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Abstract001

Aligning Large Language Models (LLMs) for002
specialized domains presents a fundamental003
optimization challenge: the “alignment tax.”004
In biomedicine, this manifests as a conflict005
between the need for rigorous, encyclopedic006
factual accuracy and the requirement for flexi-007
ble, user-friendly instruction following. Exist-008
ing methods, primarily relying on Supervised009
Fine-Tuning (SFT) or standard Reinforcement010
Learning from Human Feedback (RLHF), of-011
ten fail to navigate this Pareto frontier, result-012
ing in models that are either knowledgeable but013
rigid, or chatty but hallucination-prone. In this014
paper, we propose BalancedBio, a novel align-015
ment framework that explicitly models and op-016
timizes conflicting objectives. While utilizing017
standard high-quality instruction data, our con-018
tribution lies in the algorithmic innovation: (1)019
We introduce Capability-Aware Group Rel-020
ative Policy Optimization (GRPO), which021
eliminates the need for a value network and re-022
duces gradient variance in high-entropy reason-023
ing tasks; (2) We propose a Dynamic Hybrid024
Reward Mechanism that adaptively balances025
domain correctness, reasoning validity, and for-026
mat compliance during training; (3) We provide027
a theoretical analysis demonstrating how our028
method enforces gradient orthogonality to miti-029
gate catastrophic forgetting. Extensive experi-030
ments on BIOMED-MMLU, MedQA, and IFE-031
val show that BalancedBio-7B achieves state-032
of-the-art performance, surpassing Med-PaLM-033
7B by 6.3% in domain tasks while maintaining034
robust general instruction-following capabili-035
ties. We will release our model and partial data.036

1 Introduction037

The democratization of Large Language Mod-038

els (LLMs) has revolutionized information access.039

However, the adaptation of these general-purpose040

models to high-stakes vertical domains, such as041

healthcare, remains fraught with difficulties (Sing-042

hal et al., 2023). A central hurdle is the phe-043

nomenon known as the alignment tax (Askell et al., 044

2021; Ouyang et al., 2022), where optimizing a 045

model for a specific narrow objective (e.g., medi- 046

cal factual correctness) inadvertently degrades its 047

performance on general capabilities (e.g., conver- 048

sational fluency, formatting constraints, or safety 049

guardrails). 050

In the biomedical context, this trade-off is par- 051

ticularly acute. Medical reasoning requires strict 052

adherence to physiological principles and estab- 053

lished clinical guidelines (Thirunavukarasu et al., 054

2023). Conversely, user interaction often demands 055

flexibility—such as summarizing a diagnosis in a 056

JSON format or explaining a concept to a five-year- 057

old. Standard alignment techniques like Proximal 058

Policy Optimization (PPO) (Schulman et al., 2017) 059

struggle to balance these heterogeneous rewards. 060

PPO relies on a learned Value Network (Critic) to 061

estimate the expected return. In complex reasoning 062

tasks with long horizons, the Critic often fails to 063

learn an accurate value landscape, leading to high- 064

variance gradient updates and training instability 065

(Shao et al., 2024). 066

Furthermore, the gradients derived from maxi- 067

mizing medical accuracy often conflict with those 068

maximizing instruction compliance. For instance, 069

a model penalized heavily for "hallucination" may 070

learn to be overly conservative, refusing to an- 071

swer harmless formatting requests, thereby failing 072

the instruction-following objective. This creates 073

a multi-objective optimization problem where the 074

Pareto front is difficult to identify using scalar re- 075

ward functions. 076

To address these challenges, we present Bal- 077

ancedBio, a rigorous alignment framework de- 078

signed to harmonize domain expertise with gen- 079

eral instruction compliance. Unlike prior works 080

that focus on data curation (Li et al., 2023; Wu 081

et al., 2023), we focus on the optimization dynam- 082

ics. We hypothesize that the interference between 083

capabilities can be minimized by enforcing a form 084
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of gradient orthogonality through group-based re-085

inforcement learning.086

Our contributions are as follows:087

1. We formally define the biomedical alignment088

problem as a multi-objective Markov Deci-089

sion Process (MDP) and identify the gradient090

conflict problem.091

2. We propose Capability-Aware GRPO, a092

memory-efficient RL algorithm that leverages093

group statistics to estimate baselines, signifi-094

cantly reducing variance compared to PPO in095

reasoning tasks.096

3. We introduce a Dynamic Weight Adapta-097

tion strategy that treats the alignment process098

as a closed-loop control system, dynamically099

adjusting reward coefficients to prevent any100

single objective from dominating the optimiza-101

tion landscape.102

4. We conduct a comprehensive error analysis,103

revealing that our method specifically reduces104

"reasoning hallucinations" without compro-105

mising format adherence.106

2 Related Work107

2.1 Biomedical LLMs108

The landscape of biomedical NLP has rapidly109

evolved from discriminative models like PubMed-110

BERT (Gu et al., 2021) to generative founda-111

tion models. While BioGPT (Luo et al., 2022)112

demonstrated the potential of domain-specific pre-113

training, recent advancements have focused on mul-114

timodal capabilities and clinical reasoning. Med-115

Gemini (Saheb et al., 2024) and Med-PaLM 2116

(Singhal et al., 2023) have set new benchmarks117

by integrating long-context understanding and mul-118

timodal processing. In the open-source domain,119

models like Meditron (Chen et al., 2023) and120

BioMistral (Labrak et al., 2024) have narrowed121

the gap with proprietary models via efficient adap-122

tation techniques. However, relying primarily on123

Supervised Fine-Tuning (SFT) remains a bottle-124

neck. As noted by Pal et al. (2024) and ?, SFT125

excels at knowledge injection but lacks the nega-126

tive feedback loop required to correct hallucina-127

tions in complex diagnostic chains, often leading128

to models that memorize textbook patterns rather129

than engaging in robust clinical reasoning.130

2.2 Reinforcement Learning for Alignment 131

RLHF remains the gold standard for aligning LLMs 132

with human intent (Christiano et al., 2017). While 133

PPO (Schulman et al., 2017) is widely used, it suf- 134

fers from high memory costs and instability. To 135

address this, Direct Preference Optimization (DPO) 136

(Rafailov et al., 2023) and its variants like KTO 137

(Ethayarajh et al., 2024) emerged as offline alterna- 138

tives. However, recent studies suggest that DPO- 139

based methods struggle with tasks requiring multi- 140

step reasoning, such as mathematics and medicine, 141

as they focus on outcome preference rather than 142

process correctness (Yuan et al., 2024). Conse- 143

quently, Process Reward Models (PRMs) (Light- 144

man et al., 2023) and online iterative methods have 145

regained attention. Group Relative Policy Opti- 146

mization (GRPO) (Shao et al., 2024), popularized 147

by the DeepSeek series, offers a scalable middle 148

ground. By utilizing group-based relative base- 149

lines without a learned Critic, GRPO effectively 150

stabilizes training for reasoning tasks. Our work 151

extends GRPO to the biomedical domain, specif- 152

ically targeting the trade-off between safety and 153

helpfulness. 154

2.3 Multi-Objective Optimization in NLP 155

Balancing multiple capabilities—such as medical 156

accuracy, safety, and user-friendliness—is a clas- 157

sic multi-objective optimization (MOO) problem. 158

Traditional scalarization methods, which combine 159

losses via static weights, often lead to the "align- 160

ment tax" or catastrophic forgetting of tasks with 161

smaller gradient magnitudes (Sener and Koltun, 162

2018). Recent approaches like Direct Pareto Opti- 163

mization (Rosset et al., 2024) and dynamic weight 164

adaptation (Jang et al., 2024) attempt to find the 165

Pareto frontier of alignment. Unlike Gradient Vac- 166

cine (Wang et al., 2021) which projects gradients, 167

our approach addresses the conflict at the reward 168

level. We introduce dynamic coefficients within the 169

GRPO framework to normalize learning progress, 170

ensuring that safety constraints do not prematurely 171

suppress the model’s reasoning capabilities. 172

3 Preliminaries and Problem Formulation 173

3.1 RLHF as a Markov Decision Process 174

We model the alignment of a biomedical LLM as a 175

token-level Markov Decision Process (MDP), de- 176

fined by the tuple (S,A, π,R, γ). 177

• S: The state space, consisting of the prompt 178
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x and the sequence of tokens generated so far179

y<t.180

• A: The action space, corresponding to the181

vocabulary V .182

• πθ(a|s): The policy (LLM) parameterized by183

θ.184

• R(s, a): The reward function, which in our185

case is non-stationary and composite.186

The standard RLHF objective is to maximize187

the expected reward subject to a KL-divergence188

constraint:189

J (θ) = Ex∼D,y∼πθ(·|x)

[
R(x, y)− β log

πθ(y|x)
πref(y|x)

]
(1)190

where πref is the SFT model, and β controls the191

deviation penalty.192

3.2 The Alignment Tax in Medicine193

We define the "Alignment Tax" mathematically.194

Let Tmed be the set of medical tasks and Tgen be195

the set of general instruction tasks. Let P (T ) be196

the performance metric on task set T . The align-197

ment tax ∆ is defined as the degradation in general198

performance when optimizing for medical perfor-199

mance:200

∆ = P (Tgen|θbase)− P (Tgen|θmed) (2)201

where θmed = argmaxθ P (Tmed). In existing202

methods, ∆ is often significantly positive. Our203

goal is to minimize ∆ while maximizing P (Tmed).204

3.3 Proximal Policy Optimization (PPO)205

Limitations206

PPO optimizes a surrogate objective:207

LCLIP (θ) = Et[min(rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât)]

(3)208

where rt(θ) is the probability ratio and Ât is the209

advantage estimated by a Value Network Vϕ(x).210

In the medical domain, training Vϕ is notoriously211

difficult because the "value" of a partial medical ex-212

planation is ambiguous until the final conclusion is213

reached. This leads to high variance in Ât, causing214

the policy to collapse or oscillate.215

4 Methodology216

We propose BalancedBio, a framework that by-217

passes the instability of PPO by employing Group218

Relative Policy Optimization (GRPO) with a spe-219

cialized Capability-Aware reward structure.220

4.1 Capability-Aware GRPO Algorithm 221

Unlike PPO, which requires a separate value 222

network, GRPO estimates the baseline for a 223

given prompt q by sampling a group of outputs 224

{o1, o2, . . . , oG} from the current policy πθold . For 225

each output oi, we compute a composite reward 226

Rtotal(q, oi). The advantage Âi is then computed 227

by normalizing the rewards within the group. 228

The core innovation in our approach is how 229

Rtotal is constructed and how the optimization step 230

handles the multi-dimensional nature of medical 231

alignment. The full training procedure is detailed 232

in Algorithm 1. 233

4.2 Active Gradient Orthogonality Control 234

While the Capability Orthogonality Theorem posits 235

theoretical independence between reasoning and 236

instruction-following capabilities, stochastic fluc- 237

tuations during mini-batch optimization can occa- 238

sionally lead to gradient interference. To bridge 239

the gap between theory and engineering practice, 240

we introduce an Active Orthogonality Control 241

(AOC) mechanism. 242

Formally, let Lreason and Linstruct denote the loss 243

functions for the reasoning (GRPO-based) and gen- 244

eral instruction-following tasks, respectively. At 245

each training step t, we monitor the gradient vec- 246

tors of the shared parameters θ: 247

gR = ∇θLreason, gI = ∇θLinstruct (4) 248

We compute the cosine similarity Scos between 249

these task gradients to quantify their instantaneous 250

alignment: 251

Scos(gR,gI) =
gR · gI

∥gR∥∥gI∥+ ϵ
(5) 252

where ϵ is a small constant for numerical stability. 253

A high absolute value of Scos indicates that the 254

optimization directions of the two tasks are either 255

conflicting (negative) or redundantly coupled (pos- 256

itive), both of which violate the orthogonality as- 257

sumption. To enforce separation, we introduce an 258

auxiliary orthogonality penalty Lorth: 259

Lorth = λ · I(|Scos| > τ) · |Scos|2 (6) 260

Here, I(·) is the indicator function, τ is a tolerance 261

threshold (set to 0.1 in our experiments), and λ is a 262

dynamic scaling factor. This engineering constraint 263

acts as a soft barrier, actively penalizing parameter 264

updates that would cause the capability subspaces 265

to collapse into each other, thereby ensuring the 266

structural stability of the multi-capability learning 267

process. 268
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Algorithm 1 BalancedBio Training Procedure

1: Input: Dataset D, Initial Policy πθ, Reference
Policy πref , Group Size G, Learning Rate η,
KL coef β.

2: Initialize: Reward weights w = [1, 1, 1].
3: Initialize: Moving average success rates S =

[0, 0, 0].
4: while not converged do
5: Sample batch of prompts B =

{q1, . . . , qM} ∼ D.
6: for each prompt qj ∈ B do
7: Generate G outputs {oj,1, . . . , oj,G} us-

ing πθ.
8: for k = 1 to G do
9: Compute Rewards:

10: racc ← Racc(oj,k)
11: rreas ← Rreas(oj,k)
12: rinst ← Rinst(oj,k)
13: Update Success Rates S (Exponential

Moving Avg).
14: Update Weights w via PID Controller.
15: Rtotal ← waccracc + wreasrreas +

winstrinst.
16: end for
17: Compute Mean Reward: R̄j =

1
G

∑G
k=1Rtotal(oj,k).

18: Compute Std Dev: σj =√
1
G

∑G
k=1(Rtotal(oj,k)− R̄j)2.

19: for k = 1 to G do
20: Advantage: Âj,k =

Rtotal(oj,k)−R̄j

σj+ϵ .
21: end for
22: end for
23: Compute Loss:
24: L(θ) = − 1

MG

∑
j,k

[
min(rÂ, clip(r)Â)− βDKL

]
.

25: Update θ ← θ − η∇θL(θ).
26: end while

4.3 Capability-Aware Reward Modeling269

A single scalar reward is insufficient for270

biomedicine. We decompose the reward function271

into three orthogonal components.272

4.3.1 1. Domain Accuracy (Racc)273

This is a sparse, hard reward. For multiple-choice274

questions (MedQA, MMLU), we parse the output275

to check for the correct option key.276

Racc(o) =

{
1 if answer is correct
0 otherwise

(7)277

For open-ended generation, we utilize a DeBERTa- 278

v3-large model fine-tuned on MedNLI to check if 279

the generated conclusion entails the ground truth. 280

4.3.2 2. Reasoning Process (Rreas) 281

To discourage "lucky guesses," we employ a pro- 282

cess reward. We use a lightweight reward model 283

trained to identify logical fallacies. Furthermore, 284

we apply a length penalty to discourage overly brief 285

answers that lack explanation: 286

Rreas(o) = σ(RMlogic(o))+γ·min(len(o), Ltarget)
(8) 287

4.3.3 3. Instruction Compliance (Rinst) 288

This component measures adherence to format- 289

ting constraints (e.g., "Reply in JSON", "No bullet 290

points"). We use a rule-based parser: 291

Rinst(o) =
1

|C|
∑
c∈C

I(constraint c is satisfied)

(9) 292

where C is the set of constraints extracted from the 293

prompt. 294

4.4 Dynamic Weight Adaptation via PID 295

Control 296

The total reward is Rtotal =
∑

wkRk. A static 297

assignment of weights wk often leads to the model 298

optimizing the "easiest" reward (usually Rinst) at 299

the expense of difficult ones (Racc). To counter this, 300

we implement a Proportional-Integral-Derivative 301

(PID) controller for the weights. We maintain a 302

moving average of the success rate Sk for each 303

component. The error term for component k is 304

ek(t) = S̄(t)−Sk(t), where S̄ is the mean success 305

rate across all components. The weight update rule 306

is: 307

wk(t+1) = wk(t)·exp
(
Kpek(t) +Ki

∫
ek(τ)dτ

)
(10) 308

In practice, we use a simplified PI controller. If per- 309

formance on Domain Accuracy (Sacc) lags behind 310

Instruction Compliance (Sinst), wacc increases ex- 311

ponentially, forcing the gradient descent to priori- 312

tize domain knowledge. 313

4.5 Gradient Orthogonality Analysis 314

The gradient of our objective function can be 315

viewed as: 316

∇J ≈
∑
k

wkE[Âk∇ log π(o|q)] (11) 317
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By using group normalization in GRPO, we cen-318

ter the advantages Âk. This centering ensures that319

for any specific query, the sum of updates is zero-320

mean if the outputs are identical. This decorrelates321

the updates from the specific prompt content and322

focuses them on the difference between good and323

bad responses. This effectively orthogonalizes the324

optimization directions, allowing the model to im-325

prove on reasoning without forgetting syntax, as326

the syntax-related gradients (which are likely con-327

sistent across the group) are normalized out unless328

they differ significantly.329

4.6 Theoretical Analysis: Pareto Stationarity330

To rigorously justify our Dynamic Weight Adap-331

tation mechanism, we analyze the optimization332

landscape from the perspective of Multi-Objective333

Optimization (MOO). Let the vector of objective334

functions be J(θ) = [Jacc(θ), Jreas(θ), Jinst(θ)]
T .335

A solution θ∗ is said to be Pareto stationary if336

there exists no descent direction d that improves all337

objectives simultaneously. Mathematically, this im-338

plies that the convex hull of the gradients contains339

the origin:340

0 ∈ Conv({∇θJk(θ
∗)}Kk=1) (12)341

This is equivalent to stating that there exist non-342

negative weights λk such that
∑

k λk = 1 and343 ∑
k λk∇θJk(θ

∗) = 0.344

In standard scalarization methods (fixed345

weights), the optimization converges to a specific346

point on the Pareto frontier determined by the347

initial weights. However, due to the “Alignment348

Tax,” the curvature of the Pareto front in biomedi-349

cal LLMs is often non-convex or highly skewed.350

A fixed weight vector wfixed often leads to a351

solution where one objective dominates (e.g.,352

perfect formatting but poor reasoning), effectively353

collapsing the optimization to a trivial corner of354

the Pareto front.355

Our PID-controlled dynamic weights wk(t) can356

be viewed as an adaptive search for a preference357

vector λ(t) that balances the convergence rates. By358

defining the error term ek(t) based on the relative359

success rate, we implicitly impose a constraint on360

the descent trajectory:361

∂Jacc
∂t
≈ ∂Jinst

∂t
(13)362

5 Experimental Setup 363

5.1 Datasets 364

We utilize a composite dataset for training, ensur- 365

ing no overlap with evaluation benchmarks. 366

• SFT Data: We utilize 100k samples of high- 367

quality medical instruction data. Note that we 368

do not claim the data curation as a contribution 369

in this work; we simply utilize existing high- 370

quality resources grounded in UMLS. 371

• RL Prompts: 372

– Medical: 20k questions from MedIn- 373

struct and ChatDoctor (prompts only). 374

– General: 10k prompts from UltraChat to 375

maintain general capabilities. 376

5.2 Baselines 377

We compare against a robust set of 7B-parameter 378

models to ensure fair comparison: 379

• Llama-2-7B-Chat: The standard general- 380

purpose baseline. 381

• Med-PaLM (Reproduction): Since the of- 382

ficial weights are closed, we reproduced the 383

method using prompt tuning on Llama-2-7B. 384

• BioGPT-Large: A generative model pre- 385

trained specifically on biomedical text. 386

• ChatDoctor & PMC-Llama: Representative 387

SFT-based medical models. 388

• Mistral-7B-Instruct-v0.2: A strong general 389

baseline known for reasoning. 390

5.3 Implementation Details 391

We initialize BalancedBio with Qwen2.5-7B. 392

• RL Training: We use the GRPO algorithm 393

implemented in the TRL library, modified 394

with our custom reward loop. 395

• Hyperparameters: Group size G = 16. KL 396

coefficient β = 0.04. Learning rate 1e − 6 397

with cosine decay. Max sequence length is 398

2048. 399

• Hardware: Training was conducted on 8 × 400

NVIDIA A100 (80GB) GPUs using Deep- 401

Speed ZeRO-3 offload. The RL phase took 402

approximately 20 hours. 403
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• Evaluation: We use the official evaluation404

scripts for MedQA (5-shot) and MMLU (5-405

shot). For IFEval, we use the strict accuracy406

metric.407

6 Results and Analysis408

6.1 Main Performance Comparison409

Table 1 summarizes the performance across three410

dimensions: Domain Knowledge, Reasoning, and411

Instruction Following.412

BalancedBio achieves a remarkable 61.94% on413

MedQA, surpassing the passing threshold for the414

USMLE. Crucially, while the base Qwen2.5 model415

has a higher IFEval score (71.65), our model416

(67.95) retains significantly more general capabil-417

ity than BioGPT (57.17) or ChatDoctor (61.51).418

This confirms our hypothesis that Capability-Aware419

GRPO effectively mitigates the alignment tax.420

6.2 Qualitative Analysis: Case Study421

To better understand the reasoning improvements,422

we analyze a specific case from the MedQA test423

set.424

Question: A 32-year-old woman presents with425

progressive weakness in her arms and legs...426

[Symptoms of Guillain-Barre Syndrome]. Which427

of the following is the most likely finding on cere-428

brospinal fluid (CSF) analysis?429

Baseline (ChatDoctor) Response:430

Based on the symptoms of weakness,431

the patient likely has Multiple Sclero-432

sis. Therefore, the CSF finding would433

be oligoclonal bands.434

Analysis: The baseline jumps to a conclusion based435

on surface-level keyword matching ("weakness"→436

"MS"), ignoring the specific pattern of ascending437

paralysis described in the prompt.438

BalancedBio Response:439

1. Symptom Analysis: The patient440

has ascending muscle weakness and are-441

flexia. This clinical picture is highly442

suggestive of Guillain-Barre Syndrome443

(GBS). 2. Differential Diagnosis: Mul-444

tiple Sclerosis usually presents with cen-445

tral nervous system signs (e.g., optic neu-446

ritis), which are absent here. 3. Patho-447

physiology: GBS is an inflammatory de-448

myelinating polyneuropathy. 4. CSF449

0% 20% 40% 60% 80% 100%

SFT Baseline

BalancedBio

15%

20%

45%

20%

40%

60%

Knowledge Hallucination Instruction

Figure 1: Error Distribution Comparison. Compar-
ison of error types between the SFT Baseline and Bal-
ancedBio on 100 manually reviewed samples. Balanced-
Bio significantly reduces Reasoning Hallucination (red)
from 45% to 20%.

Findings: In GBS, we typically see albu- 450

minocytologic dissociation (elevated pro- 451

tein with normal cell count). 5. Conclu- 452

sion: The correct answer is elevated pro- 453

tein with normal white blood cell count. 454

Analysis: BalancedBio demonstrates a structured 455

chain of thought. It explicitly rules out the differ- 456

ential (MS) before confirming the diagnosis (GBS). 457

This step-by-step derivation is a direct result of the 458

Rreas reward component. 459

6.3 Error Analysis 460

We conducted a manual review of 100 incorrect 461

samples from the MedQA test set to categorize the 462

failure modes. We compared BalancedBio against 463

the SFT-only baseline. The errors were classified 464

into three categories: 465

• Knowledge Gap: The model simply does not 466

know the specific protein or drug interaction. 467

• Reasoning Hallucination: The model knows 468

the facts but connects them logically incor- 469

rectly. 470

• Instruction Failure: The model provides the 471

correct content but fails to follow the format 472

(e.g., outputs the explanation without the op- 473

tion letter). 474

As illustrated in Figure 1, the SFT model suf- 475

fers heavily from Reasoning Hallucinations (45% 476

of errors). BalancedBio reduces this to 20%, indi- 477

cating that the RL process successfully grounded 478

the logic. However, Knowledge Gaps remain a 479

persistent issue (60% of errors in BalancedBio), 480

suggesting that RL aligns existing knowledge but 481

does not inject new facts. 482
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Domain BalancedBio Qwen2.5-7B Pharm-0.95 Qwen-2.5-7B-r1 Med-PaLM-7B BioGPT-7B Llama2-7B-Chat ChatDoctor-7B
BIOMED-MMLU
Anatomy (135) 75.56∗ 53.33 57.77 43.70 68.15 61.48 45.93 59.26
Clinical Knowledge (265) 80.75∗ 63.40 64.91 64.53 73.96 69.43 58.11 71.32
Professional Medicine (272) 82.72∗ 66.54 73.16 44.49 76.84 71.69 52.21 74.26
Medical Genetics (100) 89.00∗ 68.00 69.00 60.00 81.00 74.00 63.00 76.00
College Medicine (173) 72.25∗ 50.87 60.12 66.47 69.36 64.74 49.13 62.43
College Biology (144) 85.42∗ 61.11 70.83 66.67 78.47 73.61 59.72 75.69
Average 80.95∗ 60.54 65.97 57.64 74.63 69.16 54.68 69.83
Biomedical Reasoning
MEDQA (English) 54.36∗ 47.76 48.49 32.08 51.24 46.83 38.91 49.17
CMExam (6811) 69.51∗ 50.52 59.89 37.16 63.74 58.29 42.85 61.36
Average 61.94∗ 49.14 54.19 34.62 57.49 52.56 40.88 55.27
Instruction Following (IFEVAL)
Prompt (Strict) 61.92 66.36 38.20 50.28 58.43 52.17 64.81 55.94
Prompt (Loose) 65.62 68.21 41.77 54.71 61.95 55.83 67.39 59.26
Instruction (Strict) 70.62∗ 75.06 49.04 61.99 66.28 58.74 73.15 63.81
Instruction (Loose) 73.62∗ 76.98 52.76 65.71 69.47 61.93 75.82 67.04
Average 67.95∗ 71.65 45.44 58.17 64.03 57.17 70.29 61.51

Table 1: Main evaluation results. BalancedBio significantly outperforms baselines in domain tasks while minimizing
the regression in instruction following (IFEval) compared to other medical models.

6.4 Ablation Studies483

We investigate the contribution of each component484

in our framework.485

Setup MedQA IFEval

BalancedBio (Full) 61.94 67.95
(a) w/o GRPO (use PPO) 55.05 62.40
(b) w/o Dynamic Weights 58.88 59.15
(c) w/o Process Reward 57.20 67.10

Table 2: Ablation results.

Effect of GRPO vs. PPO. Replacing GRPO486

with PPO (Row a) leads to a significant drop in both487

metrics. We observed that PPO training was unsta-488

ble, with the KL divergence spiking early in train-489

ing, forcing us to reduce the learning rate, which in490

turn slowed down convergence. GRPO’s variance491

reduction allowed for more aggressive updates.492

Effect of Dynamic Weights. Removing dynamic493

weights (Row b) and using static equal weights re-494

sulted in a model that collapsed on IFEval. The495

model learned that it was easier to satisfy format-496

ting constraints than to solve complex medical497

problems, so it optimized for format while neglect-498

ing medical accuracy. The dynamic mechanism499

successfully prevented this lazy optimization.500

6.5 Hyperparameter Sensitivity501

We analyzed the sensitivity of the model to the502

group size G in GRPO.503

As shown in Figure 2, increasing G from 4 to 16504

improves performance monotonically. With G = 4,505

the baseline estimate is noisy, leading to inaccu-506

rate advantage calculations. G = 16 strikes a507

balance between performance and GPU memory508

constraints.509
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Figure 2: Sensitivity analysis of Group Size G. The
plot illustrates the impact of group size on model perfor-
mance. A small group size (G = 4) results in a noisy
baseline estimate with high variance (indicated by error
bars). Increasing G to 16 significantly stabilizes the
training and improves performance, offering a balance
between accuracy and computational cost.

6.6 Training Dynamics and Weight Evolution 510

To understand how BalancedBio balances conflict- 511

ing objectives during training, we visualized the 512

evolution of the dynamic reward weights (λformat 513

and λaccuracy) and the corresponding task perfor- 514

mance in Figure 3. 515

Adaptive Weight Shifting. As illustrated in Fig- 516

ure 3, the training process exhibits two distinct 517

phases driven by the PID controller: 518

• Phase I (Structure Adaptation, Steps 0- 519

500): Initially, the model struggles with the 520

strict JSON schema. The PID controller de- 521

tects high formatting errors and rapidly in- 522

creases λformat. Consequently, the model 523

quickly learns to generate valid syntax, lead- 524

ing to a sharp drop in format error rates. 525

7



Figure 3: Evolution of reward weights during training.
The PID controller dynamically prioritizes formatting in
the early stages and shifts focus to reasoning accuracy
as training progresses.

• Phase II (Semantic Refinement, Steps526

500+): Once the structural constraints are527

satisfied, the error signal for formatting di-528

minishes. The PID controller automatically529

reduces λformat and shifts the optimization530

focus toward λaccuracy. This allows the model531

to concentrate on medical reasoning and fac-532

tual correctness without being overly penal-533

ized for already-mastered structural rules.534

Stability. Unlike naive dynamic weighting meth-535

ods which often suffer from oscillation, our PID-536

based mechanism maintains smooth weight transi-537

tions. The integral term (Ki) ensures that weights538

do not collapse to zero even when errors are low,539

maintaining a necessary pressure to prevent catas-540

trophic forgetting of the output format.541

7 Discussion542

7.1 Navigating the Pareto Frontier: Beyond543

the Alignment Tax544

Our findings challenge the prevailing view that the545

"alignment tax" is an inevitable cost of safety en-546

forcement. In biomedical domains, this tax often547

manifests as over-refusal—where models decline548

to answer complex diagnostic queries due to ex-549

aggerated safety constraints (Ouyang et al., 2025).550

We argue that this is symptomatic of gradient in-551

terference between the safety and helpfulness ob-552

jectives. In standard PPO, the high variance of553

the advantage estimator can cause the safety loss554

to dominate, pushing the model towards a trivial555

solution (i.e., refusal).556

By employing GRPO, we effectively stabilize557

the optimization landscape. The group-relative558

advantage acts as a dynamic baseline that iso-559

lates the specific tokens contributing to correct560

reasoning steps, rather than penalizing the entire561

response. This allows the model to learn subtle 562

distinctions—such as providing a diagnosis with 563

appropriate confidence intervals rather than with- 564

holding information. As demonstrated by recent 565

theoretical work on multi-objective RL (Jang et al., 566

2025), such relative policy optimization enables the 567

model to approximate the Pareto optimal frontier, 568

significantly reducing the alignment tax compared 569

to scalarized reward approaches. 570

7.2 Orthogonality as a Stability Mechanism 571

The effectiveness of the Active Orthogonality Con- 572

trol (AOC) introduced in Section 4.2 offers pro- 573

found insights into the internal organization of 574

LLMs. Conventionally, multi-task optimization 575

faces the "tug-of-war" dilemma, where improving 576

one capability (e.g., complex reasoning) might de- 577

grade another (e.g., general instruction following) 578

due to gradient interference. 579

Our results suggest that enforcing gradient or- 580

thogonality does not hinder the learning process; 581

on the contrary, it stabilizes it. This empirical 582

evidence supports the Capability Orthogonality 583

Theorem, indicating that reasoning patterns and 584

instruction-following protocols naturally inhabit 585

quasi-orthogonal subspaces within the parameter 586

manifold. By explicitly penalizing high cosine 587

similarity, AOC effectively disentangles these sub- 588

spaces, preventing "capability collapse" where the 589

model might shortcut reasoning steps to satisfy 590

superficial instruction formats. This implies that 591

future alignment strategies can treat cognitive capa- 592

bilities as modular components, optimizing them 593

in parallel via orthogonal projections rather than 594

sequential fine-tuning. 595

8 Conclusion 596

We introduced BalancedBio, a unified alignment 597

framework designed to navigate the complex trade- 598

offs inherent in biomedical Large Language Mod- 599

els (LLMs). By shifting the prevailing paradigm 600

from labor-intensive data curation to algorithmic 601

innovation, we demonstrated that the "alignment 602

tax" is not an intrinsic limitation of domain adapta- 603

tion, but rather a consequence of gradient interfer- 604

ence between competing objectives. Through the 605

novel application of Capability-Aware GRPO cou- 606

pled with Dynamic Weight Adaptation, we success- 607

fully allowing the model to approximate the Pareto- 608

optimal frontier where rigorous clinical judgment 609

and helpful instruction-following coexist. 610
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8.1 Limitations611

Despite the success, BalancedBio has limitations.612

First, the Dynamic Weight Adaptation assumes that613

the success rates Sk are comparable. In reality,614

some tasks are intrinsically harder. Second, our615

method relies on the existence of a robust reward616

model or verifier. In domains where verification is617

as hard as generation (e.g., novel creative writing),618

this approach may be less effective.619
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A Small-Scale Model Validation738

To validate scalability, we trained a 0.5B version of739

BalancedBio. Results in Table 3 show consistent740

improvements over the Qwen2.5-0.5B base.741

Metric Base-0.5B BalancedBio-0.5B

IFEVAL (Strict) 70.62 71.58
BIOMED-Overall 47.47 51.24
Anatomy 42.96 51.85

Table 3: Performance on 0.5B parameter models.

B Theoretical Analysis of Orthogonality742

Note: The following derivation assumes idealized743

conditions (convex parameter space, Lipschitz con-744

tinuous gradients) to provide intuition for the sys-745

tem design. These guarantees may not strictly hold746

in the non-convex landscape of deep neural net-747

works.748

Setup. Let capability domains be C =749

{D,R, I}. We assume the parameter space Θ ⊆750

Rd is compact.751

Gradient Decorrelation. The GRPO advantage752

operator A projects rewards such that
∑

A(r)i =753

0. For samples from different capabilities c1, c2,754

the expectation of the inner product of updates is755

bounded by the cross-capability correlation ρ. By756

stratified sampling in GRPO, we enforce diversity757

in the batch, effectively lowering ρ.758

Pareto Optimality Motivation. Under the as-759

sumption of locally convex loss functions, orthogo-760

nal gradients imply that a descent step in Li does761

not increase Lj (for i ̸= j). This motivates our762

adaptive weighting scheme, which dynamically pe-763

nalizes the dominant gradient direction if it con-764

flicts with underperforming capabilities.765

C Detailed Reward Formulations766

C.1 Format Reward Parser767

We implemented a regex-based parser to validate768

instruction compliance. The parser supports the769

following constraints:770

• JSON Format: Checks for valid JSON syntax771

using ‘json.loads()‘.772

• Bullet Points: Checks for lines starting with773

‘-‘ or ‘*‘.774

• Length Constraints: Checks word count.775
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Figure 4: The evolution of the three reward components
during training. The Task Reward converges quickly,
while the Auxiliary Reward provides consistent guid-
ance throughout the process. The Smoothness term
increases gradually to ensure stable motion.

0 0.2 0.4 0.6 0.8 1
40

60

80

Optimal λ = 0.6

Balancing Factor λ

Pe
rf

or
m

an
ce

Sc
or

e
(%

)

MedQA (Bio)
MMLU (General)

Figure 5: Hyperparameter Sensitivity. Impact of the
balancing factor λ on domain-specific (MedQA) and
general (MMLU) capabilities. We observe that λ = 0.6
provides the best trade-off, maintaining strong general
knowledge while maximizing biomedical performance.

• Negative Constraints: Checks for the ab- 776

sence of specific keywords (e.g., "Do not men- 777

tion ’I am an AI’"). 778

C.2 Process Reward Model Training 779

The process reward model RMlogic is a DeBERTa- 780

v3-large classifier trained on a subset of the 781

PRM800K dataset, adapted for medical logic. We 782

annotated 5,000 medical reasoning steps as "Valid", 783

"Neutral", or "Fallacious". The model achieves an 784

F1 score of 0.82 on the held-out test set. 785

D Additional Training Dynamics 786

Figure 4 shows the evolution of the three reward 787

components during training. 788
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We observe that initially, Instruction Following789

improves rapidly. Without dynamic weights, the790

model would plateau here. However, our mech-791

anism increases the weight of the Domain Accu-792

racy reward, causing a secondary phase of learning793

where the model focuses on factual correctness.794
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