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Abstract

Aligning Large Language Models (LLMs) for
specialized domains presents a fundamental
optimization challenge: the “alignment tax.”
In biomedicine, this manifests as a conflict
between the need for rigorous, encyclopedic
factual accuracy and the requirement for flexi-
ble, user-friendly instruction following. Exist-
ing methods, primarily relying on Supervised
Fine-Tuning (SFT) or standard Reinforcement
Learning from Human Feedback (RLHF), of-
ten fail to navigate this Pareto frontier, result-
ing in models that are either knowledgeable but
rigid, or chatty but hallucination-prone. In this
paper, we propose BalancedBio, a novel align-
ment framework that explicitly models and op-
timizes conflicting objectives. While utilizing
standard high-quality instruction data, our con-
tribution lies in the algorithmic innovation: (1)
We introduce Capability-Aware Group Rel-
ative Policy Optimization (GRPO), which
eliminates the need for a value network and re-
duces gradient variance in high-entropy reason-
ing tasks; (2) We propose a Dynamic Hybrid
Reward Mechanism that adaptively balances
domain correctness, reasoning validity, and for-
mat compliance during training; (3) We provide
a theoretical analysis demonstrating how our
method enforces gradient orthogonality to miti-
gate catastrophic forgetting. Extensive experi-
ments on BIOMED-MMLU, MedQA, and IFE-
val show that BalancedBio-7B achieves state-
of-the-art performance, surpassing Med-PaLM-
8B in domain tasks while maintaining robust
general instruction-following capabilities.1

1 Introduction

The democratization of Large Language Mod-
els (LLMs) has revolutionized information access.
However, the adaptation of these general-purpose
models to high-stakes vertical domains, such as

*corresponding author
1https://github.com/patsnap/Hiro-Pharma

healthcare, remains fraught with difficulties (Sing-
hal et al., 2023). A central hurdle is the phe-
nomenon known as the alignment tax (Askell et al.,
2021; Ouyang et al., 2022), where optimizing a
model for a specific narrow objective (e.g., medi-
cal factual correctness) inadvertently degrades its
performance on general capabilities (e.g., conver-
sational fluency, formatting constraints, or safety
guardrails).

In the biomedical context, this trade-off is par-
ticularly acute. Medical reasoning requires strict
adherence to physiological principles and estab-
lished clinical guidelines (Thirunavukarasu et al.,
2023). Conversely, user interaction often demands
flexibility—such as summarizing a diagnosis in a
JSON format or explaining a concept to a five-year-
old. Standard alignment techniques like Proximal
Policy Optimization (PPO) (Schulman et al., 2017)
struggle to balance these heterogeneous rewards.
PPO relies on a learned Value Network (Critic) to
estimate the expected return. In complex reasoning
tasks with long horizons, the Critic often fails to
learn an accurate value landscape, leading to high-
variance gradient updates and training instability
(Shao et al., 2024).

Furthermore, the gradients derived from maxi-
mizing medical accuracy often conflict with those
maximizing instruction compliance. For instance,
a model penalized heavily for "hallucination" may
learn to be overly conservative, refusing to an-
swer harmless formatting requests, thereby failing
the instruction-following objective. This creates
a multi-objective optimization problem where the
Pareto front is difficult to identify using scalar re-
ward functions.

To address these challenges, we present Bal-
ancedBio, a rigorous alignment framework de-
signed to harmonize domain expertise with gen-
eral instruction compliance. Unlike prior works
that focus on data curation (Li et al., 2023; Wu
et al., 2023), we focus on the optimization dynam-
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ics. We hypothesize that the interference between
capabilities can be minimized by enforcing a form
of gradient orthogonality through group-based re-
inforcement learning.

Our contributions are as follows:

1. We formally define the biomedical alignment
problem as a multi-objective Markov Deci-
sion Process (MDP) and identify the gradient
conflict problem.

2. We propose Capability-Aware GRPO, a
memory-efficient RL algorithm that leverages
group statistics to estimate baselines, signifi-
cantly reducing variance compared to PPO in
reasoning tasks.

3. We introduce a Dynamic Weight Adapta-
tion strategy that treats the alignment process
as a closed-loop control system, dynamically
adjusting reward coefficients to prevent any
single objective from dominating the optimiza-
tion landscape.

4. We conduct a comprehensive error analysis,
revealing that our method specifically reduces
"reasoning hallucinations" without compro-
mising format adherence.

2 Related Work

2.1 Biomedical LLMs
The landscape of biomedical NLP has rapidly
evolved from discriminative models like PubMed-
BERT (Gu et al., 2021) to generative founda-
tion models. While BioGPT (Luo et al., 2022)
demonstrated the potential of domain-specific pre-
training, recent advancements have focused on mul-
timodal capabilities and clinical reasoning. Med-
Gemini (Saab et al., 2024) and Med-PaLM 2 (Sing-
hal et al., 2023) have set new benchmarks by inte-
grating long-context understanding and multimodal
processing. In the open-source domain, models
like Meditron (Chen et al., 2023) and BioMis-
tral (Labrak et al., 2024) have narrowed the gap
with proprietary models via efficient adaptation
techniques. However, relying primarily on Super-
vised Fine-Tuning (SFT) remains a bottleneck. As
noted by Pal et al. (2023), SFT excels at knowledge
injection but lacks the negative feedback loop re-
quired to correct hallucinations in complex diagnos-
tic chains, often leading to models that memorize
textbook patterns rather than engaging in robust
clinical reasoning.

2.2 Reinforcement Learning for Alignment

RLHF remains the gold standard for aligning LLMs
with human intent (Christiano et al., 2017). While
PPO (Schulman et al., 2017) is widely used, it suf-
fers from high memory costs and instability. To
address this, Direct Preference Optimization (DPO)
(Rafailov et al., 2023) and its variants like KTO
(Ethayarajh et al., 2024) emerged as offline alterna-
tives. However, recent studies suggest that DPO-
based methods struggle with tasks requiring multi-
step reasoning, such as mathematics and medicine,
as they focus on outcome preference rather than
process correctness (Yuan et al., 2024). Conse-
quently, Process Reward Models (PRMs) (Light-
man et al., 2024) and online iterative methods have
regained attention. Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024), popularized
by the DeepSeek series, offers a scalable middle
ground. By utilizing group-based relative base-
lines without a learned Critic, GRPO effectively
stabilizes training for reasoning tasks. Our work
extends GRPO to the biomedical domain, specif-
ically targeting the trade-off between safety and
helpfulness.

2.3 Multi-Objective Optimization in NLP

Balancing multiple capabilities—such as medical
accuracy, safety, and user-friendliness—is a clas-
sic multi-objective optimization (MOO) problem.
Traditional scalarization methods, which combine
losses via static weights, often lead to the "align-
ment tax" or catastrophic forgetting of tasks with
smaller gradient magnitudes (Sener and Koltun,
2018). Recent approaches like Direct Pareto Opti-
mization (Rosset et al., 2024) and dynamic weight
adaptation (Jang et al., 2023) attempt to find the
Pareto frontier of alignment. Unlike Gradient Vac-
cine (Wang et al., 2021) which projects gradients,
our approach addresses the conflict at the reward
level. We introduce dynamic coefficients within the
GRPO framework to normalize learning progress,
ensuring that safety constraints do not prematurely
suppress the model’s reasoning capabilities.

3 Preliminaries and Problem Formulation

3.1 RLHF as a Markov Decision Process

We model the alignment of a biomedical LLM as a
token-level Markov Decision Process (MDP), de-
fined by the tuple (S,A, π,R, γ).

• S: The state space, consisting of the prompt
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x and the sequence of tokens generated so far
y<t.

• A: The action space, corresponding to the
vocabulary V .

• πθ(a|s): The policy (LLM) parameterized by
θ.

• R(s, a): The reward function, which in our
case is non-stationary and composite.

The standard RLHF objective is to maximize
the expected reward subject to a KL-divergence
constraint:

J (θ) = Ex∼D, y∼πθ(·|x)

[
R(x, y)

− β log
πθ(y|x)
πref(y|x)

] (1)

where πref is the SFT model, and β controls the
deviation penalty.

3.2 The Alignment Tax in Medicine

We define the "Alignment Tax" mathematically.
Let Tmed be the set of medical tasks and Tgen be
the set of general instruction tasks. Let P (T ) be
the performance metric on task set T . The align-
ment tax ∆ is defined as the degradation in general
performance when optimizing for medical perfor-
mance:

∆ = P (Tgen|θbase)− P (Tgen|θmed) (2)

where θmed = argmaxθ P (Tmed). In existing
methods, ∆ is often significantly positive. Our
goal is to minimize ∆ while maximizing P (Tmed).

3.3 Proximal Policy Optimization (PPO)
Limitations

PPO optimizes a surrogate objective:

LCLIP (θ) = Et

[
min

(
rt(θ)Ât, clip (rt(θ), 1− ϵ, 1 + ϵ) Ât

)]

(3)
where rt(θ) is the probability ratio and Ât is the

advantage estimated by a Value Network Vϕ(x).
In the medical domain, training Vϕ is notoriously
difficult because the "value" of a partial medical ex-
planation is ambiguous until the final conclusion is
reached. This leads to high variance in Ât, causing
the policy to collapse or oscillate.

4 Methodology

We propose BalancedBio, a framework that by-
passes the instability of PPO by employing Group
Relative Policy Optimization (GRPO) with a spe-
cialized Capability-Aware reward structure.

4.1 Capability-Aware GRPO Algorithm

Unlike PPO, which requires a separate value
network, GRPO estimates the baseline for a
given prompt q by sampling a group of outputs
{o1, o2, . . . , oG} from the current policy πθold . For
each output oi, we compute a composite reward
Rtotal(q, oi). The advantage Âi is then computed
by normalizing the rewards within the group.

For prompt qj and sampled output oj,k, the
composite reward is Rj,k = waccRacc(oj,k) +
wreasRreas(oj,k) + winstRinst(oj,k). We com-
pute group statistics R̄j = 1

G

∑G
k=1Rj,k and

σj =
√

1
G

∑G
k=1(Rj,k − R̄j)2, then use Âj,k =

(Rj,k − R̄j)/(σj + ϵ) in the clipped GRPO objec-
tive with KL regularization. The core innovation is
how Rj,k is constructed and how the update handles
the multi-dimensional nature of medical alignment,
as summarized in Algorithm 1. A complete speci-
fication of the within-group normalization and the
clipped GRPO objective is provided in Appendix E.

Algorithm 1 BalancedBio Training Procedure

1: Input: Dataset D, policy πθ, reference πref ,
group size G, KL coefficient β.

2: Initialize reward weights w and moving suc-
cess rates S.

3: while not converged do
4: Sample prompts B = {q1, . . . , qM} ∼ D.
5: for each prompt qj ∈ B do
6: Generate grouped outputs {oj,k}Gk=1 us-

ing πθ.
7: Score each output with Racc, Rreas, and

Rinst.
8: Update S by EMA and update w via the

PID controller.
9: Compute Rj,k and normalized advantages

Âj,k within the group.
10: end for
11: Optimize the clipped GRPO loss with KL

penalty to πref .
12: Update θ by gradient descent.
13: end while
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4.2 Active Gradient Orthogonality Control
While the Capability Orthogonality Theorem posits
theoretical independence between reasoning and
instruction-following capabilities, stochastic fluc-
tuations during mini-batch optimization can occa-
sionally lead to gradient interference. To bridge
the gap between theory and engineering practice,
we introduce an Active Orthogonality Control
(AOC) mechanism.

Formally, let Lreason and Linstruct denote the loss
functions for the reasoning (GRPO-based) and gen-
eral instruction-following tasks, respectively. At
each training step t, we monitor the gradient vec-
tors of the shared parameters θ:

gR = ∇θLreason, gI = ∇θLinstruct (4)

We compute the cosine similarity Scos between
these task gradients to quantify their instantaneous
alignment:

Scos(gR,gI) =
gR · gI

∥gR∥∥gI∥+ ϵ
(5)

where ϵ is a small constant for numerical stability.
A high absolute value of Scos indicates that the

optimization directions of the two tasks are either
conflicting (negative) or redundantly coupled (pos-
itive), both of which violate the orthogonality as-
sumption. To enforce separation, we introduce an
auxiliary orthogonality penalty Lorth:

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

Here, I(·) is the indicator function, τ is a tolerance
threshold (set to 0.1 in our experiments), and λ is a
dynamic scaling factor. This engineering constraint
acts as a soft barrier, actively penalizing parameter
updates that would cause the capability subspaces
to collapse into each other, thereby ensuring the
structural stability of the multi-capability learning
process.

4.3 Capability-Aware Reward Modeling
A single scalar reward is insufficient for
biomedicine. We decompose the reward function
into three orthogonal components.

4.3.1 Domain Accuracy (Racc)
This is a sparse, hard reward. For multiple-choice
questions (MedQA, MMLU), we parse the output
to check for the correct option key.

Racc(o) =

{
1 if answer is correct
0 otherwise

(7)

For open-ended generation, we utilize a DeBERTa-
v3-large model fine-tuned on MedNLI to check if
the generated conclusion entails the ground truth.

4.3.2 Reasoning Process (Rreas)
To discourage "lucky guesses," we employ a pro-
cess reward. We use a lightweight reward model
trained to identify logical fallacies. Furthermore,
we apply a length penalty to discourage overly brief
answers that lack explanation:

Rreas(o) = σ(RMlogic(o))

+ γ ·min(len(o), Ltarget)
(8)

4.3.3 Instruction Compliance (Rinst)
This component measures adherence to format-
ting constraints (e.g., "Reply in JSON", "No bullet
points"). We use a rule-based parser:

Rinst(o) =
1

|C|
∑

c∈C
I(constraint c is satisfied)

(9)
where C is the set of constraints extracted from the
prompt.

4.4 Dynamic Weight Adaptation via PID
Control

The total reward is Rtotal =
∑

wkRk. A static
assignment of weights wk often leads to the model
optimizing the "easiest" reward (usually Rinst) at
the expense of difficult ones (Racc). To counter this,
we implement a Proportional-Integral-Derivative
(PID) controller for the weights. We maintain a
moving average of the success rate Sk for each
component. The error term for component k is
ek(t) = S̄(t)−Sk(t), where S̄ is the mean success
rate across all components. The weight update rule
is:

wk(t+ 1) = wk(t) · exp
(
Kpek(t)

+Ki

∫
ek(τ)dτ

) (10)

In practice, we use a simplified PI controller. If per-
formance on Domain Accuracy (Sacc) lags behind
Instruction Compliance (Sinst), wacc increases ex-
ponentially, forcing the gradient descent to priori-
tize domain knowledge. Appendix E further speci-
fies the capability-specific success statistics, EMA
smoothing, and the discrete PI-based weight update
used by the controller.
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4.5 Gradient Orthogonality Analysis

The gradient of our objective function can be
viewed as:

∇J ≈
∑

k

wkE[Âk∇ log π(o|q)] (11)

By using group normalization in GRPO, we cen-
ter the advantages Âk. This centering ensures that
for any specific query, the sum of updates is zero-
mean if the outputs are identical. This decorrelates
the updates from the specific prompt content and
focuses them on the difference between good and
bad responses. This effectively orthogonalizes the
optimization directions, allowing the model to im-
prove on reasoning without forgetting syntax, as
the syntax-related gradients (which are likely con-
sistent across the group) are normalized out unless
they differ significantly.

4.6 Theoretical Analysis: Pareto Stationarity

To rigorously justify our Dynamic Weight Adap-
tation mechanism, we analyze the optimization
landscape from the perspective of Multi-Objective
Optimization (MOO). Let the vector of objective
functions be J(θ) = [Jacc(θ), Jreas(θ), Jinst(θ)]

T .
A solution θ∗ is said to be Pareto stationary if
there exists no descent direction d that improves all
objectives simultaneously. Mathematically, this im-
plies that the convex hull of the gradients contains
the origin:

0 ∈ Conv({∇θJk(θ
∗)}Kk=1) (12)

This is equivalent to stating that there exist non-
negative weights λk such that

∑
k λk = 1 and∑

k λk∇θJk(θ
∗) = 0.

In standard scalarization methods (fixed
weights), the optimization converges to a specific
point on the Pareto frontier determined by the
initial weights. However, due to the “Alignment
Tax,” the curvature of the Pareto front in biomedi-
cal LLMs is often non-convex or highly skewed.
A fixed weight vector wfixed often leads to a
solution where one objective dominates (e.g.,
perfect formatting but poor reasoning), effectively
collapsing the optimization to a trivial corner of
the Pareto front.

Our PID-controlled dynamic weights wk(t) can
be viewed as an adaptive search for a preference
vector λ(t) that balances the convergence rates. By
defining the error term ek(t) based on the relative

success rate, we implicitly impose a constraint on
the descent trajectory:

∂Jacc
∂t

≈ ∂Jinst
∂t

(13)

5 Experimental Setup

5.1 Datasets
We utilize a composite dataset for training, ensur-
ing no overlap with evaluation benchmarks. For
supervised fine-tuning, we use 100k samples of
high-quality medical instruction data grounded in
UMLS; we do not claim data curation as a contri-
bution, but instead rely on existing high-quality re-
sources. For reinforcement learning, we construct
prompts from two sources: 20k medical questions
from MedInstruct and ChatDoctor, using prompts
only, and 10k general prompts from UltraChat to
preserve instruction-following capabilities.

5.2 Baselines
We compare against a robust set of 7B-parameter
models to ensure fair comparison on several
benchmarks–BIOMED-MMLU (Hendrycks et al.,
2021), MedQA (Jin et al., 2021), CMExam (Liu
et al., 2023) and IFEval (Zhou et al., 2023).

Intra-family baselines: (1) Qwen-2.5-7B (In-
struct)(Yang et al., 2024), the standard general-
purpose baseline; (2) Qwen-2.5-7B-r1(Guo et al.,
2025), a reasoning model developed based on
qwen2.5-7B.

External baselines: (1) Llama-3.1-8B (In-
struct)(Grattafiori et al., 2024), a general open-
source large language model; (1) Pharm-
0.95(Chen, 2025), a large language model devel-
oped for biomedical domain; (3) Med-PaLM-8B
(Reproduction)(Singhal et al., 2023), for which
we reproduce the method using fine-tuning on
Llama3.1-8B; (4) BioGPT-Large(Luo et al., 2022),
a generative model pre-trained specifically on
biomedical text and (5) ChatDoctor-7B(Li et al.,
2023), representative SFT-based medical models.

5.3 Implementation Details
We initialize BalancedBio with Qwen2.5-7B.

• RL Training: We use the GRPO algorithm
implemented in the TRL library, modified
with our custom reward loop.

• Hyperparameters: Group size G = 16.
Learning rate 1e− 6 with cosine decay. Max
sequence length is 4096.
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• Hardware: Training was conducted on 8 ×
NVIDIA A800 (80GB) GPUs using Deep-
Speed ZeRO-3 offload. The RL phase took
approximately 20 hours.

• Evaluation: We use the official evaluation
scripts for MedQA (0-shot) and MMLU (0-
shot). For IFEval, we use the strict and loose
accuracy metric.

Additional GRPO and controller specifications,
including the clipping coefficient, KL coefficient,
success-rate normalization, EMA smoothing, and
PI-controller parameters, are given in Appendix E.

6 Results and Analysis

6.1 Main Performance Comparison
Table 1 summarizes the performance across three
dimensions: Domain Knowledge, Reasoning, and
Instruction Following.

BalancedBio achieves a remarkable 81.18% on
BIOMED-MMLU and 67.21% on biomedical rea-
soning task, surpassing all the baselines. Crucially,
while the base Qwen2.5 model has a higher IFE-
val score (71.65), our model (69.90) retains sig-
nificantly more general capability than BioGPT
(57.17) or ChatDoctor (61.51). This confirms
our hypothesis that Capability-Aware GRPO ef-
fectively mitigates the alignment tax.

6.2 Qualitative Analysis: Case Study
To better understand the improvements, we analyze
a specific case from the MedQA test set.

Question: A 32-year-old woman presents with
progressive weakness in her arms and legs...
[Symptoms of Guillain-Barre Syndrome]. Which
of the following is the most likely finding on cere-
brospinal fluid (CSF) analysis?

Baseline (ChatDoctor) Response:

Based on the symptoms of weakness,
the patient likely has Multiple Sclero-
sis. Therefore, the CSF finding would
be oligoclonal bands.

Analysis: The baseline jumps to a conclusion based
on surface-level keyword matching ("weakness" →
"MS"), ignoring the specific pattern of ascending
paralysis described in the prompt.

BalancedBio Response:

1. Symptom Analysis: The patient
has ascending muscle weakness and are-
flexia. This clinical picture is highly

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-only baseline and
BalancedBio using 100 manually reviewed incorrect
responses per model (200 responses in total). In the
reviewed samples, the proportion of Reasoning Hallu-
cination errors decreases from 45% for the SFT-only
baseline to 20% for BalancedBio.

suggestive of Guillain-Barre Syndrome
(GBS). 2. Differential Diagnosis: Mul-
tiple Sclerosis usually presents with cen-
tral nervous system signs (e.g., optic neu-
ritis), which are absent here. 3. Patho-
physiology: GBS is an inflammatory de-
myelinating polyneuropathy. 4. CSF
Findings: In GBS, we typically see albu-
minocytologic dissociation (elevated pro-
tein with normal cell count). 5. Conclu-
sion: The correct answer is elevated pro-
tein with normal white blood cell count.

Analysis: BalancedBio demonstrates a structured
chain of thought. It explicitly rules out the differ-
ential (MS) before confirming the diagnosis (GBS).
This step-by-step derivation is a direct result of the
Rreas reward component.

6.3 Error Analysis

We manually reviewed 100 incorrect MedQA re-
sponses from each model (200 responses in total)
using independent random samples from the SFT-
only baseline and BalancedBio error pools. Each
response was assigned one primary failure cate-
gory: Knowledge Gap, Reasoning Hallucination,
or Instruction Failure. Two blinded reviewers
independently labeled the responses before adjudi-
cation. The pre-adjudication exact agreement was
85.5%, with Cohen’s κ = 0.762. Full details of the
sampling procedure, review taxonomy, blinding,
agreement calculation, and adjudication protocol
are provided in Appendix F.

As illustrated in Figure 1, Reasoning Hallucina-
tion accounts for 45% of the reviewed SFT-only
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Domain BalancedBio Intra-family External

Qwen2.5-7B Qwen-2.5-7B-r1 Pharm-0.95 Med-PaLM-8B BioGPT-7B Llama3.1-8B ChatDoctor-7B

BIOMED-MMLU
Anatomy (135) 77.04 53.33 43.70 57.77 68.15 61.48 67.41 59.26
Clinical Knowledge (265) 81.89 63.40 64.53 64.91 73.96 69.43 72.45 71.32
Professional Medicine (272) 82.35 66.54 44.49 73.16 76.84 71.69 77.94 74.26
Medical Genetics (100) 88.00 68.00 60.00 69.00 81.00 74.00 74.00 76.00
College Medicine (173) 73.41 50.87 66.47 60.12 69.36 64.74 65.32 62.43
College Biology (144) 86.11 61.11 66.67 70.83 78.47 73.61 79.17 75.69
Average 81.18 60.54 57.64 65.97 74.63 69.16 73.09 69.83

Biomedical Reasoning
MEDQA (English) 61.43 47.76 32.08 48.49 51.24 46.83 58.44 49.17
CMExam (6811) 72.98 50.52 37.16 59.89 63.74 58.29 49.71 61.36
Average 67.21 49.14 34.62 54.19 57.49 52.56 54.08 55.27

Instruction Following (IFEVAL)
Prompt (Strict) 61.37 66.36 50.28 38.20 58.43 52.17 69.87 55.94
Prompt (Loose) 69.32 68.21 54.71 41.77 61.95 55.83 74.68 59.26
Instruction (Strict) 71.46 75.06 61.99 49.04 66.28 58.74 78.78 63.81
Instruction (Loose) 77.46 76.98 65.71 52.76 69.47 61.93 82.73 67.04
Average 69.90 71.65 58.17 45.44 64.03 57.17 76.52 61.51

Table 1: Main evaluation results. BalancedBio significantly outperforms baselines in domain tasks while minimizing
the regression in instruction following (IFEval) compared to both intra-family and external baselines.

errors and 20% of the reviewed BalancedBio errors.
This descriptive shift is consistent with improved
reasoning reliability after RL alignment. Knowl-
edge Gaps remain the dominant reviewed failure
mode for BalancedBio (60%), suggesting that the
alignment procedure primarily improves the use of
existing knowledge rather than injecting new facts.

6.4 Ablation Studies
We investigate the contribution of each component
in our framework.

Setup MedQA IFEval

BalancedBio (Full) 61.43 69.90
(a) w/o GRPO (use PPO) 58.10 66.45
(b) w/o Dynamic Weights 59.42 66.10
(c) w/o Process Reward 58.36 68.35
(d) w/o AOC 60.25 68.15
(e) SimpleGRPO 58.65 64.90

Table 2: Ablation results.

Component-level analysis. Table 2 shows that
each component contributes to the final perfor-
mance, but in different ways. Replacing GRPO
with PPO reduces both MedQA and IFEval, sug-
gesting that the learned value estimator in PPO
remains unstable for long biomedical reasoning
traces even under the same reward design. Remov-
ing dynamic weights causes a comparable drop,
especially on IFEval, because static reward coeffi-
cients cannot adapt to the different learning speeds
of accuracy, reasoning, and instruction-following
objectives. Dropping the process reward mainly
hurts MedQA while leaving IFEval relatively sta-
ble, indicating that Rreas primarily improves multi-
step medical reasoning rather than surface-level

format compliance. Removing AOC produces a
smaller but consistent degradation, particularly on
instruction following, which suggests that explicit
gradient separation helps protect general capabili-
ties during medical-reasoning updates.

Alignment tax mitigation. The combined abla-
tion further shows that these components are com-
plementary rather than redundant. SimpleGRPO
(Row e), which removes both dynamic weights and
AOC, performs worse than either single removal,
with the largest regression on IFEval. Thus, GRPO
alone provides a stable group-relative baseline but
does not fully prevent cross-objective interference.
In contrast, the full BalancedBio model improves
over the PPO variant on both MedQA and IFE-
val (58.10 → 61.43 and 66.45 → 69.90), rather
than trading instruction following for biomedical
accuracy. This pattern supports our central claim:
dynamic reward balancing keeps lagging objectives
active, while AOC reduces interference between
capability-specific updates, jointly mitigating the
alignment tax.

6.5 Hyperparameter Sensitivity

We analyzed the sensitivity of the model to the
group size G in GRPO.

As shown in Figure 2, increasing G from 4 to 16
improves performance monotonically. With G = 4,
the baseline estimate is noisy, leading to weak ad-
vantage calculations. G = 16 strikes a balance be-
tween performance and GPU memory constraints.

6.6 Training Dynamics and Weight Evolution

To understand how BalancedBio balances conflict-
ing objectives during training, we visualized the
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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.

evolution of the dynamic reward weights (wacc,
wreas, and winst) and the corresponding task per-
formance in Figure 3.

As illustrated in Figure 3, the training process
exhibits two distinct phases driven by the PID con-
troller:

• Phase I (Instruction Stabilization, Steps
0-500): Initially, the model struggles with
strict output constraints such as answer-only
formats. The PID controller detects low
instruction-compliance success and rapidly
increases winst. Consequently, the model
quickly learns to satisfy structural constraints,
leading to a sharp drop in format errors.

• Phase II (Medical Refinement, Steps 500+):
Once instruction compliance stabilizes, the
error signal for Rinst diminishes. The PID
controller reduces the relative emphasis on
winst and shifts more optimization pressure
toward wacc and wreas. This allows the model
to focus on factual correctness and reasoning
quality without forgetting already-mastered
instruction constraints.

Stability. Unlike naive dynamic weighting meth-
ods which often suffer from oscillation, our PID-
based mechanism maintains smooth weight transi-
tions. The integral term (Ki) ensures that weights
do not collapse to zero even when errors are low,
maintaining a necessary pressure to prevent catas-
trophic forgetting of the output format.

Figure 3: Evolution of reward weights during training.
The PID controller initially prioritizes Rinst to stabilize
instruction compliance, then shifts emphasis toward
Racc and Rreas as training progresses.

7 Discussion

7.1 Navigating the Pareto Frontier: Beyond
the Alignment Tax

Our results suggest that the biomedical alignment
tax is better understood as objective interference
rather than an unavoidable cost of domain special-
ization. In PPO-style scalarized training, noisy
biomedical reasoning gradients can be dominated
by safety or format signals, leading to over-refusal
or weakened helpfulness (Lin et al., 2024).

GRPO mitigates this issue by using a group-
relative baseline for each prompt: updates are
driven by the relative quality of candidate re-
sponses, so correct clinical reasoning trajecto-
ries can be reinforced without globally penalizing
long or cautious answers. This explains why Bal-
ancedBio improves MedQA and BIOMED-MMLU
while keeping IFEval close to the base model, indi-
cating movement toward a more favorable Pareto
trade-off rather than single-objective medical spe-
cialization (Rame et al., 2023).

7.2 Orthogonality as a Stability Mechanism

AOC provides a complementary stabilization mech-
anism. The ablation results show that removing
AOC mainly hurts IFEval, which is consistent with
interference between medical reasoning updates
and general instruction-following behavior.

By monitoring gradient cosine similarity and pe-
nalizing overly coupled updates, AOC encourages
capability-specific gradients to remain separated
enough that improvements in biomedical reason-
ing do not overwrite formatting and instruction-
following skills. We do not claim that LLM capa-
bilities are strictly modular; rather, our evidence
suggests that a soft orthogonality constraint is a use-
ful regularizer for multi-objective RL, especially
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when combined with dynamic reward weighting.

8 Conclusion

We introduced BalancedBio, a unified alignment
framework designed to navigate the complex trade-
offs inherent in biomedical Large Language Mod-
els. By shifting the prevailing paradigm from labor-
intensive data curation to algorithmic innovation,
we demonstrated that the "alignment tax" is not an
intrinsic limitation of domain adaptation, but rather
a consequence of gradient interference between
competing objectives. Through the novel applica-
tion of Capability-Aware GRPO coupled with Dy-
namic Weight Adaptation, we successfully allowed
the model to approximate the Pareto-optimal fron-
tier where rigorous clinical judgment and helpful
instruction-following coexist.

Limitations

Despite the success, BalancedBio has limitations.
First, the Dynamic Weight Adaptation assumes that
the success rates Sk are comparable. In reality,
some tasks are intrinsically harder. Second, our
method relies on the existence of a robust reward
model or verifier. In domains where verification is
as hard as generation (e.g., novel creative writing),
this approach may be less effective.
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Appendix

A Small-Scale Model Validation

To validate scalability, we trained a 0.5B version of
BalancedBio. Results in Table 3 show consistent
improvements over the Qwen2.5-0.5B base.

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 Orthogonality

Note: The following derivation assumes idealized
conditions (convex parameter space, Lipschitz con-
tinuous gradients) to provide intuition for the sys-
tem design. These guarantees may not strictly hold
in the non-convex landscape of deep neural net-
works.

Setup. Let capability domains be C =
{D,R, I}. We assume the parameter space Θ ⊆
Rd is compact.

Gradient Decorrelation. The GRPO advantage
operator A projects rewards such that

∑
A(r)i =

0. For samples from different capabilities c1, c2,
the expectation of the inner product of updates is
bounded by the cross-capability correlation ρ. By
stratified sampling in GRPO, we enforce diversity
in the batch, effectively lowering ρ.

Pareto Optimality Motivation. Under the as-
sumption of locally convex loss functions, orthogo-
nal gradients imply that a descent step in Li does
not increase Lj (for i ̸= j). This motivates our
adaptive weighting scheme, which dynamically pe-
nalizes the dominant gradient direction if it con-
flicts with underperforming capabilities.

C Detailed Reward Formulations

C.1 Format Reward Parser
We implemented a regex-based parser to validate
instruction compliance. The parser supports the
following constraints:

• JSON Format: Checks for valid JSON syntax
using ‘json.loads()‘.

• Bullet Points: Checks for lines starting with
‘-‘ or ‘*‘.
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Figure 4: The evolution of the three reward components
during training. The Instruction Compliance reward
rises early as the model learns output constraints, while
Domain Accuracy and Reasoning Process continue to
improve during the later medical-refinement phase.

• Length Constraints: Checks word count.

• Negative Constraints: Checks for the ab-
sence of specific keywords (e.g., "Do not men-
tion ’I am an AI’").

C.2 Process Reward Model Training
The process reward model RMlogic is a DeBERTa-
v3-large classifier trained on a subset of the
PRM800K dataset, adapted for medical logic. We
annotated 5,000 medical reasoning steps as "Valid",
"Neutral", or "Fallacious". The model achieves an
F1 score of 0.82 on the held-out test set.

D Additional Training Dynamics

Figure 4 shows the evolution of the three reward
components during training.

We observe that initially, Instruction Following
improves rapidly. Without dynamic weights, the
model would plateau here. However, our mech-
anism increases the weight of the Domain Accu-
racy reward, causing a secondary phase of learning
where the model focuses on factual correctness.

E Detailed Normalization and
Mathematical Definitions

This appendix provides a step-by-step description
of the normalization operations used in Balanced-
Bio. We distinguish two normalization levels: (i)
within-group reward normalization, which converts
the composite reward of each sampled response
into the group-relative advantage used by GRPO,
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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.

and (ii) cross-objective success-rate normalization,
which is used by the dynamic weighting controller
to compare the learning progress of domain accu-
racy, reasoning quality, and instruction compliance.
These definitions make explicit the quantities that
are only summarized in the main text.

E.1 Notation
For a prompt qj , the current policy samples a group
of G candidate responses,

Oj = {oj,1, oj,2, . . . , oj,G}. (14)

For each candidate response oj,k, we compute three
capability-specific reward components:

Racc(oj,k), Rreas(oj,k), Rinst(oj,k),
(15)

corresponding respectively to biomedical/domain
accuracy, reasoning-process quality, and instruc-
tion compliance. At training step t, the dynamic
controller assigns non-negative weights

wacc(t), wreas(t), winst(t). (16)

The composite reward for the k-th response to
prompt qj is therefore

Rj,k(t) = wacc(t)Racc(oj,k)

+ wreas(t)Rreas(oj,k)

+ winst(t)Rinst(oj,k).

(17)

This is the scalar reward used for group-relative
normalization; the capability-specific components
remain separately tracked for dynamic weight adap-
tation.

E.2 Within-Group Reward Normalization

For each prompt qj , the group mean reward is

R̄j =
1

G

G∑

k=1

Rj,k, (18)

and the corresponding within-group standard devi-
ation is

σj =

√√√√ 1

G

G∑

k=1

(
Rj,k − R̄j

)2
. (19)

The normalized group-relative advantage is then

Âj,k =
Rj,k − R̄j

σj + ϵ
, (20)

where ϵ > 0 is a small numerical-stability constant
(ϵ = 10−8).

Equation 20 has two useful properties. First, the
advantages are centered within each prompt group:

G∑

k=1

(
Rj,k − R̄j

)
= 0. (21)

Thus, the update for a prompt depends on the rel-
ative quality of its sampled responses rather than
on the absolute scale of the reward for that prompt.
Second, division by σj + ϵ reduces sensitivity to
prompt-specific reward scale. A response receives
a positive advantage when its composite reward
exceeds the group mean and a negative advantage
when its reward falls below the group mean.

When all responses in a group receive nearly
identical rewards, σj ≈ 0. In this case, the numera-
tor in Equation 20 is also close to zero, and ϵ pre-
vents numerical instability. In the implementation,
such groups are retained with near-zero advantages;
no explicit variance-threshold filtering is applied.

E.3 Connection to the GRPO Objective

Let πθ denote the current policy, πθold the behavior
policy used to generate the group, and πref the
reference policy. For token/action index u, define
the importance ratio

rj,k,u(θ) =
πθ(aj,k,u | sj,k,u)
πθold(aj,k,u | sj,k,u)

. (22)

The normalized advantage from Equation 20 is
used in the clipped policy objective. Abstracting
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away token aggregation details, the policy term can
be written as

ℓclipj,k,u(θ) = min
{
rj,k,u(θ)Âj,k,

clip
(
rj,k,u(θ),

1− η, 1 + η
)
Âj,k

}
.

(23)

LGRPO = − Ej,k,u

[
ℓclipj,k,u(θ)

]

+ βDKL (πθ ∥πref) .
(24)

where η is the clipping parameter and β is the KL
coefficient. The exact implementation uses the
GRPO routine in TRL with the custom reward loop
described in the main paper. In the reported experi-
ments, we use η = 0.2 and β = 0.04.

E.4 Capability-Specific Success Rates
The dynamic weighting mechanism does not di-
rectly compare the raw scales of Racc, Rreas,
and Rinst. Instead, for each capability c ∈
{acc, reas, inst}, we track a success statistic Sc(t)
on a common progress scale.

Let zc,n(t) denote the per-example success value
for capability c in the current training batch. The
batch-level success estimate is

S̃c(t) =
1

Nt

Nt∑

n=1

zc,n(t), (25)

where Nt is the number of evaluated samples at
step t. In the implementation, zc,n(t) is defined as

zc,n(t) =





I[final answer is correct], c = acc,

σ(RMlogic(on)), c = reas,

Rinst(on), c = inst.
(26)

All three controller success statistics are
bounded in [0, 1]. For reasoning, we use only the
bounded logic-confidence term σ(RMlogic) as con-
troller feedback. The length component remains
part of the full reasoning reward Rreas used in the
composite training reward, but is excluded from
Sreas so that the cross-objective success statistics
remain comparable.

To smooth mini-batch noise, the running success
rate is updated with an exponential moving average
(EMA):

Sc(t) = αSc(t− 1) + (1− α)S̃c(t), (27)

where α = 0.95. The initial value is Sc(0) = 0.5.

The mean capability success at step t is

S̄(t) =
1

3
(Sacc(t) + Sreas(t) + Sinst(t)) . (28)

The controller error for capability c is

ec(t) = S̄(t)− Sc(t). (29)

Hence, a lagging capability has ec(t) > 0, while a
capability that is learning faster than the average
has ec(t) < 0.

E.5 PI-Based Dynamic Weight Update
The main paper describes the dynamic controller as
a simplified PI controller. Using discrete training
steps, the accumulated error can be written as

Ec(t) =
t∑

τ=1

ec(τ). (30)

The multiplicative weight update is

wc(t+ 1) = wc(t) exp (Kpec(t) +KiEc(t)) ,
(31)

where Kp = 0.10 and Ki = 0.01.
If Sacc(t) < S̄(t), then eacc(t) > 0 and Equa-

tion 31 increases the relative emphasis on domain
accuracy. Conversely, if instruction compliance
is already above the mean progress, einst(t) < 0
reduces its relative optimization pressure. This
closed-loop update is intended to prevent the easi-
est objective from dominating training.

After the multiplicative PI update, we first clip
each unnormalized weight to [0.1, 0.8] and then
renormalize the three weights to sum to one:

w̃c(t+ 1) =
wc(t+ 1)∑
c′ wc′(t+ 1)

. (32)

F Detailed Manual Error Analysis
Protocol

This section documents the manual error-analysis
procedure used to compare the SFT-only baseline
with BalancedBio on incorrect MedQA responses.
The purpose of this analysis is diagnostic rather
than to estimate the overall benchmark accuracy: it
characterizes why selected incorrect responses fail.

F.1 Sample Selection
We first identify responses that are incorrect un-
der the official MedQA evaluation criterion. From
these errors, we manually review 100 incorrect re-
sponses from each model (200 responses in total).

58113



The sampling procedure is simple random sampling
without replacement, using random seed 42.

The two systems are evaluated with an unpaired
annotation design: incorrect responses are sampled
independently from the SFT-only baseline and Bal-
ancedBio error pools. This avoids conditioning the
analysis on questions that both systems fail and al-
lows the reported proportions to characterize each
model’s own error distribution.

F.2 Error Taxonomy
Each incorrect response is assigned one primary
failure category. The three categories are defined
as follows:

Knowledge Gap. The response lacks, misstates,
or substitutes a biomedical fact that is necessary
to answer the question correctly. Typical cases in-
clude an incorrect drug–target relationship, disease
association, anatomical fact, laboratory pattern, or
other domain-specific factual error. The defining
property is that the failure is primarily attributable
to missing or incorrect knowledge rather than to an
invalid inference over otherwise available facts.

Reasoning Hallucination. The response con-
tains relevant biomedical facts or intermediate ob-
servations but combines them incorrectly, follows
an invalid causal or diagnostic chain, fails to rule
out an incompatible alternative, or reaches a conclu-
sion that does not logically follow from the stated
evidence. This category therefore captures fail-
ures in the connection between facts rather than the
mere absence of the facts themselves.

Instruction Failure. The response contains the
substantively correct answer but violates an explicit
output or formatting requirement used by the eval-
uation. Examples include returning an explanation
without the required option label or failing to fol-
low another explicit response-format constraint.

F.3 Primary-Label Decision Rule
Some responses can exhibit more than one defect.
To obtain a mutually exclusive error distribution,
reviewers assign a single primary label based on
the failure judged to be most directly responsible
for the incorrect evaluation outcome. We use the
following decision procedure:

1. Determine whether the substantive medical
answer is correct but the explicit output re-
quirement is violated. If yes, assign Instruc-
tion Failure.

2. Otherwise, determine whether the decisive
biomedical fact required for the correct an-
swer is absent or factually wrong. If yes, as-
sign Knowledge Gap.

3. Otherwise, if the necessary facts are substan-
tially present but their interpretation, ordering,
causal connection, differential diagnosis, or
final inference is invalid, assign Reasoning
Hallucination.

F.4 Reviewers and Blinding

The responses are independently reviewed by two
reviewers with graduate-level training in biomedi-
cal sciences and at least three years of experience
in biomedical NLP and medical QA evaluation. Be-
fore full review, the reviewers jointly reviewed a
20-sample pilot set (excluded from the reported
200 responses), discussed disagreements, and final-
ized the category definitions before independent
review.

During independent labeling, reviewers were
blinded to model identity. Model names and
system-specific metadata were removed before re-
view, and responses were presented in randomized
order. Reviewers had access to the question stem,
answer options, gold answer, and model response,
but not the model identity.

F.5 Inter-Expert Agreement

For two independent reviewers, we report both ex-
act agreement and Cohen’s κ. Let y(1)n and y

(2)
n be

the labels assigned by the two reviewers to sample
n. The observed agreement is

po =
1

N

N∑

n=1

I
[
y(1)n = y(2)n

]
. (33)

Let p(1)c and p
(2)
c denote the marginal probabilities

with which reviewers 1 and 2 assign category c.
The chance agreement is

pe =
∑

c

p(1)c p(2)c . (34)

Cohen’s κ is

κ =
po − pe
1− pe

. (35)

Across the independently reviewed set, the exact
agreement was 85.5%, and Cohen’s κ was 0.762.
There were 29 disagreements before adjudication.
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F.6 Adjudication
After independent review, disagreements were
resolved through consensus discussion between
the two reviewers. The adjudicated labels were
used for the final error distribution, while the pre-
adjudication labels were retained for the agreement
calculation in Section F.5.

F.7 Reporting the Error Distribution
For model m and error category c, let Nm,c denote
the number of adjudicated errors assigned to cate-
gory c, and let Nm be the total number of reviewed
incorrect responses for that model. We report

p̂m,c =
Nm,c

Nm
. (36)

The percentages shown in the error-distribution
figure correspond to 100× p̂m,c.

Because the manual review is conducted on a
limited sample of incorrect responses, these per-
centages are interpreted as descriptive error propor-
tions rather than as population-level failure proba-
bilities. Unless a formal hypothesis test is reported,
we therefore avoid using “statistically significant”
or equivalent language for differences between er-
ror categories.

F.8 Reviewer Confusion Matrix
Table 4 reports the pre-adjudication confusion ma-
trix between the two reviewers and shows which
category boundaries account for the observed dis-
agreements.

Reviewer 2
Reviewer 1 KG RH IF
KG 90 8 5
RH 6 55 2
IF 3 5 26

Table 4: Pre-adjudication confusion matrix between two
independent reviewers. KG = Knowledge Gap; RH =
Reasoning Hallucination; IF = Instruction Failure.
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