B-v0.1-CPT-SFT constrained 4,90E-02 1,04E-01 2,00E-04 TRUE
SFT Mistral-7B-v0.1-SFT greedy 7,77E-02 1,92E-01 2,00E-04 TRUE
SFT Mistral-7B-v0.1-SFT constrained 5,74E-02 1,29E-01 2,00E-04 TRUE
Base Mistral-7B-Instruct-v0.1 greedy 1.30E-01  1.83E-01 2,00E-04 TRUE
Base Mistral-7B-Instruct-v0.1 constrained 1.21E-01  1,60E-01 2,00E-04 TRUE
CPT Mistral-7B-Instruct-v0.1-CPT greedy 1,74E-01  2,62E-01 2,00E-04 TRUE
INSTRUCT CPT M?alral—7B—Insu'ucl—\'O.l—CPT constrained 9,71E-02  1,73E-01 2,00E-04 TRUE
CPT+SFT  Mistral-7B-Instruct-v0.1-CPT-SFT  greedy 1.83E-01  2,94E-01 2,00E-04 TRUE
CPT+SFT  Mistral-7B-Instruct-v0.1-CPT-SFT  constrained 6,43E-02  1,42E-01 2,00E-04 TRUE
SFT Mistral-7B-Instruct-v0.1-SFT greedy 1,92E-01  3,03E-01 2,00E-04 TRUE
SFT Mistral-7B-Instruct-v0.1-SFT constrained 7.81E-02  1,56E-01 2,00E-04 TRUE
Base BioMistral-7B greedy 4,88E-02  1,29E-01 2,00E-04 TRUE
Base BioMistral-7B constrained 1,21E-01 1,63E-01 2,00E-04 TRUE
CPT BioMistral-7B-CPT greedy 347E-02  9,30E-02 2,00E-04 TRUE
MEDICAL CPT BioMistral-7B-CPT constrained 9,18E-02  1,20E-01 2,00E-04 TRUE
CPT+SFT  BioMistral-7B-CPT-SFT greedy 6,82E-02  2,06E-01 2,00E-04 TRUE
CPT+SFT  BioMistral-7B-CPT-SFT constrained 8,89E-02  1,88E-01 2,00E-04 TRUE
SFT BioMistral-7B-SFT greedy 6,71E-02  1,94E-01 2,00E-04 TRUE
SFT BioMistral-7B-SFT constrained 8,33E-02 1,68E-01 2,00E-04 TRUE
Llama-7B
Base Llama-2-7b-hf greedy 1,22E-02  1,24E-01 6,60E-03 TRUE
Base Llama-2-7b-hf constrained 3,53E-02 8,46E-01 FALSE
CPT Llama-2-7b-hf-CPT greedy -6,14E-02 4,00E-03 TRUE
GENERAL CPT Llama-2-7b-hf-CPT constrained 1,19E-01 3,12E-01 FALSE
CPT+SFT  LLama-2-7b-hf-CPT-SFT greedy -2,93E-01  -1,33E-01 2,00E-04 TRUE
CPT+SFT  LLama-2-7b-hf-CPT-SFT constrained -1.49E-01  -3,08E-02 4,20E-03 TRUE
SFT LLama-2-7b-hf-SFT greedy -2,27E-01  -9,34E-02 4,00E-04 TRUE
SFT LLama-2-7b-hf-SFT constrained -8,38E-02  7,10E-03 8,72E-02 FALSE
Base Llama-2-7b-chat-hf greedy 0,00E+00  0,00E+00 1,O0E+00 FALSE
Base Llama-2-7b-chat-hf constrained 1,84E-01 3,09E-01 2,00E-04 TRUE
CPT Llama-2-7b-chat-hf-CPT greedy 0,00E+00 1,02E-04 7,23E-01 FALSE
INSTRUCT CPT Llama-2-7b-chat-hf-CPT constrained 527E-02  2,03E-01 2,00E-04 TRUE
CPT+SFT  Llama-2-7b-chat-hf-CPT-SFT greedy 0,00E+00  6,80E-05 7,01E-01 FALSE
CPT+SFT  Llama-2-7b-chat-hf-CPT-SFT constrained 8,66E-02 1,40E-01 2,00E-04 TRUE
SFT Llama-2-7b-chat-hf-SFT greedy -1,32E-01  -3,94E-02 1,20E-03 TRUE
SFT Llama-2-7b-chat-hf-SFT constrained -1,31E-01  -3,80E-02 1,20E-03 TRUE
Base meditron-7b greedy -1,03E-02  -2,51E-03 1,00E-03 TRUE
Base meditron-7b constrained -142E-02  3,19E-02 5,00E-01 FALSE
CPT meditron-7b-CPT greedy -6,55E-03  1,08E-01 3,98E-01 FALSE
MEDICAL CPT meditron-7b-CPT constrained 2,15E-03  6,87E-02 3,58E-02 TRUE
CPT+SFT  meditron-7b-CPT-SFT greedy -2,61E-01 -7,38E-02 1,80E-03 TRUE
CPT+SFT  meditron-7b-CPT-SFT constrained -1,05E-01  2,86E-02 1,86E-01 FALSE
SFT meditron-7b-SFT greedy -2,64E-01  -1,02E-01 2,00E-04 TRUE
SFT meditron-7b-SFT constrained -1,15E-01  -3,59E-03 4,00E-02 TRUE
Llama-13B
Base Llama-2-13b-hf greedy -1,31E-01 5,40E-02 2,74E-01 FALSE
Base Llama-2-13b-hf constrained -1,35E-01  -4,79E-02 4,00E-04 TRUE
CPT 13b-hf-CPT greedy -2,65E-01  -1,00E-01 2,00E-04 TRUE
GENERAL CPT 13b—h(:—CPT constrained -1,09E-01 2,30E-02 1,58E-01 FALSE
CPT+SFT 13b-hf-CPT-SFT greedy -331E-01  -1,52E-01 2,00E-04 TRUE
CPT+SFT 2-13b-hf-CPT-SFT constrained -1,82E-01  -5,08E-02 1,60E-03 TRUE
SFT 2-13b-hf-SFT greedy -330E-01 -1,68E-01 2,00E-04 TRUE
SFT constrained -1,87E-01  -6,61E-02 2,00E-04 TRUE
Base greedy 0.00E+00  0,00E+00 1,00E+00 FALSE
Base constrained -479E-02  2,61E-03 1,06E-01 FALSE
CPT Llama-2-13b-chat-hf-CPT greedy 0,00E+00  0,00E+00 1,00E+00 FALSE
INSTRUCT CPT Llama-2-13b-chat-hf-CPT constrained -2,29E-02  2,51E-02 7,65E-01 FALSE
CPT+SFT 13b-chat-hf-CPT-SFT greedy -2,09E-01  -7,94E-02 4,00E-04 TRUE
CPT+SFT  Llama-2-13b-chat-hf-CPT-SFT constrained -2,06E-01  -7,95E-02 2,00E-04 TRUE
SFT Llama-2-13b-chat-hf-SFT greedy -2,21E-01  -1,15E-01 2,00E-04 TRUE
SFT Llama-2-13b-chat-hf-SFT constrained -2,20E-01  -1,16E-01 2,00E-04 TRUE
Base MedLLaMA_13B greedy -8,31E-02  4,03E-02 4,90E-01 FALSE
Base MedLLaMA_13B constrained -2,46E-02 1,98E-02 7,65E-01 FALSE
CPT MedLLaMA-13B-CPT greedy -3,43E-02  3,73E-02 8,95E-01 FALSE
MEDICAL CPT MedLLaMA-13B-CPT constrained -1,L10E-01  -4,51E-02 2,00E-04 TRUE
CPT+SFT MedLLaMA-13B-CPT-SFT greedy -3,14E-01  -1,60E-01 2,00E-04 TRUE
CPT+SFT MedLLaMA-13B-CPT-SFT constrained -1,68E-01  -5,56E-02 1,40E-03 TRUE
SFT MedLLaMA-13B-SFT greedy -2,76E-01  -1,29E-01 2,00E-04 TRUE
SFT MedLLaMA-13B-SFT constrained -127E-01  -2,23E-02 7,20E-03 TRUE

Table 13: Paired significance testing between MCQU-EN and MCQU-FR for each model configuration (model,
strategy, and decoding type). Reported values are the 95% confidence interval of the mean EM difference and the
corresponding two-sided two-sided p-value; Significant indicates whether the difference is statistically significant.
We define the difference as (FR — EN), such that positive values indicate higher performance in French.
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Model Size Strategy Dat(alze];)sme Epochs Batch-size Type of GPU N([}e:;}) l(‘yG]p;e)r Nugg’;; of tir?l‘za(llrll(l)rlf’s) I;J;n(ljs (s)l(z):)s Cost (USD)
4B CPT 4000000 3 4 NVIDIA A100 80 24 80 49344 1824.62
SFT 369 10 4 NVIDIA H100 80 3 146 11256.6 832.48
7B CPT 4000000 3 2 NVIDIA A100 80 32 40 32896 1216.42
SFT 369 10 4 NVIDIA H100 80 1 190 4883 361.12
13B CPT 4000000 3 2 NVIDIA H100 80 32 100 82240 6082.08
SFT 369 10 4 NVIDIA H100 80 6 122 18812.4 1391.27

Table 14: Summary of computational resources and environmental impact for different adaptation strategies,
aggregated by model size. Reported values correspond to a representative training configuration per strategy.

CPT+SFT costs are obtained by summing CPT and SFT.

P.1 Protocol 1: Prefix-Continuation
Reproduction + Likelihood Heuristics

Idea. If a model has memorized (or near-
memorized) training documents, conditioning on
a prefix may lead it to reproduce the exact contin-
uation, or to assign a noticeably higher likelihood
to the true continuation than to a perturbed ver-
sion. This is conceptually related to training-data
extraction / memorization diagnostics used in prior
work (Carlini et al., 2021).

Implementation. Using a sample of n=1915
NACHOS documents, we split each document into
a prefix (first 400 characters) and a continuation
(rest). For each sampled document, we: (i) gener-
ate up to 200 new tokens from the prefix (greedy
decoding), and compute ROUGE-L between the
generated continuation and the gold continuation;
(i1) compute the length of the longest common pre-
fix (LCP) between generated and gold continua-
tions; (iii) compute the perplexity of the gold con-
tinuation conditioned on the prefix, and compare
it to the perplexity of a lightly perturbed contin-
uation (character swaps + whitespace noise), re-
porting the ratio PPL(gold) /PPL(perturbed). We
flag a case as “suspicious” if any of the following
holds: ROUGE-L > 0.7, LCP > 200 characters,
or PPL(gold) /PPL(perturbed) < 0.85.

Results. Across models, ROUGE-L remained
very low and we observed no exact continuation
matches, which does not support verbatim mem-
orization of long continuations under this setup.
However, the fraction of items flagged as “suspi-
cious” is extremely high (0.82-0.96), which indi-
cates that our heuristic is likely over-sensitive (in
particular, the perturbation and/or the chosen ratio
threshold may dominate the flagging decision).

e Llama-2-7B: ROUGE-L = 0.031, exact
matches = 0/1915, suspicious fraction =
0.959.

e Llama-2-13B: ROUGE-L = 0.020, exact
matches = 0/1915, suspicious fraction =
0.964.

e Mistral-7B: ROUGE-L = 0.014, exact
matches = 0/1915, suspicious fraction =
0.944.

* MedGemma-4B: ROUGE-L = 0.018, ex-
act matches = 0/1915, suspicious fraction
= 0.821.

¢ Gemma-3-4B: ROUGE-L = 0.019, exact
matches = 0/1915, suspicious fraction =
0.835.

Interpretation. Given the near-zero reproduc-
tion scores (ROUGE-L, exact match) but massive
“suspicious” rates, this first protocol is inconclu-
sive as a contamination detector in our setting: it
does not show direct copying, and the likelihood-
based heuristic is too unstable without a careful
calibration procedure and stronger perturbations/-
controls. This is consistent with known difficulties
of turning likelihood signals into reliable member-
ship decisions without explicit calibration (Yeom
et al., 2018).

P.2 Protocol 2: DC-PDD (Divergence-based
Calibration Pretraining Data Detection)

Idea. We also tested a dedicated pretraining-data
detection score, DC-PDD, which estimates a per-
text statistic 3(x) combining (i) the model probabil-
ity of next tokens and (ii) reference token frequen-
cies estimated from a large background corpus D’
(here, French OSCAR®). The method is designed
to be more robust than raw perplexity by incor-
porating a calibration term from D’ (Zhang et al.,
2024).

8https: //oscar-project.org/
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Implementation. For each model, we first build
a tokenizer-specific unigram table p(v; D') from
OSCAR-FR (streaming counts, capped number
of documents), then compute DC-PDD /() on:
(1) 1,000 NACHOS samples, and (ii) a synthetic
control set (“non-member”’) of biomedical texts
generated to be unlikely to appear in any pub-
lic pretraining mixture. We report distributional
statistics (median, p75/p90/p95, mean, std) for
both sets and a separation diagnostic Apedian =

median(ﬁnachos) - median(ﬁcomrol)-

Why synthetic controls? (Major limitation)
Gemma-family models were released recently
(June 2025), and we could not reliably curate a suf-
ficiently large set of web-native biomedical French
texts written after the model release date to serve
as a credible “definitely-non-member” control. As
a consequence, we used synthetic biomedical con-
trols, which weakens the study: synthetic controls
differ from natural corpora in style and token statis-
tics, and thus may artificially inflate separation (or
mask it), independently of membership. We there-
fore treat DC-PDD results as indicative only, not
as evidence of true pretraining inclusion.

Results. DC-PDD yields consistently lower
scores on NACHOS than on the synthetic con-
trols (negative A), suggesting the models assign
slightly more “in-distribution” likelihood structure
to NACHOS than to the synthetic texts. The sep-
aration is small for Mistral/Llama and somewhat
larger for Gemma/MedGemma:

o Mistral-7B: Apedian ~ —3.23 x 1074

* Llama-2-7B: Apedian & —3.58 x 1074,

e Llama-2-13B: Amedian ~ —2.94 x 1074,

» Gemma-3-4B: A edian ~ —8.20 x 1074,

e MedGemma-4B: Aedian & —6.77 x 1074,

Interpretation. While DC-PDD produces a con-
sistent ordering (Nachos < Control), this cannot be
confidently attributed to pretraining membership
because our control set is synthetic and therefore
not distribution-matched. In other words, the ob-
served separation may reflect domain/style differ-
ences rather than exposure during pretraining. As
prior work emphasizes, robust pretraining-data de-
tection typically requires carefully constructed con-
trols and/or calibrated baselines (e.g., Min-K% vari-
ants, calibrated likelihood tests), which we could
not fully satisfy here (Zhang et al., 2024).

P.3 Summary and Takeaways

Overall, these experiments do not provide strong
evidence for (or against) NACHOS being included
in the undisclosed pretraining mixtures: (i) we do
not observe continuation copying under our greedy
prefix—continuation setup; (ii) DC-PDD shows a
small but consistent separation between NACHOS
and synthetic controls, but the lack of a reliable
post-release, naturally occurring biomedical con-
trol corpus makes the conclusion weak. We there-
fore report these results for transparency, but we
do not use them to support any causal claim about
pretraining contamination in the main analysis.
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