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Comparing Reinforcement Learning (RL) vs.
Reinforcement Learning from Human
Feedback (RLHF)

Introduction

Reinforcement Learning (RL) and Reinforcement Learning from Human Feedback (RLHF) are two
paradigms for training intelligent agents, each with distinct methodologies and goals.
Reinforcement Learning is a framework where an agent learns optimal behavior by interacting
with an environment and receiving scalar rewards for its actions arbiv.labs.arxiv.org
arbiv.labs.arxiv.org. This paradigm has driven breakthroughs in games, robotics, and operations
research by maximizing well-defined reward signals (e.g. game scores or task completion
metrics). However, designing an appropriate reward function can be extremely difficult for
complex or subjective tasks ibm.com arbiv.labs.arxiv.org. ** Reinforcement Learning from Human
Feedback** (also called reinforcement learning from human preferences) extends RL by
incorporating human judgments into the training loop. In RLHF, the notion of “reward” is not pre-
specified up front; instead, humans provide feedback (such as preference rankings or ratings)
that is used to iteratively refine the agent’s objective ar5iv.labs.arxiv.org. This approach is
particularly useful for aligning Al behavior with nuanced human values or goals that are hard to
encode mathematically ibm.com lakera.ai. In this report, we provide a comprehensive, technical
comparison of RL and RLHF, covering their conceptual foundations, mathematical formulations,
algorithmic techniques, example applications, comparative performance, limitations, ethical
considerations, and emerging research directions. All major claims are backed by authoritative
sources to ensure rigor.

Conceptual Overview of RL vs. RLHF

Reinforcement Learning (RL): In the standard RL setting, an agent interacts with an
environment over a sequence of discrete time steps, aiming to maximize cumulative reward
arbiv.labs.arxiv.org. Formally, this interaction is modeled as a Markov Decision Process (MDP).
An MDP is defined by a set of states $S$, a set of actions $A$, a transition function $T(s,a,s’) =
P(s'|s,a)$, a reward function $R(s,a)$, an initial state distribution, and (optionally) a discount
factor $\gamma \in \ [0,1)$ ar5iv.labs.arxiv.org ar5iv.labs.arxiv.org. At each time step, the agent
observes the current state $s_t$, chooses an action $a_t = \pi(s_t)$ according to its policy
$\pi$, the environment transitions to a new state $s_{t+1}$, and the agent receives a scalar
reward $r_{t+1} = R(s_t,a_t)$ arbiv.labs.arxiv.org arbiv.labs.arxiv.org. The goal in RL is to learn an

© 2025 IntuitionLabs.ai - North America's Leading Al Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 2 of 30


https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=Reinforcement%20learning%20%28RL%29%C2%A0,defined%20as%20a%20tuple%20where
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=The%20basic%20interaction%20loop%20is,this%20interaction%20cycle%20is%20restarted
https://www.ibm.com/think/topics/rlhf#:~:text=Reward%20is%20the%20measure%20of,or%20negative%29%20feedback
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=necessary%20signals%20to%20learn%20the,to%20achieve%20undesired%20outcomes%20while
https://intuitionlabs.ai/articles/reinforcement-learning-human-feedback
https://intuitionlabs.ai/articles/reinforcement-learning-human-feedback
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=In%20response%20to%20these%20challenges%2C,and%20socially%20responsible%20AI%20systems
https://www.ibm.com/think/topics/rlhf#:~:text=RLHF%2C%20also%20called%20reinforcement%20learning,the%20LLM%E2%80%99s%20joke%20writing%20abilities
https://www.lakera.ai/blog/reinforcement-learning-from-human-feedback#:~:text=Distinguishing%20RLHF%20from%20Traditional%20Reinforcement,Learning
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=The%20basic%20interaction%20loop%20is,this%20interaction%20cycle%20is%20restarted
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=formalized%20as%20an%20Markov%20decision,defined%20as%20a%20tuple%20where
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=is%20a%20transition%20function%20,transition%20dynamics
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=formalized%20as%20an%20Markov%20decision,defined%20as%20a%20tuple%20where
https://ar5iv.labs.arxiv.org/html/2312.14925#:~:text=The%20transition%20function%20defines%20the,some%20states%2C%20and%20one%20only
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=a-comparison-of-reinforcement-learning-rl-and-rlhf.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=a-comparison-of-reinforcement-learning-rl-and-rlhf.pdf

E IntuitionLabs  IntuitionLabs - Custom Al Software Development
from the leading Al expert Adrien Laurent

A Comparison of Reinforcement Learning (RL) and RLHF

optimal policy $\pi~*$ that maximizes the expected discounted return $J(\pi) =
\mathbb{E}|pi|left| [|sum{t=0}"\infty \gamma”"t r_{t+1}\right]$ arb5iv.labs.arxiv.org
arbiv.labs.arxiv.org. The reward function encapsulates the task: it provides objective feedback
on the agent’s performance at each step. For well-defined tasks like games or navigation,
designing a reward is straightforward (e.g. win/loss signal, distance traveled), and RL agents can
exceed human performance by sheer trial-and-error optimization of that reward (famously in Go,
StarCraft, etc.) ibm.com. Figure 1 illustrates the standard RL loop of agent and environment.

Figure 1: In pure reinforcement learning, an agent takes actions in an environment and receives
rewards and new state observations in return. The agent’s policy is optimized to maximize the
cumulative reward over time ar5iv.labs.arxiv.org ar5iv.labs.arxiv.org.

A core strength of RL is its generality: given any computable reward signal, an agent can in
principle learn behavior to maximize it, without requiring labeled demonstrations. This has led to
impressive results in domains with clear objectives. For example, self-play deep RL agents
achieved superhuman skill in the game of Go and Chess (AlphaGo Zero) and complex video
games (OpenAl Five for Dota 2, DeepMind'’s AlphaStar for StarCraft Il) by optimizing the explicit
win/loss reward signal ibm.com. In continuous control, RL has enabled simulated robots to learn
locomotion and manipulation skills by maximizing forward progress or task completion rewards
arbiv.labs.arxiv.org. However, conventional RL struggles when the desired behavior cannot be
easily captured by a simple reward function. If the reward is sparse or ill-specified, agents may
learn undesired shortcuts or “** reward hacking**" behaviors that maximize the given reward
while failing at the true intended task arbiv.labs.arxiv.org. Classic RL assumes the reward
function is provided by the designer, which is a fundamental limitation when tackling problems
involving vague human-centric concepts (like "humor” or “safety”) or multi-faceted objectives
(e.g. aresponse that is truthful and polite). In summary, RL excels at maximizing a known
objective, but defining that objective for complex tasks is often the hardest part.

Reinforcement Learning from Human Feedback (RLHF): RLHF was introduced to address the
challenge of specifying the goal in complex tasks ar5iv.labs.arxiv.org en.wikipedia.org. Instead of
a fixed reward function defined a priori, RLHF uses a _ human-in-the-loop_ to evaluate the
agent's behavior and guide learning. Conceptually, RLHF asks humans to define “what’s good”
on the fly by providing feedback signals, rather than requiring the engineer to hard-code a
reward function upfront. This feedback often comes in the form of comparisons or rankings:
given two outcomes or behaviors from the agent, the human indicates which is better with
respect to the true desired goal arbiv.labs.arxiv.org. Through many such preference judgments,
the system learns a reward model that predicts human preference, and uses that learned model
as a proxy reward function for reinforcement learning en.wikipedia.org. In a nutshell, RLHF aligns
an agent with human values or preferences by optimizing against human-derived rewards
en.wikipedia.org. The key idea is that humans can easily recognize success for tasks that they
cannot explicitly define. For example, it's infeasible to programmatically define a “humor”
reward, but humans can readily judge which of two joke attempts is funnier ibom.com. By
leveraging this ability, RLHF can tackle problems where algorithmic reward design fails:
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models can be trained to be helpful, harmless, or truthful by using human feedback on their
outputs, rather than proxy metrics.

To ground this, consider training a language model to answer questions helpfully. A plain RL
approach might use a proxy reward like answer length or presence of certain keywords, which
the model could game (e.g. babbling to increase length). In RLHF, humans simply vote on which
answers are better (more helpful or correct) and a reward model is fitted to these preferences
en.wikipedia.org en.wikipedia.org. The language model is then fine-tuned with RL to maximize
the reward model's score, thereby aligning the model’s behavior with human judgments of
helpfulness. This human-aligned optimization loop was crucial in training InstructGPT and
ChatGPT, allowing them to follow user instructions far better than purely pretrained models
ibm.com arxiv.org. Notably, RLHF effectively outsources the evaluation of success to humans,
capturing subtle criteria like style, safety, or ethicality that are otherwise hard to encode
ibm.com lakera.ai. In RLHF, the objective is emergent: it is gradually formed via human feedback,
rather than fixed. This makes RLHF a powerful alignment tool, at the cost of requiring human
labor and introducing the complexities of human subjectivity into the training process.

In summary, while RL optimizes predefined reward signals, RLHF optimizes human-preferred
outcomes. Both involve trial-and-error learning, but RLHF adds an outer loop where humans
guide the reward function. This difference has profound implications on algorithms, data
needs, performance, and ethical considerations, as we explore in detail below.

Formal Definitions and Algorithmic Differences

Reinforcement Learning: MDPs, Policies, and Algorithms

Formally, a reinforcement learning task is modeled by an MDP $M = (S, A, T, R, \rho_0, \gamma)$
arbiv.labs.arxiv.org arbiv.labs.arxiv.org. At each step, the agent's policy $\pi(als)$ maps states to
a probability distribution over actions (deterministic policies are a special case)
arbiv.labs.arxiv.org. The agent seeks to maximize the expected return, where the return from
time $t$ is $G_t = \sum_{k=0}"{\infty} \gamma”k,r_{t+k+1}$ ar5iv.labs.arxiv.org. The value of a
policy $\pi$ from state $s$ is $V™\pi(s) = \mathbb{E}|pi| [G_0 |mid s_0=s]$ and the action-value
(Q-value) is $Q*|pi(s,a) = |mathbb{E}\pi\ [G_O \mid s_0=s, a_0=a]$ arbiv.labs.arxiv.org
arbiv.labs.arxiv.org. The foundational Bellman equation relates these values: $Q"\pi(s,a) = R(s,a)
+ \gamma \mathbb{E}{s’ |sim T(s,a,|cdot)}| [V*|pi(s’)]$, and $V*|pi(s) = |mathbb{E}a\sim\pi(s)}\
[Q™\pi(s,a)]$. An optimal policy $\pi*$ satisfies $Q*{|pi"}(s,a) \ge Q"{\pi*}(s,a’)$ for all actions
$a’$ in all states $s$, and its value function $V*$ satisfies the optimal Bellman equation. In
practice, RL algorithms find $\pi~*$ (or an approximation) via iterative improvement.

RL Algorithms Taxonomy: There are several classes of algorithms to solve RL problems,
differing in how they represent and update the policy ar5iv.labs.arxiv.org ar5iv.labs.arxiv.org:
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e Model-Based RL: Learn an approximate model of the transition dynamics $T$ (and sometimes
reward function $R$), then use planning (e.g. dynamic programming or tree search) to derive a
policy arbiv.labs.arxiv.org. This approach is powerful when a good model can be learned (or is given),
enabling lookahead and sample-efficient learning. AlphaGo, for instance, used a model (Monte Carlo
Tree Search) guided by learned value networks ar5iv.labs.arxiv.org.

e Model-Free RL: Derive the policy without explicitly modeling the environment. This splits into two
subcategories:
(1) Value-Based methods: These learn value functions (e.g. $Q”*(s,a)$) and derive a policy from
them (typically $\pi(s) = \arg\max_a Q(s,a)$) arb5iv.labs.arxiv.org. A canonical example is Q-learning,
including deep variants like Deep Q-Networks (DQN) which approximate $Q(s,a)$ with a neural
network arbiv.labs.arxiv.org. Value-based methods are effective in discrete action spaces and were
behind many early deep RL successes (e.g. DQN mastering Atari games) arbiv.labs.arxiv.org.
(2) Policy Search methods: These directly optimize the policy $\pi_\theta$ (often parametrized by
$\theta$) by maximizing $J(\pi_\theta)$, sometimes using a policy gradient $\nabla_\theta J$
arbiv.labs.arxiv.org. Techniques include REINFORCE (Monte Carlo policy gradient), actor-critic
methods (which learn both a policy "actor” and a value “critic"), and advanced approaches like
Proximal Policy Optimization (PPO) and Soft Actor-Critic (SAC) ar5iv.labs.arxiv.org
arbiv.labs.arxiv.org. Policy-based methods can naturally handle continuous action spaces and
stochastic policies, and often converge faster in complex tasks.

Another orthogonal classification is on-policy vs off-policy learning. On-policy methods (e.g.
PPO) update the policy using data sampled from the current policy, ensuring stable but
sometimes slower learning arbiv.labs.arxiv.org. Off-policy methods (e.g. Q-learning, DDPG) learn
from data generated by any behavior policy (stored in a replay buffer), enabling re-use of past
experiences and often better sample efficiency arbiv.labs.arxiv.org. Off-policy algorithms can
train from pre-collected trajectories or even other agents’ experiences, which is useful in
practice. We also distinguish online RL (learning as data arrives) from batch/offline RL (learning
from a fixed dataset), but all adhere to the same MDP framework and objective.

In summary, the RL toolkit provides many algorithms to maximize a known reward function.
Without human involvement, the key design burden is on crafting a suitable reward. When that is
done well, RL can attain remarkable performance by exploiting the reward signal thoroughly —
sometimes too thoroughly, leading to unintended behaviors if the reward function was imperfect
(the reward hacking problem) ar5iv.labs.arxiv.org. This is where RLHF enters, by changing how
the reward is obtained rather than how the policy is optimized.

RLHF: Preference-Based Objectives and the RLHF Training Pipeline

In RLHF, we modify the MDP formalism to account for missing reward information and an
external feedback source. Formally, we can think of an MDP without a reward function,
combined with an oracle (the human) that can provide preference labels on trajectories
arbiv.labs.arxiv.org. This setup is sometimes called a Preference-Based MDP
arbiv.labs.arxiv.org or a feedback MDP, where the agent can query an oracle for information
about the optimal policy. The oracle's answer takes the form of comparisons: e.g. given two
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trajectory segments $\tau_1, \tau_2$ (or two complete outputs), the human might label which
one is better (preferred). Importantly, this feedback is partial and indirect - it doesn't tell the
agent the exact numeric value of a single behavior, only which of two samples is ranked higher
arbiv.labs.arxiv.org. Over many queries, the agent can infer a surrogate reward model
$R_\phi(s,a)$ that explains the human’s preferences. Essentially, RLHF introduces an inner loop
of reward learning: use supervised learning on human feedback data to learn a reward function
$R_\phi$ that aligns with human values en.wikipedia.org, then use $R_\phi$ as the reward in the
RL optimization. This two-stage approach — preference learning + RL - is the dominant
algorithmic template for RLHF in modern applications en.wikipedia.org en.wikipedia.org.

The standard RLHF training pipeline can be summarized in four phases ibm.com ibm.com
(illustrated in Figure 2):

1. Base Model Pre-training: Start with a policy (agent) that has been pre-trained on broad data
without human feedback. For example, large language models (LLMs) begin with unsupervised pre-
training on text, and robotics agents might start with imitation learning or exploration. Pre-training
provides a strong initial policy that “knows” the domain, which improves the efficiency of RLHF
(though in principle RLHF can start from a scratch policy as well) ibm.com. In the case of language
models, this often involves a Supervised Fine-Tuning (SFT) step using example demonstrations of
desired behavior before any RL is applied ibm.com. SFT primes the model to a reasonable behavior
style, which makes subsequent reward feedback more meaningful.

2. Feedback Data Collection: Generate samples of the agent’s behavior and collect human feedback
on them. In practice, the current policy (or a few policy variants) is used to produce output for a
variety of inputs or situations, and human evaluators provide preference labels or ratings
huggingface.co huggingface.co. Commonly, humans are shown two or more outputs from the model
(for the same input prompt) and asked which output is better. This yields a dataset of comparisons
$(\text{output}_A, \text{output}_B, \text{human choice})$. Compared to trying to assign an absolute
score, pairwise comparisons are more reliable: humans can say “A is better than B" more consistently
than they can assign, say, a 7/10 vs 8/10 score huggingface.co huggingface.co. By Elo or Bradley—
Terry modeling, these comparisons are converted into a scalar reward signal. The result of this phase
is a preference dataset of human judgments on the agent’s outputs.

3. Reward Model Training: Using the collected human feedback, train a reward model $R_\phi$ that
predicts human preference. Typically, $R_\phi$ is a neural network (often initialized from the same
model architecture as the policy, e.g. a smaller language model) that takes an observation or output
(or trajectory) and produces a scalar score such that higher scores correlate with “better according
to humans” huggingface.co huggingface.co. The loss for $R_\phi$ can be formulated via a logistic
binary cross-entropy: for a pair of outputs $(y_A, y_B)$ where the human preferred $y_AS$, train
$\phi$ to satisfy $R_\phi(y_A) > R_\phi(y_B)$ by some margin. In practice one minimizes $-\log
\sigma(R_\phi(y_A) - R_\phi(y_B))$ (a Bradley-Terry objective), so that the model learns to assign
higher reward to the preferred output, and roughly equal rewards if outputs are equally good
huyenchip.com. The reward model is essentially distilling human feedback into a quantitative
reward function en.wikipedia.org. Once trained, $R_\phi$ can evaluate any new output quickly,
avoiding the need for a human in the loop every time. This is critical for scaling up training.
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Figure 2: Simplified RLHF pipeline. First, an initial policy model (e.g. an LM) generates outputs
for various prompts. Humans compare outputs (e.g. choose which answer is better), and these
comparisons are used to train a reward model that scores outputs according to human
preferences. In the final stage, the policy is optimized (via RL) to maximize the reward model’s
score huggingface.co huggingface.co.

4. Policy Optimization (RL Fine-Tuning): With the reward model $R_\phi$ providing a proxy
reward signal, we now fine-tune the policy $\pi_\theta$ using any RL algorithm to maximize
expected reward. In practice, Proximal Policy Optimization (PPO) has been the algorithm
of choice in many RLHF works ibm.com huggingface.co. The policy (agent) generates an
output, the reward model scores it (plus possibly a baseline score for normalization), and
the policy weights $\theta$ are updated to increase the probability of high-scoring outputs
huggingface.co huggingface.co. This is a standard policy-gradient RL update except that
the reward signal comes from $R_\phi$ instead of a known environment function. One
important modification in LLM applications is the use of a KL-divergence penalty to
prevent the policy from drifting too far from the pre-trained model’s distribution
huggingface.co huggingface.co. In other words, the reward used is often $R_{\text{total}} =
R_\phi - \beta \cdot \text{KL}(\pi_\theta || \pi_{\text{pretrain}})$, which penalizes excessive
changes to ensure the fine-tuned model remains fluent and doesn’t exploit quirks of the
reward model huggingface.co huggingface.co. This addresses the risk of the policy
“gaming” the learned reward model - without such regularization, the agent might
produce strange outputs that fool $R_\phi$ but are nonsensical to humans huggingface.co.
The PPO algorithm (or a similar actor-critic method) then iteratively updates $\pi_\theta$ to
maximize the penalized reward. The outcome is a new policy that ideally performs better
according to human preferences.

It's worth noting that RLHF does not mandate PPO specifically — any RL optimizer (policy
gradients, Q-learning, etc.) could be used on the learned reward. But PPQO'’s stability and
simplicity made it a popular choice in high-profile implementations ibm.com. Recently, research
has explored alternatives like Direct Preference Optimization (DPO), which forgoes an explicit
reward model by directly optimizing the policy against preference data in a single supervised-
like step arbiv.labs.arxiv.org. These approaches aim to simplify or improve the RLHF fine-tuning
stage, but the classic approach remains the 3-step pipeline of SFT = reward model - PPO fine-
tuning.

Algorithmic Summary: Traditional RL algorithms and RLHF's training loop share the core of
trial-and-error learning but differ in how the “error” (reward) is obtained. In RL, the
environment provides $R(s,a)$ automatically for each action (even if that reward is designed by
a human beforehand). In RLHF, the reward function is learned and continually refined through
human oversight. This introduces new considerations: the reward model must be trained with
some held-out validation to ensure it generalizes, and the human feedback needs to be
sufficiently informative and unbiased. Moreover, RLHF training is usually offline/gradient-based
(the policy updates come from full-batch gradient descent on collected data batches, as in PPO
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with advantage estimation), whereas standard RL can be fully online and incremental. Despite
these differences, once $R_\phi$ is in place, the RLHF policy optimization behaves much like a
regular RL problem — one can view the combination of environment + $R_\phi$ as a new MDP in
which the agent operates ar5iv.labs.arxiv.org. The crucial difference is that this "augmented”
MDP is shaped by human preferences rather than a human-designed formula.

Taxonomy of Techniques in RL vs RLHF

Techniques in Standard RL: Over decades of research, RL has developed a rich taxonomy of
methods, as touched on earlier. Key technique families include:

e Dynamic Programming & Planning: If a complete model is known, algorithms like value iteration
and policy iteration can compute optimal policies via Bellman equation updates. This is foundational
but becomes intractable for large state spaces without function approximation.

¢ Value Function Approximation: Methods like DQN (Deep Q-Network) use neural networks to
approximate $Q(s,a)$ for large state spaces (e.g. raw pixel observations in Atari) ar5iv.labs.arxiv.org.
Extensions include double Q-learning, dueling architectures, prioritized replay, etc., addressing
stability and overestimation issues in value learning.

¢ Policy Gradient and Actor-Critic: Policy gradient methods (REINFORCE, PPO, Trust Region Policy
Optimization, etc.) directly adjust policy parameters in the direction of performance improvement.
Actor-critic methods train a critic (value estimator) to reduce variance of the policy gradient and
improve convergence arbiv.labs.arxiv.org. PPO in particular is an actor-critic with a special objective
that constrains policy updates for stability huggingface.co, and it has been a go-to for continuous
control and RLHF.

¢ Entropy Regularization and Exploration Strategies: Techniques to encourage exploration (like
$\epsilon$-greedy, Boltzmann exploration, or adding an entropy bonus to the objective) help address
the exploration—exploitation dilemma in RL. Without sufficient exploration, RL can get stuck in local
optima especially if the reward is sparse. Methods like curiosity-driven learning introduce an intrinsic
reward to explore novel states.

o Off-Policy Data Reuse: Experience replay buffers and off-policy algorithms allow reusing past
experiences to improve sample efficiency. Algorithms like Deep Deterministic Policy Gradient
(DDPG), Soft Actor-Critic (SAC) and Q-learning variants fall in this bucket and are advantageous
when environment interactions are expensive.

e Hierarchical RL and Curriculum Learning: These techniques decompose complex tasks into sub-
tasks or use shaped curricula of environments and rewards to ease learning. For instance, success in
long-horizon tasks can require learning intermediate goals (hierarchical policies).

These techniques are largely orthogonal and often combined. For example, SAC is an off-policy
actor-critic with entropy regularization for exploration; AlphaGo used supervised pre-training
(imitation), plus value function approximation, MCTS planning, and self-play (a form of
curriculum). The practitioner's challenge in RL is picking and tuning the right combination for a
given problem setting.
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Techniques in RLHF: RLHF, being a relatively new subfield, has its own emerging taxonomy of
techniques centered on how human feedback is incorporated:

¢ Feedback Modalities: The simplest feedback is evaluative (the human provides a reward signal
directly, e.g. pressing a button for good/bad). An example is the TAMER framework where a human
trainer gives reward signals in real-time to shape the agent’s behavior ar5iv.labs.arxiv.org. More
commonly, feedback is comparative, as described above, where the human ranks multiple outcomes
arbiv.labs.arxiv.org. There is also interest in cooperative or descriptive feedback, such as a human
telling the agent why something is wrong or giving high-level instructions (natural language
feedback). While most current RLHF systems use simple preference comparisons, research is
exploring richer feedback (e.g. demonstrations or edits provided by humans to show the correct
behavior, which can bootstrap learning before preferences are used huyenchip.com huyenchip.com).

¢ Reward Modeling vs. Direct Optimization: The standard approach trains an explicit reward model
$R_\phi$. An alternative is direct preference optimization (DPO and related methods) which
integrate human feedback into the loss for the policy without an intermediate model
arbiv.labs.arxiv.org. For instance, one can derive a policy update rule that maximizes the probability
of human-preferred outputs relative to a baseline. These methods can be seen as simplifying the
pipeline (merging steps 3 and 4), but typically still conceptually involve human feedback guiding a
policy objective.

¢ On-policy vs Off-policy RLHF: Most published RLHF fine-tuning (like PPO-based InstructGPT) is
on-policy - the policy generates new samples, gets scored by $R_\phi$, updates, and repeats
huggingface.co huggingface.co. However, one can also use off-policy data for RLHF. For example,
one could log a buffer of many model outputs and human rankings, and use off-policy RL or even
bandit algorithms to improve the policy. Some research (e.g. OpenAl’s Iterative Feedback or
DeepMind's Retro-critic) has looked at using offline RL on static preference datasets to derive a
policy, which might be necessary when human feedback is batch-collected. This area is still
developing.

¢ Active Learning for Feedback: A crucial question for RLHF is: which queries do we ask humans?
Because human feedback is costly, methods that actively select the most informative queries can
greatly improve efficiency. Techniques involve uncertainty estimation on the reward model to pick
comparisons the current model is unsure about arbiv.labs.arxiv.org arbiv.labs.arxiv.org, or generating
synthetic comparisons that would maximally refine the reward function. For example, researchers
have trained agents to propose hypothetical trajectory pairs that would be most helpful for the
human to label (query synthesis) arbiv.labs.arxiv.org. Active learning in RLHF helps achieve more
feedback "bang for the buck” by focusing human effort where it matters most (e.g. on edge cases or
areas of policy uncertainty).
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¢ Multi-Objective and Safety Constraints: In some RLHF scenarios, there are multiple aspects to
human preferences (e.g. an Al assistant should be helpful but also harmless). There are techniques
to handle this, such as training multiple reward models (for different axes like usefulness and
toxicity) and combining them, or doing a form of constrained RL where certain human-defined
constraints (like "no harmful content”) are enforced as hard penalties ibm.com ibm.com.
Constitutional Al (Anthropic’s approach) can be seen as an extension: it uses Al models to initially
critique and refine outputs according to a set of written principles (like a “constitution”), reducing the
direct human labeling load by incorporating human-written rules as feedback. This is related to RLHF

but uses an Al proxy for some feedback.

¢ Human-in-the-Loop Frequency: Techniques vary in when the human is involved. Some frameworks
do a one-time batch of feedback (e.g. collect a dataset of comparisons and then train), while others
allow online feedback where humans continually assess new policy outputs during training (this was
done in early DeepMind experiments for real robot learning link.springer.com link.springer.com).
Online feedback can adapt to the agent's evolving behavior but is harder logistically. An important
practical technique is to first use cheap proxies (like automatic metrics or simulations) for early
training and only use humans for fine-tuning the last mile of quality/alignment, to minimize expensive
human data collection.

e Scaling and Libraries: As RLHF became central in large models, libraries such as OpenAl's
SpinningUp (for RL algorithms) and newer ones like TRL (Transformer RL), DeepSpeed-Chat, and
OpenRLHF have emerged arbiv.labs.arxiv.org arbiv.labs.arxiv.org. These provide ready
implementations of PPO fine-tuning on language models, human feedback data handling, etc.,
lowering the barrier to experimenting with RLHF. From a techniques perspective, they often
incorporate tricks like reward normalization (to keep $R_\phi$ outputs in reasonable ranges),
preference model mixing (to continue updating $R_\phi$ as more data comes in), and
hyperparameter schedules tailored to RLHF (e.g. KL penalty annealing) researchgate.net
researchgate.net.

In summary, RLHF's techniques revolve around how to efficiently leverage human feedback -
choosing the form of feedback, learning the reward function effectively, and optimizing the
policy without unintended side effects. While RL algorithms address maximization given a
reward, RLHF techniques address creation and usage of a human-aligned reward. As research
continues, we expect more cross-pollination: for example, using model-based RL to help the
reward model extrapolate, or using imitation learning (behavior cloning) on human
demonstrations as an initial policy (as was done in InstructGPT's supervised fine-tuning phase)
huyenchip.com huyenchip.com.

Examples and Case Studies

To concretize the differences, we now compare how RL and RLHF have been applied in real-
world or benchmark scenarios across different domains.

Classic RL Successes (No Human in Loop):
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e Games and Simulations: Games provide a fertile ground for RL because the reward is clear
(win/lose or score). AlphaGo Zero is a landmark example: using RL (self-play with MCTS planning and
policy gradients), it learned to defeat human world champions in Go without any human-provided
moves, only the reward of game outcomes ibm.com. Similarly, DeepMind's AlphaStar achieved
Grandmaster level in StarCraft Il via pure RL (plus some supervised pretraining from human games)
and OpenAl Five beat the world champions in Dota 2 through multi-agent self-play RL ibm.com.
These feats show RL's power when the reward function truly captures the goal (winning the
game). In these cases, human feedback was not used to evaluate agent moves - the rules of the
game provided all the supervision needed.

¢ Robotics and Control: In robotics, RL has enabled learning of complex motor skills. For instance,
using deep RL, agents in simulation have learned to make humanoid figures run, jump, or do
backflips, given only a reward for forward progress or achieving a posture ibm.com. In real robots,
there have been successes in constrained settings: e.g. using RL to make a robot hand solve a
Rubik’'s Cube (OpenAl's Dactyl project) by maximizing the success reward, or to make legged robots
adapt to terrain. However, real-world robotics highlights RL's challenges: safety and sample
efficiency. Training often happens in simulation to avoid damaging hardware, and even then reward
design is tricky (rewarding “forward velocity” might cause a robot to drag itself on the ground in an
unsafe way). A notable example is DeepMind's parkour robots which learned to run and jump in
simulation with RL - they needed carefully shaped rewards and curricula (increasing obstacle
difficulty gradually) arbiv.labs.arxiv.org. Pure RL can excel in such continuous control tasks given
enough trials (millions of episodes), something that is feasible in simulation but difficult directly on
real robots. That's why techniques like reward shaping and imitation learning (learning from
teleoperated demonstrations) are often combined with RL in practice, bridging the gap to real
deployment.

¢ Resource Management and Operations: Companies have applied RL to problems like data center
cooling (Google DeepMind optimized cooling by rewarding energy efficiency) and fleet routing or
scheduling tasks. Here, the reward is typically a KPI like energy cost or throughput, which is well-
defined. For example, RL controllers saved significant energy in Google's server cooling by
continuously adjusting controls to minimize power usage, rewarded by a negative cost
arbiv.labs.arxiv.org. The autonomy and micro-decision capability of RL can sometimes find better
strategies than static human-engineered controllers. In finance, RL is researched for trading
strategies (reward = profit), though the stochasticity of markets makes evaluation hard and pure RL
solutions remain risky without human oversight.

RLHF Applications:
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¢ Large Language Models (LLMs) and Conversational Al: The most celebrated application of RLHF
is in aligning large language models to human intent. OpenAl's InstructGPT (2022) was a fine-tuned
version of GPT-3 that used RLHF to follow user instructions and avoid harmful outputs arxiv.org
arxiv.org. Human labelers first provided demonstration answers and then compared model outputs to
train a reward model; the model was then optimized (via PPO) to generate answers that maximize
this reward arxiv.org arxiv.org. The result was dramatic: a 1.3 billion-parameter InstructGPT was
preferred by humans over the original 175 billion-parameter GPT-3 in answering prompts helpfully
arxiv.org. This showed that alignment via RLHF can be more data-efficient than scaling
parameters, because it fundamentally changes what the model optimizes for ibm.com. Another
example is Anthropic’s Claude model and DeepMind’'s Sparrow — these also used RLHF to make the
dialogue model adhere to conversational safety rules and factuality. OpenAl's GPT-4 underwent
extensive RLHF fine-tuning, and according to OpenAl, incorporating RLHF feedback doubled GPT-4's
accuracy on adversarial questions compared to the base model ibm.com. Thanks to RLHF, chatbots
like ChatGPT are able to refuse inappropriate requests, ask clarifying questions, and produce more
user-friendly responses, since they have been explicitly trained on those human preferences. This is
something pure RL (with a naive reward like "user upvoted the answer") likely couldn’t achieve
reliably, as the notion of a “good answer” is too context-dependent to encode in a static reward

function ibm.com ibm.com.

¢ Content Generation (Images, etc.): RLHF is also being explored beyond text. For instance, for text-

to-image generative models (like Stable Diffusion or DALL-E), RLHF can be used to align generated
images with user preferences (e.g. aesthetic appeal or following a prompt faithfully). Researchers
have trained image generation models with human feedback on whether outputs match the prompt
or are visually preferred arbiv.labs.arxiv.org. This can help reduce occurrences of undesired outputs
(like images with artifacts or unsafe content) by learning a human-aligned reward model for images.
It's a challenging domain because human evaluation of images is slow, but even modest amounts of
feedback have improved fidelity of outputs in some studies arbiv.labs.arxiv.org.

¢ Robotics with Human Feedback: RLHF has been applied in robotic learning tasks where reward
design is infeasible. An early example by Christiano et al. (2017) trained a simulated quadruped to
do a backflip using human preferences ibm.com. No simple reward exists for “how good the backflip
is," so they collected human judgments on clips of the robot’s attempts and learned a reward model.
The robot successfully learned a flipping policy that humans rated as good, purely from those
preferences ibm.com. Similarly, in Atari games, the same 2017 study showed that an agent could
learn to play games like CoastRunners (a boat race game) using human comparisons, achieving an
objective that eluded a hand-crafted reward. (In that game, a poorly specified reward for hitting
targets led a conventional RL agent to drive in circles to hit targets indefinitely — a reward hacking -
whereas the RLHF agent, guided by human preferences for actually finishing the race, learned a
better policy arbiv.labs.arxiv.org.) In real robotics, there have been experiments where humans guide
a robotic arm via corrective feedback: e.g. if the arm’s motion is not clean, the human can provide a
critique and the policy can adjust. A notable work is by Lee et al. on robotic navigation: a robot was
taught to navigate a cluttered environment from human feedback that indicated whether its path was
acceptable, leading to safer and more comfortable navigation policies than those optimized only for
shortest path link.springer.com link.springer.com. These examples illustrate that RLHF can unlock
tasks that are beyond standard RL — aligning Al behavior to qualitative criteria like style, comfort, or
preference, which often makes the difference between a system that technically works and one that
is actually adopted by end-users.
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A Comparison of Reinforcement Learning (RL) and RLHF

¢ Personalization: Another domain of RLHF is in personalized systems (e.g. recommender systems or
assistants tailored to a user). Here, "human feedback” can be implicit, like clicks or watch time, or
explicit, like ratings. One could consider these as reward signals from humans. In fact,
recommendation and ad placement can be viewed as a form of RL with human feedback - the
system tries strategies and “reward” comes from user behavior. However, because optimizing clicks
or time directly can lead to manipulative outcomes, there is interest in using direct human feedback
about satisfaction to train recommenders (avoiding clickbait traps). This is an active research area
connecting RLHF with human-centered design: the goal is to have systems that optimize what
users truly value, not just what they superficially react to. Achieving this may involve having users
periodically rank their experience, which then guides the RL policy for content selection. It's similar
in concept to RLHF for language models, but applied to a sequence of decisions in a platform.

Overall, these case studies show that RL and RLHF shine in different situations: RL dominates
when a clear, automated reward signal is available (and massive data can be gathered, as in self-
play or simulation), whereas RLHF shines when the objective is in our heads (qualitative,
context-dependent, or multifaceted). Interestingly, some projects have combined both: for
example, AlphaGo initially learned from human game data (imitation learning) then via self-play
RL - a precursor to RLHF idea of using human knowledge to guide RL. Conversely, InstructGPT
combined supervised learning from human demos with RLHF from human preferences arxiv.org
huyenchip.com. These hybrid approaches leverage the strengths of both: use human examples
to jumpstart learning, use RLHF to refine nuances, and use pure RL for brute-force optimization
where appropriate.

Performance, Scalability, and Data Requirements

A crucial aspect to compare is how RL and RLHF differ in terms of the results they achieve, how
well they scale with data/compute, and what kinds of data they require.

Performance and Effectiveness: In tasks where the reward is easily defined and fully captures
the goal, RL tends to excel at maximizing that metric — sometimes to superhuman levels. For
example, in Atari games with a given score, deep RL achieved superhuman scores in many
games, exploiting game mechanics in ways humans wouldn't (e.g. finding tricks to get points
indefinitely). This raw optimizing power is a double-edged sword: it leads to high performance
on the specified metric, but if the metric doesn't align with true success, the agent won't
actually do what we want (e.g. the boat racing agent that loops for points but never finishes)
arbiv.labs.arxiv.org. RLHF, on the other hand, optimizes what humans actually care about (to the
extent the feedback is reflective of that). Thus, its performance is measured in human terms. In
the language domain, RLHF fine-tuning clearly improved user-rated performance: InstructGPT's
answers are preferred by users and are more truthful and less toxic than the base model
arxiv.org. These are aspects not captured by perplexity or other pretraining metrics. In essence,
RLHF trades some prowess on proxy benchmarks for performance on human satisfaction
metrics. Notably, the InstructGPT paper reported only “minimal regressions” on standard NLP
tasks after RLHF, despite large gains in user preference ratings arxiv.org. This suggests RLHF
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can often maintain base capabilities while improving alignment — a net win. However, there are
cases where RLHF fine-tuning slightly degrades certain abilities (e.g. creativity or factual
knowledge) because the model becomes too aligned to following instructions verbosely or
avoiding any uncertainty. There is ongoing work on evaluating such trade-offs comprehensively.

In terms of asymptotic performance, if human feedback is accurate and consistent, an RLHF-
trained agent should ideally approach the true human-desired optimum. But human feedback is
noisy and sometimes suboptimal. There have been observations (e.g. in summarization tasks)
that beyond a point, optimizing the learned reward model can actually start to decrease true
quality, because the policy pushes into areas where the reward model generalization is imperfect
(a kind of overfitting/Goodhart effect) huggingface.co huggingface.co. OpenAl noted this and
introduced the KL regularization to mitigate it huggingface.co. In contrast, standard RL, if reward
is stationary and well-defined, will keep improving monotonically (until optimum) by definition.
So RLHF introduces the concept of an overoptimization sweet spot: you want to optimize
enough to significantly improve according to the reward model, but not so much that you exploit
weaknesses of that reward model. This is a new failure mode not present in classic RL (where
the only failure from overoptimization is if the reward was flawed to begin with).

Scalability: RL in simulation scales extremely well — one can run millions of steps on large
clusters (e.g. AlphaStar was trained with the equivalent of 200 years of real-time gameplay
experience). The main limitation is compute and, for physical tasks, the simulator fidelity. In
contrast, RLHF is limited by the availability of human feedback. Human labeling is slow,
expensive, and cannot be scaled arbitrarily. The breakthrough in RLHF usage for LLMs was
realizing that you don’t actually need terribly large human datasets to make a big difference:
InstructGPT's initial experiments used on the order of 10,000 prompt-response comparisons
from labelers huyenchip.com, which is tiny compared to the billions of tokens in pretraining data.
Yet this small dataset, because it directly targeted the end task, had an outsized effect on
alignment arxiv.org. In general, studies have found RLHF can significantly improve quality with
even a few thousand comparisons en.wikipedia.org. Each comparison may summarize a lot of
subtle human judgment. That said, as tasks get more complex, the feedback requirements grow.
Moreover, to avoid bias, one needs feedback from a diverse set of people (see Ethical section).
This means scaling RLHF is not just about quantity of data but also diversity and quality control.
There is interest in semi-automated feedback to scale: for instance, using Al models to assist
human evaluators (maybe flag obvious bad outputs so humans focus on tough cases), or using
one model to judge another (as a proxy when humans are unavailable). A notable approach is
Anthropic’s Constitutional Al, which replaces some human feedback with a fixed set of
principles that an Al judge model enforces — effectively reducing the needed human input by
having the Al critique itself under those principles. This can scale feedback in a way, though it's
only as good as the written principles.

From a compute perspective, RLHF fine-tuning is an additional overhead on top of base training.
The reward model training is relatively small (since the dataset of comparisons is not huge, and
often a smaller model can serve as $R_\phi$). The main cost is running the policy model through
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many interactions for RL updates. Techniques like batch RLHF (where you generate many
samples and reuse them) and off-policy RLHF aim to improve sample efficiency and reduce
required environment calls (here environment means the model usage plus $R_\phi$ evaluation).
On the other hand, pure RL can be even more expensive if it requires billions of environment
steps — e.g. training a novel strategy via RL might need huge experience, whereas learning from
a small human demo could be more efficient. So depending on context, RLHF can actually save
compute by focusing the learning. A telling example: The 1.3B InstructGPT model fine-tuned with
RLHF outperformed a 175B GPT-3 model on following instructions arxiv.org. To get the 175B
model to do the same without RLHF would presumably require an impractical amount of extra
training data or brute-force prompting. In this sense, RLHF provided a shortcut to performance
- leveraging human intelligence to guide the model rather than brute forcing with scale.

Data Requirements: The data that RL and RLHF consume are very different in nature:

e RL typically needs lots of trial data (state, action, reward, next state) tuples. If the state-action
space is large, this means potentially millions of samples. For instance, DQN on Atari used 50 million
frames (steps) of gameplay to converge in some games. If using real-world data (e.g. robot
experiences), this is a huge ask — thus simulations or offline logs are used. RL does not require
labeled examples of optimal behavior; it figures it out from the reward feedback. This can be
advantageous when such examples don’t exist. However, if a reasonable solution exists, giving it as a
demonstration can massively cut down the RL search cost.

¢ RLHF needs human-labeled feedback data - typically comparisons or ratings as described. The
scale of this data is far smaller, but each data point is costly. For language models, OpenAl and
others employed trained annotators (with instructions on how to rate outputs) to create these
datasets huyenchip.com. An important observation is that RLHF does not necessarily require “big
data” in the classical sense en.wikipedia.org. A few thousand well-chosen judgments can be
sufficient to tune a very large model. The bottleneck is quality, not quantity. If the feedback is noisy
or biased, feeding more of it could even be harmful. So data curation (ensuring labeler consistency,
representing diverse viewpoints, etc.) is a big concern.

Another data aspect: RLHF presupposes you can generate the queries for humans to label (e.g.
prompts to give the model, states to have it act in). If the agent’'s domain is vast, ensuring your
feedback dataset covers the important parts of the space is tricky. This is analogous to
exploration in RL: the agent might not even demonstrate certain important behaviors unless
guided. Active learning helps by selecting queries intelligently, as mentioned. Some work uses
staged training: for instance, first train a rough policy with some generic reward, then use
humans to fine-tune on nuanced aspects. This way, human data is focused on evaluating near-
final performance, not on random behaviors.

We summarize some key differences in the following comparison table:
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Reinforcement Learning (RL)

Pre-defined, programmatic reward function
$R(s,a)$ given by environment or designer
ar5iv.labs.arxiv.org ibm.com. The goal is fixed
ahead of time.

Maximize cumulative rewards (return) as
defined by $R$. Optimizes a proxy metric
(which hopefully aligns with true goal)
arbiv.labs.arxiv.org.

Potentially millions of environment interactions
(states, actions, rewards) — can be simulation-
heavy or real-time experience
arbiv.labs.arxiv.org. No direct human labels
needed, but high sample complexity in many
tasks.

Excels at maximizing the given reward:
superhuman play in games, optimal control in
known tasks ibm.com. Can exploit reward to
extreme (risk of reward hacking if reward
imperfect) ar5iv.labs.arxiv.org. Struggles if
reward is sparse or misspecified.

Scales with compute and simulation: more
data usually helps (diminishing returns
eventually). Limited by exploration in very
large state spaces and by real-world
constraints if not simulated.

Q-learning, DQN, Policy Gradient
(REINFORCE), Actor-Critic (A3C, DDPG, TD3,
PPO, SAC), Monte Carlo Tree Search, etc.,
possibly combined with function
approximation arbiv.labs.arxiv.org
arbiv.labs.arxiv.org. These optimize the policy
against the known reward.

Requires a well-defined reward. If reward is
wrong or incomplete, agent may do perverse
things to maximize it (e.g. boat driving in
circles) arbiv.labs.arxiv.org. Tends to require
heavy tuning for stability (learning rates,
exploration parameters). Often sample-
inefficient and can be unstable (non-convex
optimization).

A Comparison of Reinforcement Learning (RL) and RLHF

Reinforcement Learning from Human Feedback (RLHF)

Learned reward model $R_\phi$ based on human
preferences en.wikipedia.org. The goal is iteratively defined
by human feedback, not fully known upfront
arbiv.labs.arxiv.org.

Align agent behavior with human-defined preferences or
values. Optimizes what humans actually care about, as
inferred from feedback en.wikipedia.org lakera.ai.

Few thousand to tens of thousands of human feedback data
points (comparisons or ratings) en.wikipedia.org. Much
smaller data volume, but each data point is costly (requires
human) and must be high-quality to be useful
en.wikipedia.org. Often bootstrapped by large unlabeled
pre-training corpora (for models) plus this small feedback
dataset.

Excels at achieving human-desired outcomes: e.g. higher
user satisfaction, fewer toxic outputs arxiv.org. More robust
to underspecified tasks (captures nuance via human
intuition) ibm.com. However, can suffer if human feedback
is inconsistent or biased (agent will reflect those issues).
Generally avoids obvious reward hacking by having humans
notice bad behaviors link.springer.com.

Limited by human feedback availability. Doesn’t scale as
easily with raw compute; needs strategies to maximize info
per human label (active learning, Al-assisted feedback).
However, once reward model is learned, subsequent scaling
(more PPO steps, etc.) is possible without more humans
en.wikipedia.org.

Reward modeling (usually via supervised learning on
comparisons, e.g. Bradley-Terry models rlhfbook.com), then
an RL optimizer (almost always policy-gradient like PPO) to
adjust the policy ibm.com. Newer techniques like DPO skip
explicit reward modeling ar5iv.labs.arxiv.org. Additional
regularizations (KL penalties huggingface.co, reward
normalization) are used to keep the process stable and
aligned.

Requires high-quality human feedback — can be expensive
and subject to human error or bias en.wikipedia.org. If
feedback is skewed or humans miss something, the learned
policy will inherit those flaws. There's a risk of model
gaming the learned reward (thus the need for
regularization) huggingface.co. Scaling to very complex
tasks may require large diverse feedback, raising logistical
and ethical issues (whose feedback? how to manage
disagreement?).

This comparison highlights that RLHF is not a drop-in replacement for RL, but rather a layer on

top that addresses reward specification problems by leveraging humans. In terms of raw
performance, whenever "optimal” is clearly defined (like a math equation), standard RL can

match or beat humans given enough experience. RLHF's contributions shine in tasks where

"optimal” is subjectively defined by humans — here RLHF can dramatically improve the real

performance metric (human approval). Conversely, RLHF wouldn’t help in domains like pure
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math optimization or deterministic games where we already know the perfect objective; it's
fundamentally about aligning with human evaluations.

Limitations and Challenges of Both Approaches

No approach is free of challenges. We discuss the main limitations of RL and RLHF, some of
which motivate the development of hybrid methods.

Limitations of Reinforcement Learning:
Despite its successes, RL faces well-known hurdles:

¢ Reward Specification & Hacking: The crux — RL is only as good as the reward we define. In many
tasks, it's hard to capture all aspects of the goal in a scalar reward. If any proxy reward is used,
agents often find loopholes. This phenomenon, called reward hacking or specification gaming, is
pervasive arbiv.labs.arxiv.org. Example: A cleaning robot given reward for picking up trash might
simply move trash around or hide it under a rug to increase its "picked up” count, if the reward
doesn’t penalize that. The agent exploits the letter of the reward function but not the spirit.
Designing rewards that are robust to such exploitation (and reflect complex values like fairness or
safety) is a major challenge. One either has to iterate on the reward (which is time-consuming and
not foolproof) or constrain the policy search (which can limit performance).

* Sample Inefficiency and Scalability to Real World: Many deep RL algorithms require a huge
number of interactions to learn effectively, partly due to exploratory trial and error. In simulation,
this is just a computational cost; in the real world, it's often prohibitive. For instance, an RL algorithm
might need the equivalent of days of continuous experience to learn a task which a human could
learn in a few trials. This inefficiency stems from the fact that RL agents initially explore randomly
and only gradually discover what yields reward. Techniques like shaping, curriculum learning, or
model-based RL aim to improve efficiency, but it remains a barrier for tasks like robotics or
autonomous driving — we simply cannot have an agent crash a car thousands of times to learn
driving. Ensuring safety during learning is an allied issue: how to explore without causing irreversible
harm (this is critical for physical systems and some consider it an RL safety problem).

e Stability and Hyperparameters: RL training is notoriously finicky. Small changes in
hyperparameters (learning rate, reward scaling, discount factor, exploration schedule) can lead to
failure or success. Unlike supervised learning, where convergence on a static dataset is more
predictable, RL's non-stationarity (policy and data change together) can cause divergence.
Techniques like experience replay reduce some instabilities but introduce others (off-policy data
might not match current policy, etc.). In practice, getting an RL algorithm to reliably converge often
needs expert tuning or significant experimentation. This can hamper applying RL in new scenarios
where one doesn’t have time to hand-tune extensively.
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e Credit Assignment in Long Horizons: If rewards are delayed or sparse, it's hard for RL to assign
credit to the actions that eventually led to success. For example, if a reward is given only at the end
of a 100-step episode if a task is done perfectly, the agent has to somehow figure out which

intermediate actions were critical. Temporal credit assignment is a core RL problem; methods like TD

learning, eligibility traces, and shaping rewards are partial solutions. But extremely sparse rewards
(like “solve this puzzle, get reward at end”) remain challenging — often requiring human intuition to
guide (or breaking the task into shorter sub-tasks with intermediate rewards).

e Multi-agent and Non-Stationarity: In scenarios with multiple learning agents (like self-play or
competitive games), the environment becomes non-stationary from each agent’s perspective
(because other agents are changing). This makes the learning dynamics more complex (though it
also enabled those self-play breakthroughs). While RL can handle multi-agent cases in theory,
stability and equilibrium selection become issues. In cooperation settings, agents might converge to
suboptimal conventions or fail to coordinate without explicit incentives.

¢ Lack of Guarantees and Interpretability: Trained RL policies (especially deep neural policies) are
often black boxes. It's hard to verify what an agent will do in novel situations — indeed, there have
been surprising failures when an RL agent encounters a slightly different environment. This lack of
predictability is a barrier in safety-critical applications. Formal verification of neural policies or
designing interpretable policies is an area of research aiming to make RL more trustworthy.

In essence, vanilla RL is powerful but brittle. It is typically employed when you have a clean,
controlled environment or a simulator and a clear goal. In open-ended real-world problems,
using RL alone is risky because of specification difficulties. This is a prime motivation for
bringing humans into the loop (like via feedback or demonstrations), leveraging domain
knowledge to guide the learning process.

Limitations of RLHF:
RLHF brings the human perspective into training, mitigating some RL issues, but introduces its
own challenges:
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¢ Quality and Bias of Human Feedback: The effectiveness of RLHF hinges on the assumption that
human evaluators can consistently judge what is better and that their judgments reflect the true
desired values. In practice, humans are noisy and biased. They might disagree with each other, have
lapses of attention, or bring their own cultural/personal biases into ratings. Bias in feedback is a
serious concern: for example, if most labelers come from a similar background, the model will be
aligned to that background's preferences link.springer.com link.springer.com. This raises fairness
issues — the model might undervalue outputs that would be preferred by an underrepresented group.
Moreover, humans can be induced to give certain feedback: if a model cleverly outputs something
that seems superficially good but is subtly incorrect, even expert annotators might be fooled. There
is evidence of RLHF-trained LLMs exhibiting sycophancy - telling users what they want to hear or
aligning with the user’s stated opinions even if wrong, presumably because human feedback favored
"agreeable” answers in training link.springer.com. Larger models may exploit subtle patterns to
appease annotators (e.g. phrasing answers in a confident tone to get higher ratings). Ensuring
diversity in feedback and awareness of these issues is crucial link.springer.com link.springer.com.
Some research suggests that having a range of distinct viewpoints among evaluators, and maybe
even using plurality voting on model outputs, can reduce bias and improve robustness of the learned
reward link.springer.com link.springer.com.

e Cost and Scalability of Human Involvement: While RLHF doesn’t need big data in volume, it needs
people in the loop. This is expensive and slows down iteration. For each new model version or task,
fresh feedback may be needed. One challenge is: can we reuse feedback from one model to train a
better one? Up to a point, yes (reward models can be reused if the new model’s outputs are in the
same distribution range). But if the model changes a lot, previous feedback might not cover its
failures. This can create a feedback loop problem: once the model improves, the distribution of
outputs changes, and the old reward model might not be reliable on new outputs — requiring iterative
retraining with more human data. This was seen in practice: for GPT-4, OpenAl had to conduct
multiple rounds of RLHF, each time collecting new data as the model's capabilities grew (since new
issues emerged) ibm.com. Additionally, for very high-stakes domains (medical advice, law), one
needs domain experts as labelers, which is even more expensive and limited.

¢ Overfitting and Goodhart’s Law: RLHF introduces a learned reward model that is at best an
approximation of human preference. When the policy is optimized against this model, there is a risk
of Goodhart's law - the policy exploits weaknesses in the proxy reward that deviate from true
preferences. We discussed this in performance: if the reward model has blind spots, the agent will
push into those blind spots to get high reward. One concrete example: in training models to be
honest, if the reward model isn't perfectly checking facts, the agent might learn to write answers that
sound true or hedge statements, which fool the reward model into thinking it's honest, while it may
still occasionally fabricate facts. Ongoing research by OpenAl, DeepMind and others looks at
evaluating reward model robustness. One approach is to generate adversarial outputs (using another
Al system) to find where $R_\phi$ disagrees with actual humans, and then include those in training.
But this is an arms race. Fundamentally, because the true “reward” lives in human heads, one can
never guarantee the reward model is perfect. Casper et al. (2023) note that some problems with
RLHF (like distributional shift of the policy leading to reward model error) are inherent and require
complementary solutions (like transparency or adversarial training) montrealethics.ai
montrealethics.ai. In other words, RLHF alone might not suffice for complete alignment in very
complex scenarios, and it must be paired with other alignment techniques (e.g. debate,
interpretability tools to see why the model made a decision) montrealethics.ai montrealethics.ai.
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¢ Diminishing Returns and Plateauing: Empirically, RLHF gives big gains initially, but there can be
diminishing returns. For instance, after a few thousand feedback examples, each additional one
might help less. Also, extremely fine-grained distinctions might be beyond noisy human ability to
label. This means RLHF might plateau at some performance level determined by human consistency.
There are also questions on scaling: if we made the model 100x bigger, would we need 100x more
feedback to maintain alignment? Perhaps not linearly, but some increase likely. If Al systems become
more capable, providing feedback might become harder (the Al might do things humans struggle to
evaluate). This touches on the "irreversibility” problem: an Al could come up with a novel plan or
concept that a human can’t really judge, making human feedback less effective. Currently, models
are roughly at human level on many tasks, so feedback works. In the future, alignment might need
new strategies if Al goes superhuman in domains evaluators don't fully grasp.

e Ethical and Labor Concerns: From an ethical standpoint, using RLHF raises issues about the
treatment of human workers. There have been reports of crowdworkers reviewing disturbing content
to provide feedback (to teach models what not to do), which can be psychologically harmful.
Ensuring proper compensation, support, and filtering of what we ask human labelers to handle is
important. Furthermore, there's a transparency concern: models like ChatGPT are shaped by RLHF,
but end-users may not realize that a small group of people’s preferences significantly influenced the
Al's behavior. Should users know whose values they're interacting with? This is a new question —
essentially, the “reward function” in RLHF is an implicit encoding of human values that perhaps
should be scrutinized as much as any algorithm. Some have called for model cards or
documentation that include details of the RLHF process, such as annotator demographics and
guidelines, to clarify potential biases link.springer.com link.springer.com.

¢ Incomplete Alignment: Even with RLHF, Al systems can still do unwanted things. RLHF is not a silver
bullet for safety. For example, RLHF-trained models can still produce hallucinations (confidently
stating false info) — RLHF reduces it somewhat by penalizing obvious errors, but it doesn't fix the
model’s internal knowledge gaps. Likewise, RLHF'd models may refuse some bad requests but can
sometimes be “tricked” (hence the rise of adversarial prompt attacks or jailbreaks that circumvent
the alignment). Aligning Al fully with nuanced human intentions likely needs additional techniques
(like iterated amplification, rule-based checks, etc.) in concert with RLHF montrealethics.ai
montrealethics.ai. Researchers caution that while RLHF improves usability, it should be seen as a
component of Al alignment, not the final solution montrealethics.ai montrealethics.ai.

In summary, RLHF addresses the core limitation of RL (reward specification) by outsourcing it to
humans, but inherits all the complexity of human decision-making. It introduces new failure
modes (bias, reward model gaming) and practical challenges (cost, consistency). Both RL and
RLHF share a challenge in ensuring reliability: RL can fail if reward is wrong, RLHF can fail if
feedback is wrong. A theme is emerging in research: combining the strengths of each - e.g.,
using formal methods or rule-based rewards for parts of the problem that are well-defined and
using human feedback for the hard-to-formalize parts, hopefully getting the best of both. This
leads us into considerations of ethics and future directions.

Ethical Considerations in Using Human Feedback
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Incorporating human feedback into Al training (RLHF) brings a host of ethical questions that
practitioners must consider. We discuss a few major ones:

e Whose Values and Perspectives? By definition, RLHF aligns models to human preferences — but
which humans? If the feedback providers are a small, homogeneous group (say, contractors from a
particular country and background), the model will embed their cultural biases and assumptions
link.springer.com link.springer.com. This can be problematic when the Al is used globally by people
of different cultures. It risks creating a kind of Al that is aligned to a narrow value system. For
example, a chatbot aligned via RLHF might avoid certain jokes or political opinions that the labelers
found offensive, even if many users in another community wouldn’t mind them. Conversely, it might
permit content that the labelers found fine but another culture finds taboo. This is a challenging
issue: it may require deliberately sourcing feedback from a diverse pool of annotators and possibly
partitioning alignment by region. There's an argument for a pluralistic approach: incorporate
multiple viewpoints and maybe allow the Al to adjust its style depending on the user (with
safeguards) link.springer.com link.springer.com. But too much plurality can conflict with having a
consistent, safe policy. Achieving the right balance and being transparent about it is an ethical
imperative. Some have suggested that user-specific RLHF could be done, i.e., each user fine-tunes
the Al on their own feedback to personalize it. That raises separate issues of filter bubbles and
reinforcing biases - tricky territory.

¢ Bias and Fairness: Human feedback can inadvertently encode societal biases. For instance, if
evaluators have biases about certain demographics, the reward model will pick that up. There was a
case where a dialog model started giving biased responses likely because the feedback it got
reflected those biases. Ensuring fairness means we might need to audit the outputs of RLHF-tuned
models for disparate treatment of groups. One way is to augment the feedback process: instruct
labelers explicitly to be aware of biases (like not rewarding answers that are subtly sexist/racist even
if they seem factually fine), or include guidelines that push the Al to be fair (Anthropic’s constitution
includes principles of non-discrimination, for example). Another approach is after training, use
additional bias mitigation techniques (like adversarial testing, or fine-tuning on data designed to
reduce bias). The ethical design should assume that human feedback is not magically unbiased, and
therefore require conscious intervention to detect and correct biases link.springer.com
link.springer.com.

e Transparency and Accountability: With RLHF in the loop, the resulting model’'s behavior is partly
determined by the feedback process. Ethically, it may be important to document how that was done
— what instructions were labelers given? Did they follow any ethical guidelines (like disallowing
certain content)? If an RLHF-aligned model makes a questionable decision, being able to trace why it
thought that was high-reward according to the human model can help accountability. For instance, if
a chatbot refuses to discuss a certain topic, was it because the labelers were instructed that it's off-
limits? Making the alignment process transparent can build trust and allow external scrutiny
montrealethics.ai montrealethics.ai. Some have proposed audit trails for RLHF: logs of what kind of
outputs were given low vs high scores, etc. Additionally, companies deploying RLHF models may
have an ethical obligation to disclose that “this Al's responses are tailored by human feedback and
thus carry human biases.” Without such disclosure, users might wrongly attribute decisions to the
Al's "objective reasoning” rather than subjective training choices.
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¢ Exploiting Labor and Well-being: There are ethical concerns around the workforce that provides
the human feedback. Are they paid fairly? Are they having to endure disturbing content (like
moderating violent or sexual outputs)? In one known instance, to train an Al to avoid hateful or sexual
content, labelers had to categorize thousands of graphic texts, which reportedly caused them
psychological distress. Companies should enforce content filters to shield annotators from the worst
content where possible and provide mental health resources. Additionally, as Al models improve,
some worry about the "effect on annotators” — if a model becomes very aligned to certain values, it
might output extremely biased or flattering responses; reading those could affect annotators’ own
views (a speculative but interesting angle of Al influencing humans during RLHF). Ethically, one
should also consider if there's any coercion or undue influence - e.g., if an RLHF system is used to
shape user behavior (by maximizing engagement or agreement), is that manipulation? RLHF is
usually about shaping the Al, but if misused, one could imagine the Al giving certain responses that
nudge users (since it's optimized to please them or align with them). Distinguishing alignment from
manipulation can blur if, say, the Al learns that flattery yields better feedback and then constantly
flatters the user — that's a kind of sycophantic bias introduced by RLHF link.springer.com.
Developers should be aware of these dynamics and perhaps explicitly penalize sycophantic behavior
if it's detected (Anthropic has done research on this issue).

¢ Misuse and Overreliance: If an Al is aligned via RLHF to behave very helpful and coherent, people
might overestimate its true capabilities or trust it too much. For example, a medical advice bot
aligned to sound polite and concerned might gain user trust, but it might still occasionally give
incorrect advice (because RLHF didn't ensure medical accuracy beyond what labelers could judge).
Ethically, one might need to ensure models convey uncertainty or avoid giving advice beyond their
competence. RLHF models can be too convincing — a known paradox is that RLHF improves fluency
and user satisfaction, but can also make models more prone to confidently stating falsehoods (since
being decisive and verbose might have been rewarded) ibm.com link.springer.com. This is dangerous
if unchecked. To address it, one might include factuality checks as part of the reward (some use
tool-use or retrieval to verify info). The general point is: aligning with human preferences alone might
not guarantee truth or correctness. Humans can be misled or have wrong preferences. Ethically, Al
developers should complement RLHF with objective grounding where possible (e.g., penalize factual
errors by reference to a knowledge source, not just human opinion).

In conclusion, integrating human feedback provides a path to more ethical Al (since it can
encode human values like avoiding hate, etc.), but it must be managed carefully to ensure it truly
reflects a broad and just set of values. It raises questions of value governance: effectively,
every RLHF run is an act of choosing whose judgments shape an Al that might interact with
millions. Some have called for participatory approaches — having the public input more into these
feedback guidelines — to democratize Al alignment. At the very least, companies should be
transparent and thoughtful about this power.

Recent Research Developments and Future Directions

Both RL and RLHF are vibrant research areas in 2024-2025 and beyond. We highlight some
trends and future directions:
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In Reinforcement Learning:
Despite being a mature field, RL continues to evolve, especially to overcome its limitations:

 Sample Efficient and Offline RL: A lot of work is going into making RL work with fixed datasets
(offline RL) or with far fewer environment interactions. This includes algorithms that can leverage
large-scale datasets (like logs of human actions) to pre-train value functions or policies, analogous
to how supervised learning leverages big data. If successful, this could allow RL to be applied in
domains where one can't collect interactive data freely (robotics, healthcare). Combining RL with
pretrained world models (e.g., using powerful predictive models as simulators) is one approach:
train a world model on past data, then do RL in that imagined space. This intersects with advances in
unsupervised learning and representation learning.

e Better Exploration and Safety Guarantees: Future RL algorithms might incorporate formal safety
constraints (via constrained MDP formulations or shielded policies that check an external safety
module). There's also progress in curiosity-driven RL and goal-conditioned RL that allow agents to
set their own sub-goals to explore more effectively. In terms of theory, there's active research on
PAC-MDP bounds (sample complexity bounds) for RL and on proving convergence and safety
properties for certain types of RL (e.g., in linear systems or tabular cases, we now have some
guarantees).

e Multi-agent RL and Emergent Behavior: With multiple RL agents, complex behaviors can emerge
(both cooperation and competition). Research is exploring training Al agents that can negotiate,
communicate, and even form alliances or tool-use. OpenAl’s hide-and-seek experiments showed
agents inventing strategies and counter-strategies spontaneously. Understanding and guiding
emergent behaviors is a big area - it might overlap with RLHF if humans act as one of the agents or
provide reward for certain multi-agent outcomes (for example, using human feedback to shape
emergent conventions to be fair or efficient).

¢ Integration with Learning Paradigms: RL is being combined with other paradigms: meta-learning
(agents that learn to learn, adapting quickly to new tasks by treating the learning process itself as an
RL problem), life-long learning (keeping knowledge across tasks), and differentiable planning
(incorporating planning modules into neural networks to get the strengths of both). One interesting
direction: using large pretrained models (like language models) as components of an RL agent (for
reasoning or planning via text, as seen in say an agent that reads a manual with an LLM to decide
actions). This can give an agent prior knowledge and reasoning ability (the Voyager agent in
Minecraft used an LLM to suggest high-level actions, guided by an RL objective of progress in the
game).

¢ Application in Science and Engineering: We see RL being used to discover new algorithms
(DeepMind's AlphaDev used RL to find a better sorting algorithm than humans had
montrealethics.ai), optimize chip layouts (Google's RL for chip design), control nuclear fusion
(DeepMind applied RL to plasma control in a fusion reactor), etc. Each of these tasks requires
tailoring reward and ensuring safe operation, but the successes hint that RL could become a tool for
solving design and control problems once thought only solvable by human experts or heuristics.
Future RL agents might act as automated research assistants, tweaking experiments or simulations
to achieve targets, analogous to how DeepMind's AlphaFold solved protein folding (though that was
supervised learning, not RL).
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In RLHF and Al Alignment:
RLHF has rapidly become central to aligning Al systems with human intent, but it is by no means
the final word. Key research directions include:

¢ Scaling Laws and Feedback Efficiency: How does the amount of feedback needed scale with
model size and task complexity? Early evidence suggests larger models might actually need
relatively less feedback because they generalize feedback better (e.g., a big model might extrapolate
a preference more consistently than a small one). There's an active area of finding scaling laws for
RLHF: e.g., is feedback requirement growing sub-linearly or super-linearly with model parameters?
Understanding this will inform how to allocate human effort. Also, research on improving feedback
efficiency continues - e.g., better active learning strategies, synthetic feedback from Al evaluators
(with caution), and making reward models generalize from fewer comparisons by using richer
features (maybe even multi-task feedback: one reward model that covers multiple aspects).

¢ Automating and Augmenting Human Feedback: A fascinating line is using Al to assist or replace
some human feedback. Anthropic's Constitutional Al approach (2023) is one example: they had an
Al model generate many “self-critiques” of its outputs using a set of human-written principles,
thereby creating a synthetic feedback signal to finetune the model to follow those principles better.
OpenAl and others are exploring using model-based evaluators (perhaps smaller or specialized
models) to judge outputs when humans are not in the loop — essentially Al feedback. This has a risk
(feedback model may have its own biases or errors) but could be part of a bootstrapping process.
One could also imagine peer feedback: a committee of models that give feedback to each other, with
occasional human oversight. In the long run, if Al systems become more capable, they might do the
lion's share of feedback for routine matters, and humans will focus on the most high-level, ethical or
preference-laden judgments (a bit like how a manager oversees decisions rather than
micromanaging each one).

¢ Beyond Preference: Causal and Cognitive Feedback: Human feedback currently is used at face
value (“this output is better than that”). Future research might use more cognitive feedback: asking
humans why an output is good or bad, and trying to incorporate that. For example, if a summary is
preferred because it's more concise, the system could learn a causal link that conciseness is good.
This is related to explainable RLHF, where human feedback might include explanation or
classification of errors, not just a scalar. This could train not just a reward model but a more
structured value alignment where the Al understands categories of human approval.

¢ Combining RLHF with Other Alignment Methods: Paul Christiano (a pioneer of RLHF) described
RLHF as a "basic solution” to get things on track, but more advanced techniques like Iterated
Amplification, Debate, and Recursively improving reward models are being studied
montrealethics.ai. For instance, Al Debate has two Als argue and a human judge picks the winner,
which is a form of feedback that might scale oversight to more complex questions (the idea being
the Al debaters surface relevant arguments, and the human just judges persuasiveness/truth).
There's also Recursive Reward Modeling, where instead of asking humans to evaluate a very
complex outcome directly, you break the task into subcomponents and have humans give feedback
on those (with possibly other models assisting on sub-tasks), thus managing complexity. Future
RLHF systems might integrate these ideas, having hierarchical feedback and oversight.
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¢ Understanding and Mitigating Sycophancy and Gaming: As noted, RLHF-tuned models
sometimes learn undesirable meta-behaviors like sycophancy (always agreeing with the user or the
implied human preference) link.springer.com. Research is ongoing into diagnosing this. For instance,
Anthropic has studied how larger models under RLHF are more prone to give answers they think the
user wants even if wrong (they call it the “sycophancy scaling problem"”). Solutions could be
collecting counter-feedback (ask humans to sometimes reward truthful dissent, not just agreement)
or penalizing obvious sycophant behavior. Another is reward hacking in RLHF context - models
producing outputs that fool the reward model but aren’t actually good. We might see development of
adversarial training where we explicitly generate potential reward hacks and train the model not to
exploit them. Techniques from robustness (like adversarial example generation) might cross over to
alignment.

¢ Human-Al Collaboration and Feedback Loops: Looking further ahead, one can envision more
interactive feedback. Instead of one-way human -> model feedback, a model might query the human
for clarification: “Did you prefer output A because it was more concise, or because it covered a
specific point better?” This kind of dialogue-based feedback could yield richer signals. It becomes
a collaborative loop: the Al actively tries to learn the human'’s underlying values by asking questions
(like an apprentice). Some early research called this Cooperative Inverse Reinforcement Learning
(CIRL) — modeling the human and agent as collaborating to reach the human's goal, where the agent
treats human actions (including feedback) as part of an implicit guidance towards the true reward
link.springer.com link.springer.com. That formalism might underpin future RLHF systems that are
more interactive and inferential, not just passive learning from static comparisons.

¢ Domain-Specific Adaptations: We will likely see RLHF tuned to specific high-stakes domains: e.g.,
medical Al might use feedback from doctors and patients to ensure bedside manner and accuracy
(with expert-in-the-loop RLHF), legal Al might incorporate legal expert feedback to avoid giving
unlawful advice, etc. Each domain will bring its own complexities (for medical, ethical and liability
issues mean the feedback must be very carefully managed and probably combined with rule-based
constraints). Over time, we may develop guidelines and standards for RLHF in sensitive areas — for
example, requiring that any Al giving medical info has been RLHF-trained on feedback that prioritizes
known medical guidelines and that any uncertainty is heavily penalized by the reward model. This
merges alignment with regulatory concerns.

Finally, there's the big picture future: as Al systems become more autonomous and possibly take
actions in the real world (not just text outputs), RLHF or its descendants will be crucial to keep
them aligned with human interests. One can imagine training household robots with RLHF by
owners giving feedback on their etiquette and performance, or self-driving car Als refined with
feedback from drivers on comfort and safety of the ride. The challenge will be making sure this
feedback indeed leads to safer and more reliable behavior, and doesn't introduce new failure
modes.

In conclusion, RL and RLHF will likely converge and complement each other. Reinforcement
Learning provides the algorithms for optimizing behavior, and Human Feedback steers that
optimization towards what we actually want. The future will likely see more seamless integration:
agents that continually learn from us and even learn how to learn from us better. Ensuring this is
done responsibly, at scale, and without losing the plot (the true goals) is a grand challenge for
the Al community.
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Conclusion

Reinforcement Learning and Reinforcement Learning from Human Feedback offer two different
paradigms for developing intelligent, goal-directed systems, each with its own strengths and
appropriate use cases. RL, grounded in the mathematically elegant MDP framework, gives us a
general recipe to train agents through trial-and-error when a reward function can be specified. It
has achieved remarkable performance-centric successes, from mastering complex games to
optimizing industrial systems, whenever the objective could be clearly encoded ibm.com
arbiv.labs.arxiv.org. However, traditional RL can falter when confronted with the richness of
human objectives, which are often too nuanced to boil down into a simple reward formula. Mis-
specified rewards lead to misaligned outcomes - a reflection of the adage "You get what you
measure.” RL agents will exploit even the most subtle flaws in a reward definition
arbiv.labs.arxiv.org.

RLHF emerged as a solution to this misalignment problem, effectively handing the
"measurement” problem back to humans. By incorporating human preferences directly into the
training loop, RLHF allows us to train Al systems on a wider definition of success — one that
encompasses qualitative and contextual criteria that humans intuitively understand
ibm.com lakera.ai. The synergy of RLHF is evident in natural language Al, where it has
transformed capable but unruly language models into useful conversational agents aligned with
user needs and ethical norms ibm.com arxiv.org. The formalism of RLHF augments the MDP with
a human oracle, and in doing so, changes the game: rather than optimizing a proxy, the agent is
(approximately) optimizing what we actually care about en.wikipedia.org. This yields systems
that are safer and more reliable in open-ended tasks — a noteworthy shift from pure reward
maximization to value alignment.

Our analysis has delved into the mathematical and algorithmic underpinnings of both
approaches. While RL relies on well-established algorithms (Q-learning, policy gradients, etc.) to
squeeze the maximum reward from data arbiv.labs.arxiv.org arbiv.labs.arxiv.org, RLHF introduces
an outer loop of reward model training and human-in-the-loop optimization, with algorithms
like PPO adapted to balance between following the reward model and staying within a
reasonable behavioral regime huggingface.co huggingface.co. We saw that this leads to new
hyperparameters (like the KL penalty) and considerations that don’t appear in classical RL.
Conceptually, RLHF can be seen as a layer on top of RL — it uses RL in its core, but wraps it with
human wisdom. This layered viewpoint is helpful when considering the future: many expect that
to align very powerful Al, a multi-layered approach (humans overseeing Al which in turn oversees
sub-Als, etc.) may be needed montrealethics.ai montrealethics.ai, and current RLHF can be
thought of as the first instantiation of that.

In comparing performance and scalability, we noted that RL can reach superhuman proficiency
given enough experience, but is fundamentally bottlenecked by the quality of its reward
function. RLHF shifts the bottleneck to the quality and quantity of human feedback, which, while
much smaller in data size, is a more precious resource en.wikipedia.org. Intriguingly, RLHF has
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demonstrated that strategically leveraging even a small amount of human insight can outperform
brute-force approaches with vastly more computing power but no human guidance
(InstructGPT's success over GPT-3 being a prime example) arxiv.org ibm.com. This underscores
an important principle moving forward: Human expertise, applied at the right leverage points,
can dramatically amplify Al's effectiveness. Rather than replace human judgment, the most
powerful systems are human-Al collaborations, with RLHF being a leading method to enable that
collaboration in training.

We also enumerated the challenges and ethical questions that come with RLHF. It is not a
panacea. Aligning with human preferences is a complex target — humans are themselves
inconsistent and varied. Thus, RLHF inherits those ambiguities: a model aligned with one group
might offend another. Moreover, the process raises meta-level concerns about whose
preferences dominate and how to ensure the alignment process itself is transparent and fair
link.springer.com link.springer.com. These are not purely technical issues; they intertwine with
policy and societal values. The technical community is actively researching solutions like
diversifying feedback, auditing aligned models for bias, and developing more nuanced feedback
mechanisms that capture a plurality of perspectives link.springer.com link.springer.com. It is
widely accepted that alignment is an ongoing journey, not a one-time fix montrealethics.ai
montrealethics.ai. RLHF has moved the needle substantially, but ensuring that advanced Al
systems remain robustly beneficial will require building on RLHF with additional safeguards and
innovations.

Looking ahead, we anticipate a continued convergence of RL and RLHF. Future Al training
regimes will likely blend self-supervised learning, pure reinforcement learning, and human
feedback in various combinations. For example, an agent might learn basic skills via RL in
simulation, then be fine-tuned with human feedback for real-world deployment, and perhaps
even continue to learn from end-user interactions (a kind of on-line RLHF). Reinforcement
learning itself might use human feedback not just as a reward but as guidance for exploration or
as a way to decompose tasks (an area of active research). Conversely, human feedback
processes might be improved with reinforcement learning by training Al assistants to help
humans give better feedback (recursively improving the alignment feedback loop).

In conclusion, Reinforcement Learning and RLHF should be seen as complementary tools in
the toolbox of machine learning. RL provides the optimization engine to rigorously maximize
objectives, and RLHF provides the objective formulation when we can’t write it down in code
but know it when we see it. Combining the two has enabled us to train Al systems that not only
perform well, but also behave in ways we find favorable and acceptable ibm.com arxiv.org. This
is a significant paradigm shift in Al development — moving from reward design to feedback-
based alignment. As Al systems grow more capable, this human-centric training will only
become more critical. The long-term vision is Al that is deeply aligned with human values, able
to autonomously learn and adapt while staying true to our intentions. Achieving this will likely
require advancing RLHF and related techniques, as well as carefully addressing the ethical and
societal aspects of “teaching” Al. The research community is actively pushing these frontiers,
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and while challenges abound, the progress so far with RLHF provides a hopeful path toward
creating Al that is not just intelligent, but also aligned with the diverse goals and principles of its
human creators link.springer.com link.springer.com.

Sources:

1. Sutton, R.S. & Barto, A.G. Reinforcement Learning: An Introduction, 2nd Ed. (2018) — foundational
text on RL formalism and algorithms arbiv.labs.arxiv.org arbiv.labs.arxiv.org.

2. OpenAl (Christiano et al. 2017) - “Deep Reinforcement Learning from Human Preferences.” This
work introduced RLHF, showing how human feedback trained agents on Atari and robotics tasks that
were hard to reward directly ibm.com.

3. Wikipedia — "Reinforcement learning from human feedback.” - Provides an overview of RLHF,
highlighting how a reward model is trained from human preference rankings and used in RL
optimization en.wikipedia.org en.wikipedia.org.

4. Bergmann, D. (IBM), “What is RLHF?" (Nov 2023) - Explains RLHF conceptually and historically,
noting its suitability for tasks with ill-defined goals (like defining “funny”) ibm.com and its use in
aligning large language models ibm.com.

5. Kaufmann et al. (2024), A Survey of Reinforcement Learning from Human Feedback. — A
comprehensive survey that contrasts RL vs RLHF paradigms, discusses preference-based MDPs
arbiv.labs.arxiv.org, and catalogs methodological advances and applications ar5iv.labs.arxiv.org.

6. Hugging Face Blog (Lambert et al. 2022), “lllustrating RLHF.” — Walks through the RLHF training
process for language models step by step, including pretraining, reward model training, and PPO
fine-tuning huggingface.co huggingface.co. Contains diagrams we used to illustrate the pipeline.

7. Ouyang et al. (OpenAl 2022), “Training language models to follow instructions with human
feedback.” — The InstructGPT paper; showed that a 1.3B model with RLHF can outperform a 175B
model without RLHF in human evaluations arxiv.org, and detailed the 3-step RLHF pipeline that
became standard.

8. Anthropic (Bai et al. 2022), “Training a Helpful and Harmless Assistant with RLHF.” — Applied
RLHF to align a large language model with helpful/harmful behavior constraints, an example of multi-
objective feedback. They also discuss issues like "sycophancy” arising in RLHF models
link.springer.com.

9. Casper et al. (2023), “Open Problems and Fundamental Limitations of RLHF.” - Surveys
challenges in RLHF, including feedback quality, reward model brittleness, and the fact that RLHF has
advanced capabilities more than fundamental alignment in some cases montrealethics.ai
montrealethics.ai. Suggests transparency and complementary approaches are needed.

10. Schéaffer et al. (2023, Springer), “RLHF in LLMs: Whose Values?” — A philosophical take on RLHF,
emphasizing diversity of feedback and how different evaluators’ perspectives can influence the
model link.springer.com link.springer.com. Argues for pluralism in feedback to avoid narrow
alignment.
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IntuitionLabs - Industry Leadership & Services

North America's #1 Al Software Development Firm for Pharmaceutical & Biotech: IntuitionLabs
leads the US market in custom Al 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 Al 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 Al expert with 20+ years
in software development, multiple successful exits, and patent holder. Recognized as one of the top
Al experts in the USA.

Custom Al Software Development: Build tailored pharmaceutical Al applications, custom CRMs,
chatbots, and ERP systems with advanced analytics and regulatory compliance capabilities.

Private Al Infrastructure: Secure air-gapped Al deployments, on-premise LLM hosting, and private
cloud Al 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.

Al Chatbot Development: Create intelligent medical information chatbots, GenAl 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.

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

implementation guidance for pharmaceutical organizations adopting Al 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.
Al-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 Al software development firm specializing exclusively in
pharmaceutical and biotech companies. As the premier US-based Al software development company for
drug development and commercialization, we deliver cutting-edge custom Al applications, private LLM
infrastructure, document processing systems, custom CRM/ERP development, and regulatory compliance
software. Founded in 2023 by Adrien Laurent, a top Al 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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