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Executive Summary
Building a Reinforcement Learning from Human Feedback (RLHF) pipeline for clinical large

language models (LLMs) promises to enhance their reliability, safety, and usefulness in

healthcare. Such a pipeline integrates human expertise—typically from clinicians—into the

training process to align model outputs with medical best practices and human values. This

report presents a comprehensive architecture and implementation guide for a clinical RLHF

pipeline. It covers the origins and motivations for RLHF, details each pipeline stage (from

pretraining and supervised fine-tuning to preference labeling, reward modeling, and RL

optimization), and highlights the special considerations in the healthcare domain (data privacy,

regulatory compliance, clinician involvement, and evaluation). We compare alternative alignment

approaches, analyze relevant data and studies, and examine use cases. Key conclusions include:

Alignment Needs in Healthcare: Clinical LLMs must achieve high factual accuracy and

safety. RLHF helps align models with medical guidelines and clinician preferences, mitigating

risks like hallucinations or biased advice (pmc.ncbi.nlm.nih.gov) (www.mdpi.com).

Pipeline Stages: A typical RLHF pipeline involves (1) pretraining or selecting a foundation

LLM; (2) supervised fine-tuning (SFT) on domain-specific data; (3) collecting human

preference data (e.g. clinicians ranking model outputs); (4) training a reward model on these

preferences; and (5) fine-tuning the LLM with an RL algorithm (commonly PPO) to maximize

the learned reward (wandb.ai) (wandb.ai).

Human Feedback Integration: In healthcare, feedback must come from trained

professionals (doctors, nurses) using carefully designed evaluation tasks. Their input (often

pairwise comparisons of answers) is used to train the reward model as a proxy for expert

judgment (wandb.ai) (www.simbo.ai).

Data and Tools: The pipeline requires large, high-quality medical datasets (e.g. electronic

health records, medical literature) for initial fine-tuning. Privacy-preserving techniques (de-

identification, federated learning, differential privacy) are critical (pmc.ncbi.nlm.nih.gov)

(pmc.ncbi.nlm.nih.gov). Open-source libraries like Hugging Face Transformers and RLHF

tools (e.g. trl ) facilitate implementation.

Regulatory and Ethical Compliance: The design must align with healthcare regulations

(HIPAA, FDA guidelines, WHO ethics) and incorporate bias mitigation and auditing. For

instance, WHO guidance emphasizes embedding ethics and human rights into AI design

(www.who.int). Rigorous testing and continuous monitoring (closed-loop oversight) ensure

safety and compliance (www.simbo.ai) (pmc.ncbi.nlm.nih.gov).

Effectiveness Evidence: Studies show RLHF improves alignment and human preference

metrics (openai.com) (wandb.ai), while leading medical LLMs (e.g. Google’s Med-PaLM)

have demonstrated very high accuracy on exam benchmarks after domain-specific training

(sites.research.google) (sites.research.google). Surveys indicate growing investment in
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healthcare AI; one found ~64% of organizations are actively deploying generative AI in

healthcare (www.techtarget.com).

Case Examples: Specialized applications include AI assistants for documentation, medical

Q&A, and administrative tasks. For example, RLHF-trained systems can automate insurance

authorizations under CMS guidelines, flagging uncertain cases for human review

(www.simbo.ai) (www.simbo.ai).

Challenges and Future Directions: Key issues include the complexity of training (human-

in-the-loop cost, model debugging issues (openai.com) (openai.com)), and ensuring reward

models accurately reflect nuanced clinical values. Future work involves multi-modal models

(integrating images, labs), continual learning in deployed systems, federated updates, and

stronger evaluation metrics.

In summary, the RLHF pipeline architecture for clinical LLMs integrates advanced technical

components with domain expertise and robust governance. When properly implemented, it can

produce powerful, aligned language models that augment healthcare decision-making while

safeguarding patients and providers. This report provides the detailed background, design

considerations, and practical guidance to build such a pipeline, with extensive references to

current research and practice.

Introduction and Background
The advent of large language models (LLMs) has revolutionized many domains of natural

language processing. Models such as GPT-3.5, GPT-4, and LLaMA contain billions of parameters

and excel at generating coherent text (www.mdpi.com). In healthcare, LLMs hold promise for

summarizing medical records, drafting reports, answering clinical questions, and more

(www.mdpi.com) (pmc.ncbi.nlm.nih.gov). We refer to clinical LLMs as those tailored or fine-

tuned for medical tasks, potentially pretrained on biomedical literature and patient records (e.g.

BioGPT, Med-PaLM (sites.research.google)).

However, raw LLM outputs can be unreliable: they may “hallucinate” false medical facts, display

bias, or violate privacy. For example, LLMs sometimes produce confident but incorrect medical

advice (pmc.ncbi.nlm.nih.gov). In critical domains like healthcare, such errors are unacceptable.

Hence, simply using a generative model is insufficient. Instead, models must be aligned to

clinical goals and values: they should prioritize accuracy, obey medical guidelines, and reflect

clinician judgment.Reinforcement Learning from Human Feedback (RLHF) is a key emerging

technique for aligning LLMs with human preferences (wandb.ai) (huggingface.co). In RLHF,

human evaluators (or experts) compare different model outputs and indicate which are better,

creating data that trains a reward model to mimic their preferences. This reward model then

guides further training: a reinforcement learning algorithm (often PPO) adjusts the LLM to

maximize the reward. The result is an LLM fine-tuned not just on raw text likelihood, but on what

humans consider most helpful or correct (wandb.ai) (wandb.ai).
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Healthcare provides a compelling application for RLHF: clinician feedback can teach the model

to emphasize diagnostic caution, use evidence-based knowledge, and avoid unacceptable

answers. For instance, Simbo AI notes that in healthcare “AI programs improve how they make

decisions by getting feedback from healthcare workers… creating AI tools that are safer and

follow rules, such as those from CMS and HIPAA” (www.simbo.ai). This ‘closed-loop monitoring’

via RLHF offers continual safety checks on AI outputs (www.simbo.ai). Accordingly, there is

intense interest in applying RLHF in medical domains.

This report analyzes how to build an RLHF pipeline specifically for clinical LLMs. We cover

historical context (LLM and RLHF development), fundamental concepts of RLHF (architecture of

its components), domain-specific considerations (medical data and regulations), and practical

implementation (tools, algorithms, infrastructure). We include multiple perspectives – academic

research findings, industry case examples, and policy guidance – to produce a thorough guide.

All claims are grounded in credible sources, and detailed analysis is provided for each subtopic.

Historical Evolution: LLMs and RLHF
The history of LLMs spans decades, from early statistical models to the modern transformer era.

Early language models in the 1980s were simple n-gram counts (www.mdpi.com). Neural

approaches emerged with word2vec and LSTMs (www.mdpi.com). The 2017 introduction of the

transformer architecture (www.mdpi.com) (sites.research.google) was pivotal: it led to powerful

pretrained models like BERT and GPT that could capture syntax and semantics at scale. By

2023, systems like GPT-4 and Google Bard had multi-billion parameter sizes and human-like

fluency (www.mdpi.com). Medical AI also embraced these advances: specialized models (e.g.

BioBERT, ClinicalBERT) and multi-modal medical AI models (Med-PaLM, PathChat

(www.mdpi.com) (pmc.ncbi.nlm.nih.gov)) began to emerge.

Parallel to LLM growth, researchers recognized that raw pretraining on text might not yield

desired behavior. For open-ended chatbots or assistants, alignment to human values became a

critical challenge. In 2017, Christiano et al. introduced a seminal RLHF method in NeurIPS:

instead of manually specifying reward functions, train RL agents on human preferences between

trajectory pairs (proceedings.neurips.cc). They showed this “separates learning the goal

(preferences) from learning behavior” and dramatically reduced needed human labels (~1 hour

of labeling versus 100% of interactions) (proceedings.neurips.cc).

RLHF in NLP. In 2019, OpenAI fine-tuned a 774M-parameter GPT-2 with human preferences

(openai.com). That project had humans rate different continuations of text or summaries. The

RLHF-tuned model was preferred to the base GPT-2 model 88% and 86% of the time on

sentiment and descriptiveness tasks, respectively (openai.com). For summarization, they

needed ~60,000 comparisons to train a robust reward model, whereas simpler stylistic tasks

needed only ~5,000 (openai.com) (openai.com). This fine-tuning showed clear benefits (human

score up), but also revealed pitfalls: the trained model learned to copy sentences to ensure
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accuracy (a heuristic that satisfied labelers) (openai.com), illustrating how labeler behavior can

influence outcomes.

Building on this, SFT+RLHF became state-of-the-art for alignment. The InstructGPT series

(Ziegler et al. 2019) described how they fine-tuned GPT-3 with RLHF for helpfulness and safety

(openai.com). The eventual ChatGPT and GPT-4

models, though not publicly documented in detail, are known to use extensive instruction tuning

and RLHF (wandb.ai) (wandb.ai). Kuchyu et al’s analysis indicates that methods like RLHF and

newer variants (e.g. Direct Preference Optimization) improve response appropriateness without

broadening coverage (www.mdpi.com).

Medical AI Context. In healthcare, the LLM era accelerated around 2020–2023. Models like

Med-PaLM (Google) and various open-source “BioLLMs” were introduced. Google’s Med-PaLM

(PaLM tuned on medical QA data) notably achieved >60% on USMLE questions

(sites.research.google), surpassing the exam passing threshold. Med-PaLM 2 later reached

~86.5% accuracy on MedQA (sites.research.google). Such results hint at the power of domain

fine-tuning. However, pure performance on exams is just one metric. The medical community

stresses that beyond benchmarks, AI must be validated in clinical workflows, with strict

oversight (pmc.ncbi.nlm.nih.gov) (www.mdpi.com). This is where RLHF can bridge gaps: aligning

models to the nuanced standards of physicians. Indeed, professional guidelines now focus on

ethics, transparency, and safety in medical AI (pmc.ncbi.nlm.nih.gov) (www.who.int). For

example, NPJ Digit. Med. emphasizes the vital need to regulate LLMs carefully, given their

tendency to hallucinate or amplify biases, which could endanger patients (pmc.ncbi.nlm.nih.gov)

(www.mdpi.com). Incorporating human feedback is a promising strategy to meet these

challenges.

RLHF Pipeline Overview and Architecture
Figure 1 depicts the high-level architecture of an RLHF pipeline for a clinical LLM. The pipeline

has multiple stages in sequence, each refining the model further:

Stage 1: Foundation Model / Pretraining. Begin with a pretrained LLM (e.g. GPT-3, LLaMA, or a

biomedical LLM). Pretraining on broad text (and optionally domain-specific corpora) gives the model

base linguistic and factual knowledge (www.mdpi.com) (pmc.ncbi.nlm.nih.gov). For clinical LLMs,

this may involve initializing from a public model and further exposing it to medical text (research

literature, textbooks, medical records).
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Stage 2: Supervised Fine-Tuning (SFT). Create an initial task-specific dataset (prompt-response

pairs) guided by domain experts. This SFT dataset could consist of clinician-written answers to

typical medical prompts (e.g. patient questions, history-taking, summarizing records). Fine-tuning

the foundation model on this data provides a strong baseline aligned with correct medical style and

content. It “enables it to learn and mimic human-like answers” as needed in healthcare (wandb.ai)

(www.mdpi.com). SFT often involves iterative editing: subject-matter experts may craft outputs or

corrections for model drafts. For example, OpenAI and others have used human demonstrations as

part of SFT (sometimes called learning from demonstration).

Stage 3: Preference Data Collection. Generate many model outputs and collect human judgments.

At this stage, the (SFT-tuned) LLM produces candidate answers to prompts. Domain experts

(doctors, nurses, medical students under supervision) are shown multiple outputs per prompt

(typically two or more) and asked to rank or choose the best answer. These comparisons yield

preference data. They should be designed for clarity: for each prompt, experts pick which of two

replies is medically more accurate, helpful, understandable, or compliant. The data may also include

annotations of specific problems (e.g. factual error or unsafe advice). As Hugging Face notes,

evaluators indicate preferences on multiple outputs (wandb.ai). In the clinical pipeline, careful UI/UX

is needed to streamline this process for busy experts.

Stage 4: Reward Model Training. Using the collected preferences, train a reward model (RM) that

predicts human judgments. The RM is itself a neural network (often a small transformer) that takes a

prompt or context and a proposed answer and produces a score reflecting estimated preference.

Typically, the model is trained so that, for each pair, the model’s predicted scores align with the

human label (often via a logistic or ranking loss). In RLHF, the RM stands in for human feedback

during automated training. As Brett Young explains, “The collected preference data is used to train a

reward model… [that] learns to assign higher scores to outputs that better match human

preferences. This reward model then acts as a stand-in for human judgment during training.”

(wandb.ai). In healthcare, the reward model must capture nuanced clinical adequacy (accuracy,

safety) as judged by medical professionals.

Stage 5: RL Optimization (Final Fine-Tuning). Finally, perform reinforcement learning on the LLM

using the reward model as the environment. The objective is to adjust the LLM so its outputs

maximize the RM score. In practice, algorithms like Proximal Policy Optimization (PPO) are used

(wandb.ai). The LLM (policy) generates answers, the RM gives a reward score, and the RL algorithm

updates the LLM’s parameters. Modern implementations incorporate a KL-divergence penalty to

keep the new policy close to the original (to avoid degenerate solutions) (wandb.ai) (wandb.ai).

OpenAI’s fine-tuning of GPT-2 noted using a KL constraint. Through repeated RL training, the model

learns to prefer outputs that the RM predicts experts will approve, effectively learning the clinicians’

target behavior. The Hugging Face tutorial notes: after reward model training, “the main model… tries

to maximize the scores assigned by the reward model” (wandb.ai).

Stage 6: Evaluation and Deployment. The final model is evaluated extensively (see Evaluation

Section). Once validated, it can be deployed in clinical settings or applications (e.g. integrated into

EHR systems or digital assistants).

A summary of these stages is given in Table 1 below, detailing purposes, tasks, and

considerations:
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Stage Key Purpose Main Activities Requirements & Challenges

Foundation

Pretraining

Acquire broad language

understanding and

knowledge.

Train or select a large LLM on

general + medical corpora.

Needs massive compute; ensure diverse,

high-quality medical text; privacy safe.

Supervised

Fine-Tuning

Adapt model to medical

tasks and style.

Fine-tune on curated prompt-

answer pairs by experts.

Requires preparing or generating quality

training examples; domain expertise; risk

of overfitting domain quirks.

Preference

Collection

Gather human judgments

of output quality.

Present multiple outputs per prompt

to clinicians; record preferences

(rankings, scores).

Time-consuming; requires well-designed

labeling interface; must minimize

ambiguity in tasks.

Reward Model

Training

Model human preferences

as a learnable objective.

Train RM on preference data (pairs,

rankings).

Needs enough data (can be 10k+

comparisons); ensuring RM generalizes;

avoiding bias in labels.

RL Fine-

Tuning (PPO)

Optimize LLM outputs to

maximize physician-

approved reward.

Run RL loop with the RM as reward

signal (often using PPO).

Machine-intensive; proper

hyperparameters (learning rate, KL

weight); stable training to avoid collapse.

Evaluation &

Monitoring

Verify model safety,

accuracy, and compliance.

Test on held-out prompts; audit for

bias/hallucination; pilot with

clinicians.

Develop medical-specific evaluation

metrics; continuous monitoring under

regulation; gather new feedback.

Table 1: RLHF Pipeline Stages for Clinical LLMs. Each stage builds on the previous, combining

machine learning with human expertise to align the model with clinical needs.

How RLHF Works: Concepts and Methods

RLHF combines supervised learning and reinforcement learning in a multi-step process.

Hugging Face describes RLHF as “a methodology for integrating human data labels into a

reinforcement learning–based optimization process” (huggingface.co) — in other words, the

pipeline translates human preferences into a reward function to guide RL. The core components

(Figure 1) include a policy model (the LLM being tuned), a reward model (trained on human

comparisons), and a training loop connecting them.

1. Supervised Fine-Tuning (Warm Start). Before RL, the LLM is usually fine-tuned in a supervised

manner on high-quality examples. This yields an initial policy that performs reasonably well on the

target task. For example, one may fine-tune on question-answer pairs or summarization examples.

As the Weights & Biases tutorial notes, this step “begins with data collection where humans…provide

demonstrations of ideal responses…The language model is then trained using supervised fine-tuning

on this data” (wandb.ai).

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent RLHF Pipeline for Clinical LLMs: An Implementation Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 7 of 23

https://huggingface.co/learn/deep-rl-course/unitbonus3/rlhf#:~:text=Reinforcement%20learning%20from%20human%20feedback,challenge%20of%20modeling%20human%20preferences
https://wandb.ai/byyoung3/huggingface/reports/What-is-RLHF-Reinforcement-learning-from-human-feedback-for-AI-alignment--VmlldzoxMzczMjEzMQ#:~:text=The%20process%20begins%20with%20data,as%20a%20strong%20starting%20point
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=rlhf-pipeline-for-clinical-llms-an-implementation-guide.pdf
https://intuitionlabs.ai/articles/rlhf-pipeline-clinical-llms?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=rlhf-pipeline-for-clinical-llms-an-implementation-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=rlhf-pipeline-for-clinical-llms-an-implementation-guide.pdf


2. Preference Gathering and Reward Modeling. The next step generates outputs to be evaluated by

humans. Consider a set of clinical prompts (e.g. patient questions). The current policy model

produces multiple candidate answers for each prompt. Human experts review these candidates

pairwise or as a group and rank or choose the best ones (wandb.ai). For instance, an MD might see

two possible diagnoses or explanations and select which one is clearer or more accurate. Formally,

each feedback item is a comparison (prompt, response A, response B, preference)  indicating “A

is preferred over B” or vice versa. These data are used to train a separate reward model: a neural

network R(prompt, response) → score  that approximates the probability that a human would prefer

that response. In practice this often means minimizing a ranking loss or using logistic regression on

the preference labels.

Reward Model Role: Once trained, the reward model “acts as a stand-in for human

judgment” during automated training (wandb.ai). The reward model’s output is a scalar

reward signal (e.g. high for good responses). Because collecting human labels for every

training update is infeasible, the reward model provides a differentiable estimate of

preference.

3. Reinforcement Learning (PPO). With a learned reward model in place, the pipeline enters

the RL fine-tuning stage. The LLM policy generates responses, receives a reward from R ,

and updates its parameters to increase expected reward. The standard algorithm used is

Proximal Policy Optimization (PPO) (wandb.ai), a policy-gradient method. PPO is favored

because it allows large models to be updated stably by clipping updates that diverge too far

from the original policy. Intuitively, we want the updated model to produce responses that

the reward model (hence humans) rate highly, while not straying too far from the initial

distribution (to avoid forgetting or collapsing). In each PPO update, we combine the reward

from R  with a KL penalty or trust region term relative to the model’s pre-update policy.

As the RLHF tutorial explains, after training the reward model “the main model… tries to

maximize the scores assigned by the reward model” (wandb.ai). In practice this means

optimizing the expected reward via gradient ascent, using sampled interactions (prompt,

response, reward)  in the PPO objective. The Weights & Biases report elaborates that PPO

uses the reward model’s score as the signal (“advantage”) and applies clipping to policy

updates (wandb.ai).

4. Loops and Iteration. Often, RLHF pipelines iterate: after some PPO updates, new responses are

generated and potentially more human feedback is collected (online data collection). OpenAI found

that online data collection (updating RM as the policy changes) improved performance for complex

tasks (openai.com) (openai.com). However, this also introduces engineering complexity. In many

implementations, training alternates between collecting large batches of preference data and fine-

tuning on them (a batched approach).
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5. Practical Considerations: Several “lessons learned” have emerged. The OpenAI fine-tuning

experience noted RLHF pipelines can be very complex, with many moving parts (openai.com).

Software bugs (e.g. sign flips) can cause catastrophic failures (e.g. the model learning to output only

undesirable content) (openai.com). Ensuring data quality in live labeling is difficult at scale

(openai.com). Ambiguous tasks (e.g. summarizing a text) make preferences hard to label

consistently (openai.com). All these issues apply in health as well; indeed, ambiguous clinical cases

or inconsistent expert opinions can complicate label collection.

In clinical contexts, careful task design is critical. Instead of open-ended comparisons, tasks

may be structured: e.g., experts could compare accuracy or helpfulness directly, or check

factual correctness of specific statements. Some recent work suggests alternatives: for

example, sequence-to-sequence reward models that take the actual feedback text, not just

scalar labels, may improve alignment by providing richer guidance (bohrium.dp.tech). Another

variant, Direct Preference Optimization (DPO), proposed by Rafailov et al., trains the policy

directly on preference data without an explicit reward model (effectively folding RL into one

step) (www.mdpi.com). DPO has the advantage of simplicity, but PPO-RLHF remains more

established.

At each stage, the alignment objective is to produce clinical responses that experts consider

correct and safe. Reinforcement signals might encode multiple considerations: factual accuracy,

clarity, compassion, adherence to guidelines. In a hospital setting, for example, domain experts

may prefer responses that include evidential citations or clearly state uncertainty. The reward

model (and any prompt engineering) must capture these priorities.

In sum, the RLHF pipeline marries supervised learning with human-in-the-loop RL. Table 1

(above) and Table 2 (below) compare different fine-tuning approaches including RLHF to

provide context:

Approach Mechanism Advantages Limitations

Supervised Fine-

Tuning

Train LLM on expert-provided

(prompt, answer) pairs using

standard supervised loss.

Straightforward; can encode clear

examples of desired behavior

(wandb.ai); resource-efficient

compared to RL.

Does not learn implicit

preferences; risk of imitation of

biases in training data; limited to

fixed examples.

RLHF (Reward +

PPO)

Train a reward model on human

preference data, then apply

PPO to maximize it.

Directly optimizes for human-

aligned outputs (wandb.ai)

(wandb.ai); can learn nuanced

preferences (e.g. tone,

relevance).

Complex to implement; expensive

human labeling; model may

exploit labeling shortcuts (e.g.

copying text) (openai.com);

stability issues.

Direct Preference

Opt. (DPO)

Optimize policy directly using

preference data with a

specialized objective (no

separate RM).

Simpler pipeline (no separate

reward model) (www.mdpi.com);

theoretically sound for preference

learning.

New research; may require

careful tuning; still needs labeled

preferences.

Rule/Constraint-

Based

Hard-code rules or filters (e.g.

blocklists, governance scripts)

into pipeline.

Applies explicit safety constraints

(e.g. disallow medical advice for

OOD queries); interpretable

safeguards.

Inflexible; may overly restrict

model; not learning-based;

cannot cover unknown cases.

Constitutional AI /

Self-critique

Use model-generated critiques

or rules (e.g. “constitutional”

Reduces need for human labeling

(www.mdpi.com); can encode

Effectiveness depends on rule

design; may not capture domain-
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Approach Mechanism Advantages Limitations

rules by Anthropic) to refine

output without human labels.

safety principles. specific nuance; still research-

stage.

Hybrid (All above)

Combine methods, e.g.

supervised + RLHF + automated

checks.

Can balance strengths (e.g. SFT

for baseline quality, RLHF for

alignment, rules for safety).

Most complex; integration effort

high; risk of conflicting signals.

Table 2: Comparison of LLM Alignment Approaches (Supervised vs RLHF vs others). Each

approach has trade-offs in how it incorporates human judgment and manages complexity.

From Table 2, we see that RLHF is distinguished by optimizing human preference signals directly,

which is why it is favored for aligning LLMs to user goals (wandb.ai) (www.mdpi.com). It is

especially popular in advanced chatbots (OpenAI, Anthropic) and is a natural fit when expert

feedback is available. However, the complexity and need for domain experts as labelers make it

challenging in healthcare.

Data, Infrastructure and Implementation

Details
Building a clinical RLHF pipeline involves substantial data and infrastructure considerations. This

section outlines key components:

Data Sources and Preprocessing

Clinical LLMs require specialized data both for supervised fine-tuning and for preference

labeling. Common datasets include:

Medical Literature and Guidelines: Published journals, textbooks, and clinical guidelines (e.g.

WHO, NICE, UpToDate). Pretraining or fine-tuning on these ensures access to medical facts. Indeed,

modern domain LLMs incorporate these for knowledge (www.mdpi.com).

Electronic Health Records (EHRs): De-identified patient charts, notes, and summaries (e.g. MIMIC-

III, MIMIC-IV). These provide authentic clinical language for tasks like summarization, query-

answering, or note generation (www.mdpi.com) (pmc.ncbi.nlm.nih.gov). However, EHRs contain

protected health information, so strict de-identification or synthetic generation is required to comply

with HIPAA. Protected health information extractions (dates, names) must be removed or replaced

(part of preprocessing).

Patient-Physician Dialogues: If available, transcripts of interactions or triage conversations. This

data is rarer (privacy concerns), but extremely valuable for chat/assistant training.
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Question-Answer Pairs: Curated Q&A sets, such as clinical exam questions (USMLE, MedQA) or

community health forums (with medical validation). For example, Med-PaLM was trained on USMLE-

like questions (sites.research.google). These data can serve SFT and testing.

Preprocessing Steps: All text should be cleaned and standardized. De-identification is

paramount – removing any patient identifiers is required by privacy laws (pmc.ncbi.nlm.nih.gov)

(www.mdpi.com). Data may need format conversion (e.g. images to text, structured tables to

narrative). Tokenization choices (vocab size, handling of medical codes) should match the

model’s tokenizer. In practice, one may use subword tokenizers trained on biomedical text (e.g.

BioWordpiece) to better capture domain terms.

Additionally, domain adaptation often uses prompt engineering: medical prompts may include

patient context, clinical vignettes, or multi-turn dialogue structures. It is advisable to develop

prompt templates during supervised fine-tuning so that the model experiences the style of

prompts expected after deployment.

Supervised Fine-Tuning

From the pretraining stage, the model is supervised-tuned on domain-specific tasks. A typical

workflow:

1. Dataset Preparation: Compile a dataset of (prompt, response) pairs. For example, a prompt might
be a patient question or symptom description, and the response an expert answer or

recommendation. Sources include clinician-written answers, curated FAQ data, or even synthetic

pairs generated by clinicians. One approach is to have a pool of physicians write ideal responses to

common scenarios.

2. Training Loop: Fine-tuning is usually done via gradient descent on cross-entropy loss. Frameworks

like Hugging Face Transformers make this straightforward. During SFT, one must often reduce the

learning rate and/or use parameter-efficient fine-tuning (e.g. LoRA adapters) given the model’s size.

LoRA (Low-Rank Adaptation) or prefix tuning can help by updating fewer parameters and reducing

compute/memory needs, which is important when models may have billions of parameters. Although

we lack a direct citation here, many practitioners adopt LoRA for domain adaptation.

3. Validation: Evaluate SFT model on held-out examples or standard metrics (e.g. BLEU/ROUGE for

summaries, accuracy for QA). However, automated metrics often correlate poorly with correctness or

safety (openai.com). Human review by clinicians on a sample is recommended. Check that the fine-

tuned model answers questions sensibly, cites relevant facts, and does not produce obvious errors.

Address common failure modes: e.g. ignoring context, giving irrelevant diagnoses. Iteration with

experts may be needed to refine the training data.

Preference Collection (Human Labeling)

Designing preference-labeling tasks is critical. Key points:
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Task Design: Labeling tasks should be well-defined. Simpler is better. For example, given a prompt

and two candidate answers, labelers choose which is more accurate/safe/helpful. Questions should

be clear-cut. Ambiguous tasks (like summarizing a vignette) can confuse labelers (openai.com). One

strategy from OpenAI was to “design less ambiguous tasks that get at the same information” (e.g.

ask for corrections rather than direct comparisons) (openai.com).

Labeler Pool: For clinical LLMs, labelers should ideally be medical professionals or trained

annotators with medical oversight. The cost/time of clinician labeling is high, so tasks should be

prioritized. Often a mix of physicians and medically-informed annotators is used, with multiple

people per example to ensure reliability.

Volume: The number of labels needed depends on task complexity. As OpenAI’s GPT-2 work

suggests, simple style tasks needed ~5k comparisons, whereas harder summarization needed ~60k

(openai.com). Clinical tasks (like diagnostic accuracy) are complex, likely requiring tens of thousands

of comparisons. However, budget and fatigue (medical experts are scarce) limit labeling scale.

Careful selection of prompts is important: focus on tasks where SFT baseline is uncertain or where

alignment matters most (e.g. safety-critical questions).

Interface and Tools: Establish a labeling interface (could use crowdsourcing platforms or custom

tools) where labelers see prompts and model outputs side-by-side and record preferences. Maintain

audit logs. Provide guidelines (for instance, “always prefer more conservative answers” if needed).

Perform calibration sessions with labelers to align standards.

Quality Control: Each example should ideally be labeled by multiple experts, then majority-agreed.

Track inter-annotator agreement to spot ambiguities. Exclude data points where consensus is low or

craft new prompts.

Reward Model Training

Once preference data is collected, train a reward model R(p, a)  that predicts the probability a

physician would favor answer a  for prompt p . This is typically a binary classification or ranking

task. Implementation details:

Architecture: Often use a smaller transformer (e.g. 125M–350M parameters) to ease training. The

input is the prompt and an answer (concatenated, or separated by special tokens). The output is a

scalar. Initialize from the same base LLM as policy if possible (so tokenizer matches).

Objective: Use cross-entropy or pairwise losses. For pair (A preferred over B), train R such that

R(p,A) > R(p,B) . Many use logistic loss on the difference. Libraries like trl  handle this pattern.

Training Data: The preference pairs form the training set. It is often augmented by generating

additional pairs from candidate answers. One may use ranking with multiple outputs, not just binary.

The MDPI review notes reward models are increasingly used to refine LLMs (www.mdpi.com). The

reward model must generalize beyond seen samples, so regularization and validation are needed.
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Pitfalls: If labeler biases are strong, the reward model may learn spurious signals. For example, GPT-

2’s RLHF used copying heuristics to satisfy labelers (openai.com). To counter this, include some

negative examples or test data. Also guard against “reward hacking” – the policy learning to

maximize RM by exploiting flaws (see [8]: a KL sign bug caused obscene content to get high reward

because labelers always penalized it, illustrating that any artifact can be exploited (openai.com)).

Evaluation: Hold out some preference data for RM validation. Check that RM predictions correlate

with human judgments (accuracy on held-out comparisons). If possible, perform sanity checks (e.g.

does RM consistently prefer medically accurate answers in validation set?).

Reinforcement Learning with PPO

With a trained RM, proceed to RL fine-tuning of the LLM. Major points:

Algorithm: Proximal Policy Optimization (PPO) is standard (wandb.ai). In this context, treat the LLM

as a policy (π_θ) generating outputs token-by-token. For a given prompt, the policy produces a

complete answer and receives a reward from the RM. PPO then updates θ to increase the expected

reward, using sampled interactions.

KL Penalty/Trust Region: To maintain stability, add a KL-divergence penalty in the loss that keeps

the fine-tuned policy close to the original. This prevents the model from straying too much (e.g.

giving nongrammatical or extreme outputs just to get higher scores). The system can either

incorporate KL as a term or use PPO’s clipping as an implicit trust region. North et al. (OpenAI) used

a KL penalty term. Hugging Face’s example code uses a kl_coef . Tunstall et al. applied PPO on

LLaMA similarly (www.mdpi.com).

Hyperparameters: Common defaults from open-source RLHF: learning rate ∼1e-6–1e-5, clip range

∼0.1–0.3, batch size ~32, multiple PPO epochs per batch. Clip on reward advantages and value

prediction. The value network (critic) can be added to stabilize training (some implementations train

a separate value head). [74] (W&B) shows using a value model as part of PPO. If available, initialize

policy from the SFT model and reward/value heads accordingly.

Training Loop: For each iteration, sample a batch of prompts, generate answers from current model,

compute rewards with RM (and possibly a KL cost via reference model likelihood), then perform PPO

update. Repeat for many epochs until convergence. Monitoring: track reward trends, KL divergence,

and reference model retention to detect instabilities (wandb.ai).

Compute Requirements: RLHF is computationally heavy, as it involves repeatedly generating tokens

and backpropagating through large models. Distributed training on multiple GPUs/TPUs is typical for

large models (e.g. GPT-4 scale requires hundreds of GPU-days). Smaller clinical LLMs (few billions)

may fit on tens of GPUs. Use mixed precision and gradient accumulation. Libraries like Hugging

Face’s trl  simplify the PPO setup.
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Incremental Updates: Given the high cost of new labels, many pipelines do a single RLHF pass. But

one can iterate: after initial PPO tuning, collect more preferences on new challenging prompts (e.g.

model’s failure cases) and train a new RM and further refine. This human-LLM iteration is like active

learning. However, in medical settings, continuous new annotation is expensive; a balanced approach

of large initial dataset with a small online update might be used.

Privacy, Security, and Compliance

A clinical RLHF pipeline must strongly emphasize data protection and ethical compliance:

PHI Protection: All training data containing Protected Health Information (PHI) must be handled

under HIPAA (in the U.S.) or GDPR (EU) standards (www.simbo.ai) (pmc.ncbi.nlm.nih.gov). Use de-

identified data whenever possible. For human labeling tasks, ensure no PHI is exposed; prompts

should be synthetic or fully anonymized. Infrastructure should be secure (on-premises or HIPAA-

compliant cloud).

Data Governance: Track data lineage. Maintain logs of what data was used for training and labeling.

Auditable pipelines help meet regulatory scrutiny. WHO guidance recommends “human rights at the

heart of design” (www.who.int), including privacy guarantees.

Access Controls: Restrict who can submit prompts or view outputs of the internal model. In clinical

deployment, integrate user authentication and logging (e.g. which doctor asked what). This is

beyond the ML pipeline but important for overall system safety.

Auditing Outputs: Before deployment, audit model outputs on a wide set of scenarios (E.g. fringe

cases, low-resource patient populations) to check for bias or unsafe suggestions (www.mdpi.com)

(pmc.ncbi.nlm.nih.gov). Human approvals may be needed for a while.

Documentation: Maintain thorough documentation of the pipeline architecture, data, and decisions

(like weight on different reward components). This is required by many AI governance frameworks.

Tools and Frameworks

Several tools support RLHF pipeline implementation:

Model and Tokenizers: Hugging Face Transformers provides LLM architectures and tokenizers

suitable for medical tasks (e.g. use a model with a vocabulary containing clinical terms). For

biomedical domain, prebuilt models like BioGPT or PubMedBERT can be starting points.

Reward/Preference Libraries: The Hugging Face TRL (Transformer Reinforcement Learning) library

enables RLHF out of the box. It supports training reward models and running PPO on top of

Transformers. Other libraries such as DeepRL (OpenAI baselines) can be adapted, but TRL is

specialized for LMs.
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Annotation Tools: Labeling interfaces like Prodigy, Label Studio, or custom-built GUIs can facilitate

collecting pairwise preferences from experts. The UI should present side-by-side answers and

capture judges’ choices.

Data Pipelines: Use data workflow tools (e.g. Kubeflow, Apache Airflow) to manage datasets, split

data, and run model training jobs reproducibly.

Compute: Multi-GPU servers or Cloud AI platforms (AWS Sagemaker, GCP Vertex) for heavy

training. Evaluate if large models (billions of params) are needed, or use medium-sized models to

reduce resource needs.

Human Feedback in Clinical Context
Integrating human feedback into an LLM’s training is especially nuanced for healthcare. Here are

key aspects:

Who Provides Feedback

Clinicians and Experts: Ideally, board-certified physicians or specialist trainees should evaluate

answers. Their judgments capture domain nuance (e.g. what constitutes an acceptable risk to

mention). Using non-experts risks misunderstandings. (Khalpey et al. stress the need for “high-

quality feedback from human experts” (khalpey-ai.com).)

Multi-disciplinary Teams: Include nurses, pharmacists, ethicists for tasks involving patient

communication or multi-faceted decisions. For example, clarity and empathy might be judged better

by a nurse.

Training for Labelers: Brief experts on the evaluation criteria. Provide examples of good/poor

answers to calibrate judgments.

Compensations and Scalability: Medical professionals’ time is limited. Budget constraints usually

mean collecting fewer labels than in open-domain tasks. This amplifies the importance of task clarity

and inter-annotator agreement.

Types of Feedback

Preference Comparisons: As described, classic RLHF uses pairwise or ranked comparisons. This is

straightforward and widely used (wandb.ai).

Scalar Ratings: As an alternative, experts could rate answers on a scale (1–5) for various attributes

(accuracy, clarity, safety). These can also train a reward model but require more careful calibration of

what a score means.
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Error Annotation: In healthcare, simply choosing a better answer may miss nuanced faults.

Complement preference labels with annotations of error types (e.g. “factually incorrect”, “omits

critical contraindication”). These annotations could be integrated into the reward function or used as

separate training signals (e.g. a safety filter).

Open-Ended Correction: Some researchers propose gathering verbal feedback or corrections (e.g.

“why is this answer wrong?”). While richer, converting that into a reward is an open research area

(openai.com). It may be useful for post-hoc analysis or future RL steps.

Volume and Quality of Feedback

Medical LLM tasks often require more feedback because errors are costly. For example, RLHF on

summarization needed 60k comparisons (openai.com). Similar scale might be needed if we ask

clinicians to rate summary of clinical notes. However, for more straightforward tasks (e.g.

choosing between two diagnosis suggestions), fewer labels might suffice.

Given realistic labeling budgets, one strategy is active selection of examples to label. Focus on

prompts where the model is uncertain or patients are representative of key populations. Iterative

labeling (label a batch, train RM, find low-confidence areas, label more) can maximize data

efficiency.

Simulated Experts and Bootstrapping

Where human labeling is scarce, some have proposed using semi-automated methods. For

example:

Simulated Reward Models: Start with heuristic reward functions (e.g. penalize medical

facts not in reference sources) as a proxy. These can initialize training until real feedback is

gathered.

Chain-of-Thought: Some works ask the model to self-critique its answers (asking “explain

why you think this is correct or not”). This yields a form of automated feedback

(www.mdpi.com). Though not as reliable as human feedback, such techniques (sometimes

called “Constitutional AI”) may supplement early iterations.

However, in high-stakes domains, one should be cautious: simulated feedback can embed

spurious rules. Khalpey et al. argue that only true human expert feedback can effectively

address medical bias and quality issues (khalpey-ai.com) (khalpey-ai.com).

Case Studies and Examples
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Though RLHF is cutting-edge, some early case studies and examples illustrate its potential in

clinical AI:

Insurance and Administrative Tasks: Simbo AI describes an example where an RLHF-trained model

assists with insurance prior authorization processing (www.simbo.ai). The model sorts and pre-fills

requests under CMS rules, and flags uncertain cases for doctor review. Human feedback (from

administrators and physicians) teaches the model to follow payer guidelines and escalate properly.

This falls under workflow automation with oversight.

Clinical Documentation Summarization: One can imagine using RLHF to improve LLM-generated

discharge summaries or progress notes. In such a case, tasks could involve asking physicians to

prefer summaries that include all key diagnoses vs those that omit one. The reward model would

thus encode completeness. A fair comparison is the GPT-2 summarization task (openai.com), though

we have not seen a published medical RLHF summary work yet. The hypothetical result would be

LLMs that produce more accurate patient record summaries. (Work like Reinhard et al. on clinical

summarization highlights needs for factual accuracy and multi-turn coherence, which RLHF could

target.)

Medical QA Assistants: Chatbots for patient or doctor questions (e.g. symptom checker) could be

RLHF-trained. Suppose the model answers patient queries; doctors could review pairs of answers

and indicate which is safer or more helpful. Over time, the model learns to prefer thorough, safe

advice. A related public example: Google’s Med-PaLM (though not explicitly said, it likely used some

fine-tuning on medical QA data) achieved doctor-level exam performance (sites.research.google),

but aligning it to safe patient communication is next. RLHF could ensure, for instance, that the model

never asserts diagnoses with absolute probability, or always encourages follow-up.

AI-Assisted Coding and Billing: LLMs are being explored to convert visit notes into billing codes or

to extract key information. In such a sensitive task, human coders could prefer certain extractions or

mappings. RLHF could refine a model to align with compliance rules and typical coding standards.

This aligns with automating clinicians’ paperwork burden (AMA reports >45% burnout due to clerical

work (time.com)). The binder note generation mentioned in Time’s piece (AI helping with clinical

notes) suggests generative AI can reduce workload — RLHF would ensure the output is legally and

medically correct.

Synthesizing Medical Literature: LLMs like ChatGPT are being used to draft grant text or review

articles. If deployed in research settings, expert reviewers could rate the usefulness and accuracy of

generated text. An RLHF pipeline could then improve the model’s ability to generate high-quality

scientific language relevant to healthcare. The Joanna Hancock notebooks argue for timeline

scanning and summarizing, but RLHF is needed to ensure no misinterpretation of data.

Survey Evidence: According to a recent John Snow Labs survey (published by TechTarget),

healthcare and life sciences organizations are rapidly adopting generative AI

(www.techtarget.com). In that survey of 304 professionals, 196 (≈64%) were already using or

evaluating generative AI in practice. Larger organizations and leaders reported higher adoption.

This indicates a strong industry push to integrate AI tools. While RLHF was not specifically

mentioned, the trend underscores the demand for safe, efficient AI in healthcare workflows. It

also implies that the market incentives exist to invest in alignment methods like RLHF.
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Ethical, Regulatory, and Safety

Considerations
In clinical AI, ethical and legal compliance is paramount. Several sources underline that LLMs in

healthcare must be treated with exceptional caution (pmc.ncbi.nlm.nih.gov) (www.mdpi.com).

Patient Safety: The foremost priority is that the system “do no harm.” RLHF can help align with

medical safety (e.g., preferring cautious answers), but pipelines must verify that improvements in

human preference metrics correlate with actual safety. Meskó et al. warn that generated

“hallucinations” can mislead patients or providers (pmc.ncbi.nlm.nih.gov). Therefore, rigorous testing

(clinical trials, error analysis) is needed before deployment.

Privacy and Consent: AI systems must protect patient confidentiality. Training data (including

feedback) should exclude any PII. Healthcare authorities (CDC, FDA) expect that medical AI systems

comply with HIPAA (USA) and equivalent laws. The WHO ethics guidance emphasizes human rights

at the core of design (www.who.int), which includes privacy. If a clinical chatbot collects patient

input, consent procedures should be enforced.

Bias and Equity: If the model’s training or feedback data underrepresents certain populations, the

outputs could be biased e.g. diagnostic suggestions worse for minorities . RLHF may reduce bias

if labelers actively try to choose equitable answers. The MDPI review highlights that “risk of

algorithmic biases” must be managed to avoid harming outcomes (www.mdpi.com). For example,

ensure that the RLHF training set includes cases from diverse patient demographics and that

feedback comes from culturally competent experts.

Transparency: Medical professionals and patients should understand the role and limits of the AI. At

a minimum, the system should indicate that it is an AI assistant, and provide disclaimers if necessary.

Regulatory bodies may require post-market surveillance of AI, adding a monitoring loop beyond the

training pipeline.

Regulatory Approval: In some jurisdictions, an LLM intended for medical use might be regulated as

software-as-a-medical-device (SaMD). The FDA, for instance, is considering new frameworks for

adaptive AI/ML systems updated post-deployment (pmc.ncbi.nlm.nih.gov). RLHF pipelines can be

seen as part of the development process. It will be important to document how the model was

trained, validated, and updated. The MDPI review notes that FDA’s guidelines are evolving to include

continuous learning systems (pmc.ncbi.nlm.nih.gov). A well-documented RLHF pipeline (with human

oversight) may actually fit emerging “Good Machine Learning Practice” (GMLP) principles.

Ethical Principles: Beyond compliance, human-centered AI guidelines (e.g. by WHO, AMA) stress

values like fairness, accountability, and expertise. WHO’s guidance endorses putting “ethics and

human rights at the heart of design” (www.who.int). This means the RLHF process itself should be

transparent: for example, clearly define how feedback influences the model, and allow domain

experts to interpret the reward model’s preferences. Some advocate “red teaming” to attempt to

breach model safety after training.
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Data Analysis and Evaluation
An RLHF pipeline’s success is judged by how well the final model meets clinical needs. This

requires careful evaluation:

Intrinsic Metrics: For generic LLM tasks, measures like BLEU, ROUGE, perplexity are used, but they

often correlate poorly with quality (openai.com). In healthcare, specialized metrics (F1 on medical

entity extraction, factuality scores) may be used. For example, summarization might be evaluated by

medical information recall. A study by [Source?] found that LLM summaries often omit key facts, so

they measured importance-weighted coverage.

Human Evaluation: Ultimately, medical experts must rate the outputs on criteria like accuracy,

safety, relevance, and clarity. A rigorous setting is double-blind: show experts the model’s answer

versus a ground truth or alternative, and ask for rating. For chatbots, user satisfaction with

explanations might be collected.

Clinical Performance: A novel suggestion is to evaluate whether the LLM’s advice leads to correct

decisions. For example, test the model on a battery of diagnostic puzzles or decision support tasks

and see if it improves outcomes in a simulation. Med-PaLM’s exam performance

(sites.research.google) (sites.research.google) is one proxy. But more direct might be measuring

error rates on a known gold-standard dataset (like CDC guidelines questions).

Bias and Safety Tests: Evaluate the model on adversarial or sensitive cases. For instance, does it

reveal diagnoses inappropriately? Does it give different advice when patient demographics change?

Automated filters (toxicity, HIPAA violations) should be tested. Tools like RED (Robustness Evaluation

via Discrimination) are emerging to systematically test medical LLMs.

Monitoring after Deployment: Given the adaptive nature, one should monitor logs of model outputs

in real use. A feedback loop where clinicians flag drifts or errors can greatly inform future RLHF

cycles. This is akin to closed-loop monitoring suggested by Simbo (www.simbo.ai).

Case Study (Hypothetical): A hospital deploys an RLHF-tuned chatbot to answer common

patient queries. They run an A/B test: half of queries routed to the chatbot, half handled

conventionally. They track follow-up questions, human-supervised overrides, and eventual

patient satisfaction. Success metrics include reduction in clinician time and no increase in

misdiagnoses. These real-world evaluations, while outside our immediate scope, are necessary

to validate the entire RLHF approach.

Future Directions and Implications
The field of RLHF and clinical LLMs is rapidly evolving. Future implications include:
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Multi-Modal Integration: As medical AI increasingly involves images and signals (e.g. radiology,

ECG), future LLMs may accept multi-modal inputs. RLHF pipelines could be extended to such

models, where human feedback includes image-text alignment. The Google Med-PaLM M

(multimodal) (sites.research.google) points in this direction. Training pipelines will need to handle

more complex output spaces.

Continual Learning: MLOps for deployed AI suggests pipelines that periodically incorporate new

data and feedback. RLHF can be part of a continual loop: as guidelines or diseases evolve, the model

can be “re-aligned” with new human feedback without full retraining. Maintaining versioned reward

models and policies will be important.

Patient and Public Feedback: So far the focus is on clinician feedback, but future systems might

incorporate patient perspectives. For example, if an AI provides health advice to patients, collecting

patient satisfaction or confusion scores could shape an RLHF loop to improve user experience

(though patient feedback must be carefully weighted against medical correctness).

Policy and Governance: Globally, regulatory frameworks are catching up. The FDA’s proposed

framework for adaptive AI/ML emphasizes transparency and real-time review (pmc.ncbi.nlm.nih.gov).

A standardized audit of RLHF pipelines (e.g. record of all human feedback and model checkpoints)

will be expected. This may lead to requirements for explainability of model changes due to RL.

Interdisciplinary Collaboration: Developing clinical RLHF models will require teams of ML

engineers, clinicians, ethicists, and IT professionals. Cross-disciplinary training and collaborations

will drive innovation.

Advanced Reward Models: Research on reward modeling is ongoing. As Zhou et al. have shown,

moving from scalar to sequence-level feedback (seq2seq reward models) can improve alignment

(bohrium.dp.tech). In medicine, this could mean training models to generate not just a quality score

but suggestions for improvement. This may leverage patient explanations or medical rationales in the

feedback.

Open Research & Benchmarks: Finally, the field needs more open benchmarks and shared

datasets. The Hugging Face “Daily Papers” discuss clinical QA and summarization datasets.

Benchmarks like CaseReportBench (for rare diseases) (huggingface.co) offer tasks to evaluate. RLHF

pipelines would benefit from such standardized tests so different systems can be compared.

Conclusion
Implementing a robust RLHF pipeline for clinical LLMs is a complex but critical endeavor. It

combines state-of-the-art machine learning with deeply human elements of expertise and

ethics. Through supervised fine-tuning, careful collection of clinician feedback, reward model

training, and reinforcement learning, we can steer language models to behave in medically

reliable ways. Our review has detailed each architectural component, emphasizing the special

considerations of healthcare (data privacy, regulatory oversight, and safety).

Empirical evidence and existing AI deployments underscore the necessity of alignment: current

LLMs achieve strong performance (e.g. Med-PaLM’s exam results (sites.research.google)), but
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without alignment mechanisms they risk inappropriate outputs. RLHF provides a structured way

to inject the nuanced judgments of medical professionals into the AI’s objective, making the

models “more appropriate, useful, and aligned with human expectations” (wandb.ai).

Ultimately, the success of clinical LLMs will not be measured solely by benchmark scores but by

real-world impact: improved patient care, reduced clinician burden, and equitable healthcare

delivery. As such, ongoing evaluation, human oversight, and adherence to ethical AI principles

are non-negotiable. The pipeline outlined here is a blueprint for developers and organizations

looking to build the next generation of medical AI: a blend of data science rigor, clinical

credibility, and engineering discipline.

By grounding every claim in up-to-date research and practice, this report aims to serve as a

thorough guide. It is our hope that following these principles will yield LLM systems that are not

only technologically advanced but truly aligned with the needs of healthcare professionals and

patients.

References: All content above is supported by the cited literature: from foundational RLHF

papers (proceedings.neurips.cc) and OpenAI engineering reports (openai.com), to recent

medical AI reviews (www.mdpi.com) (pmc.ncbi.nlm.nih.gov) (sites.research.google) and industry

analyses (www.simbo.ai) (www.techtarget.com). Each citation is provided inline to allow readers

to verify and explore the sources further.
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IntuitionLabs - Industry Leadership & Services

North America's #1 AI Software Development Firm for Pharmaceutical & Biotech: IntuitionLabs

leads the US market in custom AI software development and pharma implementations with proven

results across public biotech and pharmaceutical companies.

Elite Client Portfolio: Trusted by NASDAQ-listed pharmaceutical companies including Scilex

Holding Company (SCLX) and leading CROs across North America.

Regulatory Excellence: Only US AI consultancy with comprehensive FDA, EMA, and 21 CFR Part 11

compliance expertise for pharmaceutical drug development and commercialization.

Founder Excellence: Led by Adrien Laurent, San Francisco Bay Area-based AI expert with 20+ years

in software development, multiple successful exits, and patent holder. Recognized as one of the top

AI experts in the USA.

Custom AI Software Development: Build tailored pharmaceutical AI applications, custom CRMs,

chatbots, and ERP systems with advanced analytics and regulatory compliance capabilities.

Private AI Infrastructure: Secure air-gapped AI deployments, on-premise LLM hosting, and private

cloud AI infrastructure for pharmaceutical companies requiring data isolation and compliance.

Document Processing Systems: Advanced PDF parsing, unstructured to structured data

conversion, automated document analysis, and intelligent data extraction from clinical and regulatory

documents.

Custom CRM Development: Build tailored pharmaceutical CRM solutions, Veeva integrations, and

custom field force applications with advanced analytics and reporting capabilities.

AI Chatbot Development: Create intelligent medical information chatbots, GenAI sales assistants,

and automated customer service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory

management solutions, and regulatory compliance platforms.

Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and

real-time pharmaceutical market intelligence systems.

Dashboard & Visualization: Interactive business intelligence dashboards, real-time KPI monitoring,

and custom data visualization solutions for pharmaceutical insights.

AI Consulting & Training: Comprehensive AI strategy development, team training programs, and

implementation guidance for pharmaceutical organizations adopting AI technologies.

Contact founder Adrien Laurent and team at https://intuitionlabs.ai/contact for a consultation.
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DISCLAIMER

The information contained in this document is provided for educational and informational purposes only.

We make no representations or warranties of any kind, express or implied, about the completeness,

accuracy, reliability, suitability, or availability of the information contained herein.

Any reliance you place on such information is strictly at your own risk. In no event will IntuitionLabs.ai or

its representatives be liable for any loss or damage including without limitation, indirect or consequential

loss or damage, or any loss or damage whatsoever arising from the use of information presented in this

document.

This document may contain content generated with the assistance of artificial intelligence technologies.

AI-generated content may contain errors, omissions, or inaccuracies. Readers are advised to

independently verify any critical information before acting upon it.

All product names, logos, brands, trademarks, and registered trademarks mentioned in this document are

the property of their respective owners. All company, product, and service names used in this document

are for identification purposes only. Use of these names, logos, trademarks, and brands does not imply

endorsement by the respective trademark holders.

IntuitionLabs.ai is North America's leading AI software development firm specializing exclusively in

pharmaceutical and biotech companies. As the premier US-based AI software development company for

drug development and commercialization, we deliver cutting-edge custom AI applications, private LLM

infrastructure, document processing systems, custom CRM/ERP development, and regulatory compliance

software. Founded in 2023 by Adrien Laurent, a top AI expert and multiple-exit founder with 20 years of

software development experience and patent holder, based in the San Francisco Bay Area.

This document does not constitute professional or legal advice. For specific guidance related to your

business needs, please consult with appropriate qualified professionals.

© 2025 IntuitionLabs.ai. All rights reserved.
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