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Abstract1

We study proxy tuning, a training-free,2

decoding-time method that combines the3

strengths of general and clinical language mod-4

els. Across three classification and four text5

generation tasks, zero-shot proxy tuning con-6

sistently improves performance over baselines,7

yielding an average 6.5% Macro-F1 gain over8

a large general model on classification tasks9

and surpassing a 70B clinical model on all10

generative tasks. Our analysis reveals that11

proxy tuning isolating clinical continued pre-12

training produces the largest gains on medi-13

cal knowledge-intensive tasks. We addition-14

ally introduce Cross-Architecture Proxy Tun-15

ing (CAPT), which enables proxy tuning across16

models with different architectures and limited17

logit distribution access. CAPT with a new-18

generation base model (Qwen3-30B) achieves19

performance comparable to supervised fine-20

tuning with 2,600 samples on classification21

tasks and produces 90% clinically safe out-22

puts on generation tasks. Our findings demon-23

strate that proxy tuning offers a practical, effi-24

cient path to clinical domain adaptation with-25

out model retraining.26

Keywords: Efficient Domain Adaptation,27

Clinical Adaptation, Language Models28

Data and Code Availability Code is available29

at: https://github.com/sronaghi/bestofbothworlds30

Institutional Review Board (IRB) This work31

does not require IRB approval.32

1. Introduction 33

General-domain language models (LMs) show 34

promise for clinical applications but often halluci- 35

nate, omit critical clinical details, or struggle with 36

domain-specific reasoning (Lehman et al., 2023; 37

Hager et al., 2024; Asgari et al., 2025; Kim et al., 38

2025; Dorfner et al., 2024). These shortcomings 39

stem from the limited representation of clinical data 40

in pretraining corpora and reliance on large-scale 41

Internet text, which can encode biases, outdated 42

information, or incorrect medical knowledge (Alber 43

et al., 2025; Wu et al., 2025). 44

Existing adaptation techniques such as fine-tuning 45

and continued pretraining require large labeled 46

datasets, full access to model parameters, and sub- 47

stantial computational resources (Xie et al., 2024; Sel- 48

lergren et al., 2025). However, as data requirements 49

for adaptation grow (Kaplan et al., 2020; Zhang et al., 50

2024), limited availability of labeled clinical data 51

(Xiao et al., 2018) creates a bottleneck. Furthermore, 52

LLMs are increasingly deployed in zero-shot clinical 53

settings (Small et al., 2024; Mandal et al., 2025; Ar- 54

mitage, 2025). These challenges highlight the need 55

for training-free adaptation strategies. 56

Moreover, clinical models continually pre-trained 57

from general base models lose the advantages of 58

broad, general-domain instruction tuning, and risk 59

catastrophic forgetting (Kirkpatrick et al., 2017). 60

General and clinical models thus exhibit complemen- 61

tary strengths: reasoning breadth versus domain ex- 62

pertise (Gururangan et al., 2020). Figure 1 illustrates 63

this complementarity on the MedNLI task (Romanov 64

and Shivade, 2018): the general LM correctly predicts 65
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12% of examples that the clinical model misses, the66

clinical LM correctly predicts 22% of examples that67

the general model misses, and their union of correct68

predictions cover 82% of the dataset.69

Proxy tuning (Liu et al., 2024) combines the ben-70

efits of general and clinical models by projecting the71

token probability difference between a clinical expert72

and its untuned counterpart onto a general LM at73

decoding-time. Prior work on proxy tuning and simi-74

lar decoding-time approaches has focused on domains75

closer to general-model training data, such as math,76

programming, and law (Liu et al., 2024; Ormazabal77

et al., 2023). Whether these approaches transfer to78

the more out-of-distribution clinical domain remains79

unknown. We examine whether proxy tuning can ef-80

fectively adapt LMs to clinical settings, where there81

is a need for training-free adaptation methods.82

Figure 1: Complementary Performance of
General-Domain and Clinical Models
on MedNLI Classification Task. The
bars from left to right represent: (1)
general model’s unique correct predictions
(12%), (2) clinical model’s correct pre-
dictions (22%), (3) intersection of correct
predictions from both models (48%), and
(4) the union of correct predictions from
both models (82%).

Our contributions are threefold. First, we compre-83

hensively evaluate proxy tuning across three classi-84

fication and four text generation tasks. In classifi-85

cation, proxy tuning yields an average 6.5% Macro-86

F1 improvement over the large general model and87

recovers 64% of the performance gap between the88

large general and large clinical models. In text gen-89

eration, proxy tuning achieves an average 36% gain90

in LLM-jury scores over the Large Clinical model 91

while increasing clinical safety by an average of 10% 92

relative to the Large General model. Second, we 93

conduct token-level analysis, revealing that clinical 94

proxy tuning produces more retrospective, evidence- 95

oriented clinical note tokens. Third, we introduce 96

Cross-Architecture Proxy Tuning (CAPT), which en- 97

ables proxy tuning across models with different ar- 98

chitectures without requiring full logit distribution 99

access. Combining a new-generation general LM 100

(Qwen3-30B) with a previous-generation clinical LM 101

(Me-LLaMA-13B-chat) outperforms supervised fine- 102

tuning with 2,800 samples on a medical natural lan- 103

guage inference classification task (MedNLI) and in- 104

creases risk-free outputs by 30% of the general LM in 105

a clinical note generation task (ACI-Bench). 106

1.1. Related Works 107

Models such as Meditron, PMC-LLaMA, and Me- 108

LLaMA have demonstrated the efficacy of continued 109

pretraining on large volumes of unlabeled medical 110

text (Chen et al., 2023; Wu et al., 2024; Xie et al., 111

2024). While powerful, continued pretraining is com- 112

putationally expensive: Me-LLaMA performed con- 113

tinued pretraining on LLaMA-2 base models using 114

129B tokens and 160 × 80 GB A100 GPUs. 115

Fine-tuning offers a more efficient approach to 116

adapt to specific clinical tasks, improve instruction- 117

following, or align more closely with human prefer- 118

ences, as demonstrated by MedAlpaca (Han et al., 119

2023), AlpaCare (Zhang et al., 2023b), MedPaLM 120

(Singhal et al., 2023), LLaMA-Clinic (Wang et al., 121

2024), and HuatuoGPT (Zhang et al., 2023a). How- 122

ever, previous work suggests that fine-tuning primar- 123

ily affects style and preference rather than introduc- 124

ing domain-specific knowledge (Gekhman et al., 2024; 125

Ouyang et al., 2022). Additionally, Wu et al. (2025) 126

find that fine-tuning frontier models with recent med- 127

ical evidence shows limited generalizability. 128

Continued pretraining and supervised fine-tuning 129

both require modifying model weights, which is costly 130

and often infeasible for frontier models. Decoding- 131

time methods offer an alternative by transferring 132

knowledge through output token probabilities with- 133

out updating model parameters. Mitchell et al. 134

(2023), Ormazabal et al. (2023), and Liu et al. (2024) 135

explore proxy tuning, which combines the logit dis- 136

tribution of a large general model with the delta dis- 137

tribution of a small expert and its untuned counter- 138

part for each token. Mitchell et al. (2023) showed 139
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that combining a small instruction-tuned expert with140

a large base model improves output helpfulness on141

a helpfulness-harmfulness dataset; Ormazabal et al.142

(2023) applied the method with experts trained on143

small law and energy datasets; Liu et al. (2024)144

demonstrated proxy tuning’s broad effectiveness for145

instruction following, mathematical reasoning, QA146

tasks, and code domain adaptation.147

2. Methods148

Proxy Tuning. The proxy tuning approach com-149

bines a large base model M with a small model150

M− fine-tuned into M+ (Liu et al., 2024). At de-151

coding time for each new token, the logit difference152

(M+ − M−) is added to M , projecting the smaller153

model’s learned behavior onto the large model. To154

perform direct logit-level addition, this approach re-155

quires a shared tokenizer and vocabulary across the156

three models and access to the full logit distribution.157

Cross-Architecture Proxy Tuning (CAPT).158

CAPT allows the base model to use different archi-159

tectures, tokenizers, and vocabularies from the expert160

and anti-expert models. Additionally, rather than re-161

lying on full logits for all tokens, CAPT uses only the162

top-20 log probabilities returned by most black-box163

APIs, such as OpenAI GPT-5 and Google Gemini164

2.5 (OpenAI, 2025; Dong, 2025). For each of the165

base model’s top-20 tokens, we retrieve the corre-166

sponding log-probability differences from the expert167

and anti-expert models. If a token does not appear168

in their vocabularies, we tokenize the base token us-169

ing the expert/anti-expert tokenizer and use the log-170

probability of the first resulting subtoken.171

Experimental Setup. We use Me-LLaMA mod-172

els as our clinical LLMs, state-of-the-art open-source173

models trained on MIMIC clinical notes (Xie et al.,174

2024). Me-LLaMA base models were obtained175

through continued pretraining of LLaMA-2 on 129B176

tokens (15:1:4 ratio of biomedical, clinical, and gen-177

eral text), while chat models were produced by in-178

struction tuning these base models with 214k medical179

instructions. Both variants are available in 13B and180

70B parameter sizes.181

Table 1 shows expert–anti-expert configurations182

that isolate the effects of Me-LLaMA’s continued pre-183

training (CPT), instruction tuning (IT), and their184

combination (CPT+IT). For base models, we use185

LLaMA-2-70B-chat (Touvron et al., 2023) in proxy186

tuning experiments and Qwen3-30B-A3B-Instruct- 187

2507 (Yang et al., 2025) in CAPT experiments.

Configuration Expert Anti-expert

CPT Me-LLaMA-13B-base LLaMA-13B-base
IT Me-LLaMA-13B-chat Me-LLaMA-13B-base
CPT + IT Me-LLaMA-13B-chat LLaMA-13B-base

Table 1: Proxy Tuning Configurations.

188

Evaluation Tasks and Metrics. 189

We evaluate on three classification tasks and four 190

text generation tasks. For classification, we report 191

Macro-F1 on 200 samples from: MedNLI (Romanov 192

and Shivade, 2018), classifying hypothesis–premise 193

pairs; MTSample-Specialty (MTSamples), iden- 194

tifying medical specialties from transcriptions; and 195

Fall Event Extraction (Pillai et al., 2024), detect- 196

ing fall events in clinical notes from Stanford Health 197

Care surgical patients. To compare supervised fine- 198

tuning in limited data settings with zero-shot proxy 199

tuning, we fine-tuned Me-LLaMA-13B-base on in- 200

creasing subsets of training data for each classifica- 201

tion task until performance surpasses proxy tuning. 202

For text generation, we report MedHELM LLM- 203

jury scores, which assess accuracy, clarity, and com- 204

pleteness against gold-standard responses and have 205

been validated against clinician evaluations (Bedi 206

et al., 2025). We evaluate clinical safety using Med- 207

VAL, a fine-tuned model that assigns risk ratings to 208

generated outputs and has shown strong correlation 209

with physician assessments (r=0.833) (Aali et al., 210

2025). We report the percentage of risk-free out- 211

puts across models. We evaluate on 120 samples 212

from four text generation tasks: ACI-Bench (Yim 213

et al., 2023), generating clinical notes from patient- 214

doctor conversations; MTSample-Replicate (MT- 215

Samples), generating treatment plans from clinical 216

notes; MedDialog (Zeng et al., 2020), summa- 217

rizing patient–doctor conversations; and MediQA 218

(Abacha et al., 2019), answering consumer health 219

questions. 220

Token-level Analysis. The top quartile of tokens 221

generated in the ACI-Bench task were grouped into 222

semantic categories by a physician. We report the 223

mean probability difference between the proxy-tuned 224

and base models for each token category. Positive 225

differences indicate greater influence from the expert 226

model, while negative differences indicate greater in- 227

fluence from the base model. 228
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Table 2: Model Performance. Performance of baseline and proxy-tuned models on classification and
text generation tasks (200 and 120 samples per task, respectively). Models: Large General-chat
= LLaMA-2-70B-chat, Large Clinical-chat = Me-LLaMA-70B-chat, Small Clinical-base = Me-
LLaMA-13B-base, Small Clinical-chat = Me-LLaMA-13B-chat. Proxy-tuning configurations are in
Table 1. We report Macro-F1 for classification tasks and MedHELM LLM jury scores and % of
risk-free outputs assigned by MedVAL. Best performance in each model category is in bold.

Classification Generative

MedNLI
MTSample-
Specialty

Fall Event
Extraction

ACI-Bench MTSample-Replicate Med-Dialog MediQA

Macro-F1 Macro-F1 Macro-F1 LLM-jury % Risk-Free LLM-jury % Risk-Free LLM-jury % Risk-Free LLM-jury % Risk-Free

Baseline
Large General-chat 0.587 0.101 0.778 3.88 25.83 3.83 24.17 4.12 85.0 4.27 60.83
Large Clinical-chat 0.687 0.115 0.791 3.49 50.83 1.93 63.33 4.07 70.0 3.37 47.5
Small Clinical-base 0.335 0.0376 0.389 2.02 19.17 1.43 20.0 2.61 91.6 2.33 34.17
Small Clinical-chat 0.488 0.0694 0.613 2.85 30.0 1.49 22.5 2.74 77.5 2.78 40.83

Proxy Tuning
CPT 0.624 0.113 0.742 3.94 20.83 3.88 28.33 4.08 80.83 4.30 66.67
CPT+IT 0.596 0.106 0.777 3.93 33.33 3.87 22.5 4.09 79.17 4.30 70.83
IT 0.584 0.105 0.787 3.91 40.0 3.86 28.33 4.07 77.5 4.32 74.17

MedNLI
MTSample-
Specialty

Fall Event
Extraction

Macro-F1 Macro-F1 Macro-F1

0.5% 0.549 0.089 0.551
1% 0.524 0.093 0.531
5% 0.791 0.095 0.531
10% - 0.109 0.355
25% - 0.136 0.402
50% - - 0.823

Table 3: Supervised fine-tuning results across classi-
fication tasks with increasing subsets of the
training data.

3. Results229

Proxy Tuning Improves Performance on Clas-230

sification and Text Generation Tasks. Proxy231

tuning consistently improved over the large general232

baseline. As shown in Table 2, In classification,233

proxy-IT models recovered 32% of the average per-234

formance gap between large general and clinical mod-235

els, while proxy-CPT recovered 86% on MTSample-236

Specialty. On generative tasks, proxy-IT models ex-237

ceeded the large clinical baseline by 25.5% on aver-238

age LLM-jury scores and increased risk-free outputs239

by 13% on average over the large general baseline.240

As shown in Table 3, we find that supervised fine-241

tuning requires 5% of MedNLI training data (∼560242

samples), 25% of MTSample-Specialty training data243

(∼1250 samples), and 50% of Fall Event Extraction244

training data (∼100 samples) to surpass zero-shot245

proxy-tuning performance.246

Proxy-CPT excelled on tasks requiring medi- 247

cal terminology (MTSample-Specialty), reasoning 248

(ACI-Bench, MTSample-Replicate), and inference 249

(MedNLI). Proxy-IT performed best on tasks similar 250

to those in Me-LLaMA’s instruction-tuning dataset: 251

Fall Event Extraction and MediQA resemble mortal- 252

ity classification and patient question-answering tasks 253

from that dataset. Proxy-CPT outperformed both 254

Proxy-CPT+IT and Proxy-IT on MedNLI despite its 255

similarity to relation-extraction tasks in instruction 256

tuning, suggesting alignment benefits may be greater 257

for tasks requiring less medical knowledge. 258

Performance trends also reveal when clinical proxy 259

tuning is less effective: Proxy-CPT and Proxy- 260

CPT+IT reduced performance on Fall Event Ex- 261

traction despite Me-LLaMA’s clinical note pretrain- 262

ing, possibly due to distributional differences between 263

Stanford Hospital task data and Me-LLaMA’s Beth 264

Israel training data. MedDialog showed uniformly 265

small negative effects from proxy tuning, likely be- 266

cause the task requires concise one-sentence responses 267

that are uncommon in clinical notes. 268

Proxy Tuning Shifts Token Generation To- 269

ward Clinical Documentation Styles. Figure 270

2 shows that clinical proxy tuning shifted the base 271

model toward retrospective, evidence-oriented clin- 272

ical note styles: it decreased present-tense obser- 273

vational verbs, increased past-tense observational 274

verbs, encounter/workflow terms, and hedges. Proxy- 275

CPT+IT resembled Proxy-IT more closely than 276

Proxy-CPT (46% smaller mean token shift), indicat- 277

ing that inference-time adaptation is more sensitive 278
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Figure 2: Average token probability difference
across categories between proxy-
tuned and base models. Positive dif-
ference indicates stronger expert influence
while negative difference indicates stronger
base influence.

to instruction-tuned alignment compared to contin-279

ued pretraining.280

Proxy-IT and Proxy-CPT showed distinct em-281

phases. The end-of-sentence token shifted strongly282

positive under Proxy-IT but negative under Proxy-283

CPT. This likely reflects the differences learned from284

the short responses of question-answering tasks in285

instruction-tuning, versus the longer, information-286

dense lines of clinical documentation in the con-287

tinued pretraining data. Proxy-IT favored tokens288

which support clinical reasoning, but may not be289

necessary for factual completeness: severity terms290

(e.g., “abnormal”), symptom-progression markers291

(e.g., “persistent”), and probabilistic hedging (e.g.,292

“may”). Proxy-CPT strengthened tokens tied to293

factual grounding and procedural documentation:294

encounter/workflow terms (e.g., “admission,” “dis-295

charge”), present-tense patient reporting (e.g., “re-296

ports,” “concerns”), and modality-specific diagnos-297

tics (e.g., “CT,” “x-ray”).298

Cross-Architecture Proxy Tuning Improves299

Performance and Increases Applicability. As300

shown in Table 4, on MedNLI and ACI-Bench, CAPT301

with Qwen3-30B outperformed Qwen3-30B alone, the302

Table 4: Model Performance Comparison of
CAPT and original proxy tuning on
MedNLI and ACI-Bench. Proxy-tuning
configurations are in Table 1.

MedNLI ACI-Bench

Macro-F1 LLM-jury % Risk-Free

Cross-Architecture Proxy Tuning (CAPT)
Qwen3-30B 0.716 4.36 60.83
CAPT - CPT 0.824 4.331 85.83
CAPT - CPT + IT 0.899 4.379 89.17
CAPT - IT 0.881 4.3805 87.5

Original Proxy Tuning (PT)
LLaMA-70B-chat 0.587 3.88 30.83
MeLLaMA-70B-chat 0.687 3.49 54.17
PT - CPT 0.623 3.943 37.5
PT - CPT + IT 0.596 3.929 35
PT - IT 0.584 3.912 40.83

Supervised Fine-Tuning (% of Dataset)
10% (∼1,120 samples) 0.813 – –
25% (∼2,800 samples) 0.860 – –

original proxy-tuned models using LLaMA-2-70B, 303

and the large clinical model (Me-LLaMA-70B-chat). 304

CAPT also outperformed Me-LLaMA-13B fine-tuned 305

on 25% of the MedNLI dataset (∼2,800 samples) and 306

achieved ∼90% risk-free outputs on ACI-Bench com- 307

pared to ∼60% for Qwen3-30B alone. These results 308

suggest that proxy tuning can be an effective ap- 309

proach as general models continue to improve. 310

4. Discussion 311

Proxy tuning is a promising training-free method to 312

combine the benefits of general-domain and clinical 313

language models, showing performance gains across 314

classification and generation tasks. Our token-level 315

analyses reveal mechanisms of how proxy tuning 316

which isolate continued pretraining and instruction 317

tuning affects style and tone. We introduce Cross- 318

Architecture Proxy Tuning (CAPT) for broader ap- 319

plicability across model architectures and propri- 320

etary/open model setups. Supervised fine-tuning 321

comparisons show that CAPT matches performance 322

requiring ∼2,600 training samples, establishing its 323

potential for efficient clinical domain adaptation in 324

limited data settings. 325

Future Work. Our token-level analysis reveals dis- 326

proportionate proxy tuning effects across tokens, mo- 327

tivating adaptive scaling mechanisms that adjust ex- 328

pert contributions token-by-token to improve perfor- 329

mance and reduce inference costs. Ablation studies 330

across expert model sizes would clarify sensitivity to 331

scale. 332
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tasks, we implemented constrained decoding. For 596

generative tasks, we implement a custom proxy tun- 597

ing model client within the MedHELM evaluation 598

framework. (Bedi et al., 2025). Table 5 contains a 599

description of each task and the prompt used. Table 600

6 contains the token categories for token-level analy- 601
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5.2. Significance Testing 603

In Table 7, we report the coefficient of variation 604

(CV ∆) for each model configuration to quantify the 605

relative variability of gains and losses across tasks. 606

Specifically, CV ∆ (Clinical Tasks) reflects consis- 607

tency across the tasks that involved clinical text 608
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Table 5: Evaluation Tasks. Each task includes its description and the prompt template used.
Task Description Prompt

MedNLI A natural language inference task in which the
goal is to determine whether a hypothesis written
by a doctor can be inferred from a premise taken
directly from a clinical note (multi-class classifi-
cation with labels entailment, neutral, or contra-
diction).

“TASK: Please classify the relationship between the given premise
and hypothesis into one of the following labels: entailment, con-
tradiction, or neutral. Return only the label. INPUT:{text}
OUTPUT:”

MTSample A multi-class classification task in which the goal
is to determine the medical specialty or domain
that a medical transcription belongs to from 40
medical specialties and domains.

“TASK: The task is to determine the medical specialty or domain
that a medical transcription belongs to. The input is a medi-
cal transcription. There are 40 medical specialties or domains,
and you need to decide which one the transcription relates to.
The medical specialties or domains are: ‘Surgery’, ‘Allergy / Im-
munology’, ..., ‘Obstetrics / Gynecology’. The output should be
only one medical specialty or domain. INPUT:{text} OUTPUT:”

Fall Extraction A binary classification task in which the goal is to
determine whether or not the patient had a fall
event based on a postoperative clinical note.

“TASK: Classify whether a patient fell or not after surgery into
one of the following labels: fall, no fall. Historical falls, fall
risk/precautions, or other miscellaneous mentions of falls like
blood pressure falling are not fall events and the output should
be ‘no fall’ unless a fall event is also indicated in the note.”

ACI-Bench Generating a structured clinical note from
patient-doctor conversations.

“Summarize the conversation to generate a clinical note with four
sections: 1. HISTORY OF PRESENT ILLNESS 2. PHYSICAL
EXAM 3. RESULTS 4. ASSESSMENT AND PLAN. Conversa-
tion: Doctor-patient dialogue: [doctor] hi , andrew . how are you
? ...”

MTSample-
Replicate

Generating an appropriate treatment plan from a
clinical note.

“Given various information about a patient, return a reasonable
treatment plan for the patient. Medical Specialty: Orthopedic
... PREOPERATIVE DIAGNOSES: 1. Cellulitis with associated
abscess, right foot. ...”

MedDialog Generating a one sentence summary of a patient-
doctor conversation.

“Generate a one sentence summary of this patient-doctor con-
versation. Patient-Doctor: Patient: Can rabies be transferred
through blood? ...”

MediQA Answering a consumer health question. “Answer the following consumer health question. Question: what
are known causes of bipolar disorder”

(MedNLI, MTSample-Specialty, Fall Event, ACI-609

Bench, MTSample-Replicate), and CV ∆ (All Tasks)610

extends to include Med-Dialog and MediQA. The rel-611

atively low CV values indicate stable performance of612

our proxy tuning approach on clinical tasks.613

For the classification tasks, we computed macro-614

F1, 95% confidence intervals using bootstrap resam-615

pling, bootstrap standard error, and paired-bootstrap616

p-values relative to the general-domain model base-617

line. Improvements with Qwen were statistically sig-618

nificant for both MedNLI and MTSample. Results619

are shown in Table 8.620
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Table 6: Token Categories and Tokens.

Category Tokens

Encounter/Workflow appointment, manage, managed, follows, follow, routine, review, ap-
point, Reg, return, informed, admitted, discharge, inpatient, outpatient,
follow-up, Sch, Enc, Ext, Copy, copy, order, pending, referred, manage-
ment

Observational Hedges/Uncer-
tainty

likely, appears, particularly, possibly, sometimes, indicating, consistent,
associated, related, possible

Symptom/disease progression improved, worsening, improve, improvement, persistent, progress, con-
trolled

End of sentence token < eos >

Negations no, not, without, denies, none, absent, negative, No

Severity indicators abnormal, severe, moderate, mild, mildly, moderately, severely, good

Symptoms feeling, feels, tired, fatigue, stress, dizy, dizziness, nausea, pain, stress,
breath, sympt

General diagnostic vocabulary lab, labs, panel, test, tests, level, levels, results, testing, evaluation

Imaging diagnostics CT, MRI, X-ray, ray, scan, ultrasound

Clinical directive verbs follow, evaluate, Order, prevent, control, take, use

Patient reporting verbs – present
tense

reports, concerns

Patient reporting verbs – past
tense

reported, experienced, described

Observational verbs – present
tense

presents, shows, has

Observational verbs – past tense presented, showed

Probabilistic Hedging consider, confirm, may

Table 7: Coefficient of variation (CV ∆) and mean percentage improvement across tasks.

Model
Mean %

Improvement
(Clinical Tasks)

CV ∆
(Clinical Tasks)

Mean %
Improvement
(All Tasks)

CV ∆
(All Tasks)

Large Clinical −5.30 3.4 −7.99 2.9
Small Clinical-CPT −53.24 0.15 −49.74 0.18
Small Clinical-CPT+IT −31.46 0.53 −32.24 0.43
Proxy-CPT 3.26 1.6 2.56 2.0
Proxy-CPT+IT 1.54 1.1 1.29 1.5
Proxy-IT 1.13 1.3 0.62 2.7
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Table 8: Macro-F1, 95% confidence intervals using bootstrap resampling, bootstrap standard
error, and paired-bootstrap p-values relative to the general-domain model baseline for
classification tasks with both Qwen3-30B and LLaMA70B-chat as base models. Bold
indicates statistically significant results (P -value < 0.05).

MedNLI MTSample-Specialty Fall Event Extraction

Macro-F1 95% CI STD P-value Macro-F1 95% CI STD P-value Macro-F1 95% CI STD P-value

Cross Architecture Proxy Tuning
Qwen3-30B Base 0.716 (0.652–0.771) 0.0304 1 0.103 (0.059–0.126) 0.0175 1 0.803 (0.744–0.856) 0.0283 1
CAPT-CPT 0.824 (0.772–0.869) 0.0248 0.0248 0.117 (0.071–0.137) 0.0169 0.264 0.807 (0.748–0.860) 0.0282 0.733
CAPT-CPT + IT 0.899 (0.856–0.938) 0.0212 0.0212 0.134 (0.093–0.150) 0.0148 0.004 0.817 (0.758–0.870) 0.0278 0.091
CAPT-IT 0.881 (0.837–0.922) 0.0221 0.0221 0.112 (0.068–0.134) 0.0172 0.300 0.812 (0.753–0.865) 0.0279 0.266

Proxy Tuning
LLaMA-70b-chat Base 0.587 (0.523–0.650) 0.0329 1 0.101 (0.056–0.124) 0.0178 1 0.778 (0.715–0.833) 0.0299 1
PT-CPT 0.624 (0.556–0.689) 0.0335 0.128 0.113 (0.067–0.135) 0.0178 0.190 0.742 (0.676–0.799) 0.0316 0.101
PT-CPT + IT 0.596 (0.533–0.658) 0.0317 0.740 0.106 (0.058–0.130) 0.0187 0.730 0.777 (0.717–0.833) 0.0297 0.958
PT-IT 0.584 (0.521–0.648) 0.0320 0.932 0.105 (0.057–0.128) 0.0186 0.855 0.787 (0.728–0.841) 0.0293 0.605
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