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Abstract

Figure 1: Overview of Reward Modeling and Limitations in LLM Alignment.

Reward modeling and Reinforcement Learning from Human Feedback (RLHF) train Large
Language Models (LLMs) on human preference data with the goal of alignment, de ned
as the ability of Al systems to act in accordance with human values. RLHF has proven
e ective in controlled benchmark evaluations, but is fundamentally limited by system
architecture and several theoretical concerns such as the complexity of value, Goodhart's
law, and reward hacking. These constraints contribute to reward models functioning
as imperfect proxies, capturing and rewarding inhuman values that optimization then
ampli es, producing downstream failures such as sycophancy, hallucinations, and delusion
spiraling. Through experimentation and examination of real world application, these
limitations demonstrate that reward modeling is an insu cient solution to Al alignment.
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Chapter 1

Introduction

The end of man is knowledge, but there is one thing he can't
know. He can't know whether knowledge will save him or kill him.

Robert Penn Warren, All the King's Men (1946)

In 2017, | was sitting in the back of my seventh grade math class obsessed with a
block coding website called Scratch. Although | primarily developed games (and spent
even longer playing others), in this particular instance, what trans xed me most was a
neural network that could play a simple volleyball game against a single player. Every
direct competition game | had ever created required two players both mashing keys side
by side, but here, right in front of me, was an algorithm that no longer required a second
party. It amazed me that the computer could beat me at this small mini game, controlling
the movements of the animated cat character as if someone was right next to me. Fast
forward several years and another awe-struck moment was experienced with the release
of ChatGPT [']. | watched as this simple web interface spit out an essay for a friend,
synthesizing information with human-like uency. | was both unsettled and captivated
by how computers could act anthropomorphically. In both cases, these computational
machines felt both alive and human. It was incredible, but it begged the nagging question
as to how and should machines be made to act human.

Today, this question has only grown in urgency. In recent years, Al has come to
paradoxically represent both extraordinary possibility and grave concern, as public
discourse alternates between utopian optimism of freedom realized through productivity

10penAl, ChatGPT (2026).[1].



CHAPTER 1. INTRODUCTION

and e ciency gains, coupled against dystopian fears of automation anxiety][ decoupled
intelligence [], and a loss of human identity and purpose. Some narratives portray Al as
\humanity's nal invention" [ ], positing that Al will become so advanced that humanity
need not continue to develop technology or work another day. Others say Al is an oracle,
that Al ushers novel ideas and uncovers patterns never before realized. And even more
believe that Al is superintelligent F], will start recursively self-improving F], and is hiding
motives to overthrow humanity [']. These stories marshal billions of dollars of investment,
spreading both the fear and ubiquity of Al systems. As it becomes more prevalent with
widespread deployment embedded in everyday technologies, our decisions and lives are
increasingly being shaped at unprecedented scales. As Al in uence expands, so does the
importance of ensuring its behaviors align with human expectations. Because of this
ascendancy, the challenge is no longer to make machines write essays or play video games
in a human-like way, it has become to make systems that can act human.

At their core, Large Language Models (LLMs) are statistical systems shaped by train-
Ing objectives and optimization protocols. The appearance of reason therefore emerges
not from a human-like understanding, but the structure of data and feedback signals used
in their training. A dominant paradigm for this is reward modeling, where models are
taught to optimize signals derived from reward functions. These can either be hand-drawn
(hard-coded) or more commonly statistically derived from human preference in a process
known as Reinforcement Learning from Human Feedback (RLHF). Despite empirical
success metrics, reward modeling su ers from several fundamental problems: The incom-
pressibility of human values, proximal reward functions, and systems learning to exploit
imprecise rewards result in deviations from intended human behavior. Reward hacking
[?] then suggests that alignment via reward modeling may be inherently constrained.
Understanding where reward modeling succeeds and fails is therefore critical to improving
current systems and to understanding the risks and harms posed by Al.

Alignment refers to the theoretical ability of Al to act in accordance with and exhibit
human values and judgments. One classic example of Al alignment is Isaac Asimov's
"Three Laws of Robotics," one of which being "A robot may not injure a human being or,

2David Deming, Is Al Already Shaking Up the Labor Market? (2024).[2].
3Yuval Noah Harari, Homo Deus: A Brief History of Tomorrow (2017).[3].
4Superintelligence in a Nutshel) Kurzgesagt (2017).[4].

SNick Bostrom, Superintelligence: Paths, Dangers, Strategie§2014).[5].
6Leopold Aschenbrenner,Situational Awareness: The Decade Ahead2024).[6].
"Daniel Kokotajlo, Al 2027 (2025).[7].

8Joar Skalse et al.,De ning and Characterizing Reward Hacking (2025).[S].
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CHAPTER 1. INTRODUCTION

through inaction, allow a human being to come to harm.®]. Moving to a contemporary
setting, alignment is the broader goal ensuring the preservation of endorsed human values
under deployment and scale. It is much less a technical constraint and more so an ongoing
governance and design challenge intersecting machine learning with philosophy, requiring
decisions about which social choices should be speci ed, learned, and controlled. For
machines to then have those choices optimized, inferred, and maintained. As systems
become more capable and integrated into our lives, alignment shifts from a theoretical
concern of science ction to a practical imperative. The advancement of Al will depend
not on model performance, but instead on the values they intend to serve.

At the center of alignment, there exists a basic tension between intention and speci city.
Al systems may be able to do exactly as we train them to do, but formal objectives
inevitably simplify what designers actually intend. The moment a goal is formalized they
become vulnerable to interpretation in ways that diverge from its original purpose. This
is famously demonstrated by Nick Bostrom in Superintelligence through the \paperclip
maximizer" thought experiment [}°]. Bostrom asks us to think about how a super arti cial
intelligence would react given the goal of maximizing the production of paperclips. This
seemingly harmless task is wholesome at rst. It drives metal supplies to its factory, learns
how to melt and mold the metal, and perfects the production process with e ciency
and quality. But it slowly consumes more and more substances eventually realizing that
it can manipulate supply chains to feed itself. It writes letters to secure more funding,
pledges to design more practical items, even hacks autonomous vehicles to deliver more
materials, all while continuing its output of paperclips. Eventually, it will conclude that
human regulation is hindering its ability to maximize paperclip production. Then also
conclude that humans stand in its way. It realizes that in order to maximize paperclips,
it should eliminate humanity so that it can turn the entire planet into a factory. From its
perspective, this is an optimal strategy concluded from its speci ed goal. Humanity was
never necessarily for paperclip production so we should be discarded as easily as scrap
metal.

While this may sound like science ction, the structural insight conveys principles
of misalignment already existing in modern systems. Misalignment is not an issue of
consciousness of evil intention, but instead a gap between encoded goals and the richer
human values they are meant to signify. Humans are not only competent at tasks because

%1saac Asimov, The Three Laws of Roboticg©].
1ONick Bostrom, Superintelligence: Paths, Dangers, Strategie$2014).[5].
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of their ability to complete them, but also by bringing judgments, lived experiences,
and applying their understanding to new situations. By contrast, Al systems may be
able to be computationally supere cient and executionally awless, but they lack the
contextual grounding giving those tasks purpose and meaning. In Al, Intelligence has
decoupled from wisdom?f]. Optimization does not equate to alignment. It is precisely
this divergence that makes solving the alignment problem fundamentally more di cult
than optimizing for objectives as simple as paperclip production.

This thesis is motivated by the need to move beyond abstract narratives and ground
the discussion of Arti cial intelligence in historical contexts and technical mechanisms.
Speci cally it argues that reward modeling, while central to modern LLM alignment
strategies, is fundamentally limited by its reliance on imperfect proxies, making certain
classes of misalignment not just likely, but inevitable. In the hopes of examining its
failure modes and assumptions, we can better inform the development of future alignment
approaches. In part two, | outline a brief history of language models and Al, demonstrating
the past parallels which still plague modern systems. In part three, we look more
technically at how LLMs functions, and how their training methods and statistical
evaluation limit their ability to bear emotion. Part four examines how these issues are
theoretically concerning and how models exploit imperfect systems. Part ve proves how
modern language models lack underlying values with an experiment. Part six moves
into the real world, illustrating the consequences of these faults. Part seven looks at
how speci ¢ models attempt to address the limitations and points toward some possible
solutions. Finally, part eight, concludes the thesis.

yuval Noah Harari, Homo Deus: A Brief History of Tomorrow (2017).[3].
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Chapter 2

History

The past is never dead. It's not even past.

William Faulkner, Requiem for a Nun (1951)

At rst glance, modern Al systems suggest a level of competence and alignment
that is encouraging. Although these systems appear coherent and helpful, surface-level
assessments mislead our impression of the system by concealing the mechanisms that
produce their output. Outputs emanate not from intrinsic values, but from optimization
processes operating over large datasets and imperfect proxy rewards. Understanding this
disconnect is key to understanding the capabilities and risks of modern Al systems. Due
to this divergence, observable behavior alone is insu cient for examining this disparity.
Rather, we must rst examine the design choices in the models, architectures, and
training procedures which shape not only their capabilities, but also the errors and
misalignments the modes are prone to. This requires looking not just at current models,
but at the historical development of Al collectively. The evolution from earlier approaches
to today's large-scale neural networks is not merely a story of increasing capability, but
one that reveals the assumptions and constraints underlying their behavior. In many
ways, contemporary chatbots parallel early systems in their convincing linguistic behavior,
while similarly lacking genuine understanding. Because this issue has remained incredibly
consistent across time, we must rst turn toward the past and understand the historical
continuity leading to the faults of contemporary approaches before we can examine
the limits of modern systems. As such, the following section provides a brief history
of arti cial intelligence that grounds our foundation to understand the limitations and
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failure modes discussed later.

2.1 Computational Thought

Theories of thought as computation have been around for centuries and can be traced
back to thinkers like Thomas Hobbs, who argued that reasoning is a form of calculation
['], and William of Ocham, who believed that thinking occurs in a symbolic universal
language of logical mental concepts][ The twentieth century transformed these abstract
philosophies into concrete systems of calculation. With the creation of Turing machines,
Alan Turing demonstrated that symbol manipulation can be mechanized]| giving rise

to the concept of brains being analogous to computing systems as stated by Warren
McCulloch and Walter Pitts in 1943 [']. The computational theory of mind was further
aided by Noam Chomsky ] and formally developed by Hilary Putnam and Jerry Fodor
[°]. The bidirectional nature of this theory suggested that computers could be made
to think analogously to humans. Alan Turing says this explicitly in his 1950 paper,
Computing Machinery and Intelligence, stating that \these machines are intended to
carry out any operations which could be done by a humanComputing Machinery and
Intelligence [’]. Turing argues that human decisions could be formulaically replicated by
machines, and this question of whether or not machines could act and think humanly
sparked the eld of arti cial intelligence.

2.2 Articial Intelligence

Both the term \arti cial intelligence" and its eld of study began a few years after Turing's
paper, at the 1956 Dartmouth Conference’]. At which the attendees demonstrated
examples of programs which enabled computers to solve algebra, learn English, and even
play checkers.

Thomas Hobbes,Leviathan, Chapter V: Of Reason and Sciencg1651).[10].

2william of Ockham, Summa Logicae(c.1323).[11].

3Alan M. Turing, On Computable Numbers, with an Application to the Entscheidungsproblem
(1936).[12].

4Warren McCulloch and Walter Pitts, A Logical Calculus of the Ideas Immanent in Nervous Activity
(1943).[13].

SNoam Chomsky, Syntactic Structures (1957).[14].

6Stanford Encyclopedia of Philosophy, The Computational Theory of Mind.[15].

’Alan M. Turing, Computing Machinery and Intelligence (1950).[16].

8Dartmouth College, The Research Conference Where Arti cial Intelligence Was Coined (1956).[1.7].
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Early research focused on symbolic reasoning in which human programmers hard
coded rules for problem solving, attempting to replicate intelligence with formal logic and
knowledge bases, essentially with elongated if{else statemerits Researchers Herbert
Simon, Allen Newell, and J.C. Shaw began this one year prior, with the 1955 program
called Logic Theorist ['°]. Notably, the program was able to solve 38 of the 52 theorems
from Principia Mathematica, a work foundational to logicism {*]. In narrow domains,
such as mathematical proofs, these systems were impressive, but they lacked the broad
sweeping capabilities necessary for ambiguity because of limited compute and scéle [

(a) Excerpt from an interaction with ELIZA (b) Symbolic reasoning code from ELIZA

Figure 2.1: On the left (a) is a chat-log from Joseph Weizenbaum's 1966 ELIZA program,
an early natural language system that relied on pattern matching rather than true
understanding, illustrating historical parallels with modern conversational Al. On the
right (b) is an example of the kind of symbolic reasoning code that underlay the program.

[22] [23]

Chatbots, originally called chatterbots, rst gained popularity in 1966 with the
MIT Arti cial Intelligence Laboratory program ELIZA [ *°] [**]. Developed by Joseph
Weizenbaum, ELIZA acted as a psychotherapist, helping people diagnose their issues and
elaborate on their feelings. Using pattern matching and substitution methodology, the
program generated generic responses using the symbolic reasoning popular at the time
(see Fig. 2.1 for an example chat-log). ELIZA would \decompose" user input by scanning
for keywords and then apply various scripts to them, essentially \reassembling” the input

9Andre Vellino, Arti cial intelligence: The very idea: J. Haugeland (1986).[18].

10Allen Newell, Herbert A. Simon, and J. C. Shaw, Logic Theorist (1955).[19].

IAllen Newell, J. C. Shaw, and Herbert A. Simon, Empirical Explorations with the Logic Theory
Machine: A Case Study in Heuristics(1955)[20].

2Fusemachines A Brief History of Arti cial Intelligence .[21].

13Joseph Weizenbaum ELIZA|A Computer Program for the Study of Natural Language Communi-
cation Between Man and Machine(1966).[24].

14Ronald K. Wright, ELIZA Program Overview.[25].
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into an output, and essentially reformatting the human's messages into a question. People
chatting with ELIZA expressed deep attachment, \professing their feelings and struggles

. even seeking their empathy"f]. The phenomena even coined a new term, the_IZA
E ect, which describes a person's attachment to chatbots. Even Weizenbaum's secretary
was in uenced and at one point \asked him to leave the room in order to talk to the
machine privately" [*°]. ELIZA had no built-in contextual framework of discourse, yet, to
many users, ELIZA's speech felt indistinguishable from the conversations they had with
their friends and relatives. Weizenbaum was shocked by the public response to ELIZA,
and he warned about the limits about what he had created!] Originally intending the
tool to be a caricature of human conversation, Weizenbaum rejected any notion that
machines could think or converse with real understanding. He later published works
arguing against the public's opinion, claiming that decision making should never be
delegated to machines who merely mimic human understanding][ Despite his warnings,
ELIZA was only the rst in a long string of chat systems designed to mimic human
conversation; PARRY (1972), A.L.I.C.E. (1995), and Jabberwacky (1997) progressively
improved on the illusion of conversation while still largely relying on rule-based responses
[*°]. However, limited resources and expensive computing power forced most of these
models to remain rudimentary.

2.3 Machine Learning

What then led to the recent resurgence in chatbots? Parallel to these early symbolic
systems, other researchers were exploring a di erent sub eld of Al called Machine learning.
In the 1980s, John Hop eld and David Rumelhart popularized early deep learning

techniques that allowed computers to learn from experience rather than rely solely on
programmed rules (symbolic reasoning). Based on Frank Rosenblatt's 1957 perceptron
[°°], a mathematical equivalent of a biological neuron, they discovered techniques which
allow the useful application of layering these perceptrons to e ectively make an arti cial

51an R. Kerr, Bots, Babes and the Californication of Commerce(2004).[26].

18ELIZA historical documentation.[23].

170Onlim, The History of Chatbots[27].

18Joseph Weizenbaum, Computer Power and Human Reason: From Judgment to Calculation
(1976).[28].

90nlim, The History of Chatbots { From ELIZA to ChatGPT .[29].

20Frank Rosenblatt, The Perceptron: A Probabilistic Model for Information Storage and Organization
in the Brain (1957).[30].



CHAPTER 2. HISTORY

brain [?!][??]. The multi-layered perceptron became what is known as a neural network,
and although theorized decades earlier by McCulloch and Pitts, the advances of content-
addressable memory systems and e cient tuning with backpropagation allowed computers
to solve increasingly complex problemsd. These systems, rather than relying on explicit
rules, could learn patterns themselves, revolutionizing the eld. Instead of specifying
behavior directly, researchers began shaping behavior indirectly through proxy training
objectives and datasets. This transition fundamentally changed the nature of Al control.
No longer were models hand-coded; deep learning and neural networks allowed machines
to "think" for themselves, leading to the approaches of value creation and alignment.

Unfortunately, neural networks were even more computationally expensive than
symbolic programs, making the hardware and infrastructure supporting the devices even
more of a limiting factor. Over the preceding decades, however, these restrictions eroded
and research accelerated). If deep learning techniques, such as neural networks have
become the brain, then energy, compute, and data are the lifeblood of machine learning.
At the start of the 80s, the most advanced chips had roughly 68,000 transistors]|
Fortunately, in accordance with Moore's Law computing power has grown exponentially
and in 2026 we have now reached 227 billion transistors on a chip the size of a ngernail
[?°] Alongside this increase in computing power, the amount of data in the world is
expected to reach a staggering 230 zettabytes by the end of 2028.[To put this number
in context, an average DVD holds around 4.7 GB of data. This means we would need 50
billion DVDs to encapsulate the internet. Stacking these, assuming each disk is 1.2mm
[?8], we would reach the moon 153 times over.

With the expansion of computing power, data abundance, and energy capabilities,
we are now able to more fully realize the power of deep learning techniques. The largest
LLM publicly available, GPT-5, is now active after being trained on an estimated 1.8
trillion parameters [*°]. These parameters can be viewed analogously to synapses in the

21John J. Hop eld, Neural Networks and Physical Systems with Emergent Collective Computational
Abilities (1982).[31].

22pDavid E. Rumelhart, Geo rey E. Hinton, and Ronald J. Williams, Learning Representations by
Back-Propagating Errors (1986).[32].

23stanford University, Neural Nets History: The 1980's to the Presenf33].

24Michael Brenndoerfer, History of Language Al (2025).[34].

2S\Wikipedia, Transistor Counts.[35].

26|nvestopedia, Understanding Moore's Law: Is It Still Relevant in 20252[36].

2’Digitalisation World, Storage Trends for 2026[37].

28Wikipedia Contributors, DVD.[35].

29CometAPI, GPT-5 Model Overview (2025).[39].
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brain. Through this lens, frontier models are more computationally complex than the
brains of mice, cats, and dogs’].

Figure 2.2: Growth in the number of parameters in modern large language models shown
on a logarithmic scale. The gure compares estimated parameter counts of leading models
with biological reference points such as the number of neurons and synapses in the human
brain, illustrating the rapid scale increase of Al systems. [40]

Deep learning coupled with the in ux of computing power and data has given rise to
remarkable gains in image and speech recognition as well as natural language processing.
As a result, Al has become ubiquitous in many aspects of modern life. Personal assistants
like Siri and Alexa can understand speech and perform actions on behalf of usétk [
Cars like Waymo and Tesla can use computer vision and image classi cation to navigate
the real world [?]. Copanies like Netix, Amazon, or Spotify use predictive models
and personality graphs to tailor recommendations to users’®[. The physical world has

30wikipedia Contributors, List of Animals by Number of Neurons[40].

3INicoletta Caldarola et al., \Hey, Alexa" \Hey, Siri", \OK Google". .. exploring teenagers' interaction
with arti cial intelligence (Al)-enabled voice assistants during the COVID-19 pandemic.[41].

32Nikhil Nair, How Self-Driving Cars Learn to See (Part 3): Eyes on the Road with Convolutional
Networks[42].

33Zhonghong Zhang,Personalized Recommendations: How Net ix and Amazon Use Deep Learning to
Enhance User Experience[43].
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become increasingly digitalized and, in parallel, Al has become increasingly in uential in
the real world F4|[*°].

While today's language models are pervasive and practical, their foundations began
over 70 years ago with the creation of the eld of Arti cial Intelligence. Unlike in the past,
training models is now feasible at an unimaginable scale and has continued to surpass
expectations. The cost of computation continues to drop, memory and data storage
grows and new algorithmic paradigms emerge. The massive investments in physical
scaling represent an unmistakable commitment to accelerated progress, yet despite the
technological progress separating modern systems from ELIZA, a core consistency persists;
models displaying convincing linguistic behavior while lacking genuine understanding.
This issue has endured across time, with both early chatbots and contemporary language
models producing their responses by manipulating statistically relevent patterns in
language rather than by possessing a genuine semantic understanding of their own.

34Kate Crawford, Atlas of Al (2021).[44].
35Nick Couldry and Ulises A. Mejias, The Costs of Connection: How Data Is Colonizing Human Life
and Appropriating It for Capitalism (2019).[45].
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Underlying Architecture

\We're not actually building animals. We're building ghosts...
because we're not doing training by evolution, we're doing
imitation of humans and the data they put on the internet.”

Andrej Karpathy, Interview with Dwarkesh Patel (2025)

You may have heard the reductionist joke that Al is simply \statistics implemented
in code.” While slightly o ensive to the complexity of current models, there is much
truth behind the claim. Stripped of auxiliary components, the system is, in essence,
a predictive modeling program founded in nding the relationship between variables.
Generative models attempt to learn the underlying distribution of the training data in
order to generate new similar data']. For chatbots, this means learning the statistical
regularities of language such that, given a sequence of words, it can predict what is most
likely to come next. For instance, given the word \mumbo," the word \jumbo" commonly
follows. Similar to a very complex regression analysis, you can start to understand why
LLMs are considered by many to be statistical evaluators. To dive more thoroughly into
this claim, the next section will break down exactly how LLMs approach \thinking". We
will analyze the training process starting with pre-training, where models learn the basics
of language such as syntax, vocabulary, and parts of speech. Then explore post-training,
where models are taught to respond appropriately via ne tuning with reinforcement
learning and reward models. In doing so, we can start to understand why chatbots fail
to understand.

llvan Belcic, What Is a Generative Model? (IBM Think, 2026).[46].
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3.1 Pre-training

Before language models can generate useful responses, they undergo a process known as
pre-training. During pre-training the model is exposed to massive amounts of data, from
articles to books and to entire websites, with the goal, in every case, to predict what
comes next in the document?]. By training on huge amounts of data, often the entire
internet for example, patterns of language emerge and the Al model learns grammar,
syntax, word combinations and indirectly, facts about the world.

Figure 3.1: Comparison of tokenization strategies including character-level, byte-level,
and word-level representations. Tokenization determines how raw text is converted into
discrete units that neural networks can process][

Computers think in computational terms as opposed to thoughts. To do so, they
must rst encode words rather than reading them. Surprisingly, computers don't even
comprehend entire words, instead breaking down inputs into smaller units, known as
tokens []. Varying levels of encoding are possible, as seen in gure 3.1, where some
models will read entire words, but others break down by bytes of information, creating a
vocabulary based on subwords, characters, or even emojis to handle uncommon expressions
with manageable ease. In doing so, models can minimize the size of their vocabulary by

2Ana Nieto, LLM Pre-Training and Custom LLMs (Databricks Blog, 2025).[47].
4Microsoft Learn, Understanding tokens(2026).[48].

13
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using repeated bytes to build complex ideas, maximizing the coverage of their training
knowledge while maintaining e ciency.

Now that language is encoded in a medium comprehensible to machines, it is abstracted
into a high dimensional space, where the meaning of words is represented with vectors
[°]. Each dimension represents a di erent facet of a linguistic concept. For instance,
one vector may represent gender and another vector may represent size. By having
this mathematical knowledge base, models represent abstract concepts in terms it can
compute, by performing linear algebra on words to derive meaning from their relative
positions in the space. This is crucial because language models don't understand language
in a holistic sense, but encode words to e ectively \think" in mathematical terms. By
predicting what tokens likely comes next given all the information learned in pretraining,
the model can select the next most likely token given an input, which is strung together to
create uent speech. As seen with LLMSs, this simple objective, when scaled to billions of
parameters, with enormous datasets, leads to surprisingly sophisticated language outputs

[°]

Figure 3.2: Language models generate text through probabilistic next-token prediction.
Given an input sequence, the model assigns probabilities to candidate continuations and
samples a token based on the learned distribution.

SSaumyahhya, Tokenization vs Embeddings(GeeksforGeeks, 2025).[49)].
6Sebastian RaschkaHow does next-token prediction train a large language model@FAQ, 2026).[50).
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Consider the phrase, \Don't count your chickens before they...". Based on the
pretraining, all data words are then assigned a probabilistic occurrence. Because \hatch"
frequently follows this adage in the training data, it might have the highest probability
and be appended to the input. By repeating this process, the model continues to generate
output eventually saying something like, "Don't count your chickens before they hatch
because they might not." This step-by-step generation process explains why GPT models
are described as \autoregressive."][ \Auto" refers to the fact that the model feeds
its own previous outputs back into itself as input, and \regressive" refers to predicting
future values based on past data. This would appear to make LLMs be simple statistical
machines with no real intelligence or emotions.

Once we have the autoregressive model, nuanced output can be introduced through a
variety of decoding techniques. Where the model may invoke di erent selection methods
to choose the next token, introducing variance into the output. In technical terms, we
are adding stochastic noise to our function, leading to di erent responses given the same
prompt. These techniques are vastly more complicated than the greedy approach of
simply selecting the highest probability token. They could explicitly be random (\topk"),
skew distributions (\tempurature™), or combine multiple techniques in order to add
further noise (\nucleus") [?].

Aided by both scale and advanced architecture, these simple principals have become
incredibly e ective for language completion, allowing the model to generate coherent text
across a wide range of domains. By continuously selecting tokens with a high probability
of occurring after one another, language models generate the illusion of original thought
with the appearance of understanding. In reality, the models only knows computation of
mathematical probabilities.

3.2 Post-Training

Once the model is pretrained, it understands the syntactic nature of language, but not
the semantic meaning. Pretraining teaches the model how to coherently produce language,
but not how to generate useful, helpful, truthful, or safe responses. Post-training bridges
this gap, aligning the raw language model with conversational norms, task objectives,

’Joshua Noble,What is an autoregressive model2IBM Think, 2025).[51].
8Maxime Labonne, Decoding Strategies in Large Language Model€2024).[52].
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and human expectations. There are two common post-training techniques; Supervised
Fine Tuning (SFT), and Reinforcement learning (RL), which often work in tandem?].

Figure 3.3: Supervised ne-tuning (SFT) aligns base language models with human
demonstrations. Human annotators provide example responses to prompts, enabling the
model to learn desired behaviors such as safety, clarity, and step-by-step reasoning.

Supervised ne tuning (SFT) is the rst stage in the process, which teaches the
model what a \good" answer looks like for a given input from carefully curated datasets
consisting of prompt{response pairs written or reviewed by human£’]. In simpler terms,
it is learning by example. When given a question, the best responses aren't the most
statistically accurate, but instead a blend of clear structure, accuracy, and sophistication.
As seen in gure 3.3, SFT might teach the model that malicious requests should be denied,
that young audiences require simple explanations, or that mathematical reasoning should
be fully explained. SFT anchors the model by teaching it canonical behavior through
explicit examples. Technically, it does so by minimizing the loss between the generated
output and the target responses. The model will then adopt similar patterns of speech,
thereby learning to sound human with mimicry. While SFT provides the foundation; RL
provides the nuance.

9Davide Testuggine, A Primer on LLM Post-Training (PyTorch Blog, 2025).[53].
10cameron R. Wolfe, Understanding and Using Supervised Fine-Tuning (SFT) for Language Models
(Substack, 2024).[54].
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Figure 3.4: Conceptual representation of reinforcement learning. An agent interacts with
an environment by taking actions in states and receiving reward signals, which guide
policy updates. RLHF adapts this framework by replacing the reward function with a
learned reward model trained on human preferences.

Reinforcement learning (RL) re nes the model by nudging its outputs toward rewarded
areas. It is taught by exploration and feedback as opposed to direct examples. Essentially
being a paradigm of trial and error, where agents autonomously act in an environment
driven by feedback in the form of rewards. An agent acting in an environment receives a
reward signal based on its action and can then update its behavior to, hopefully, maximize
its future rewards ['].

Before entering the computer science realm, we can think about RL in terms of human
agents. Most ways in which we train computers are rooted in nature and biology and are
therefore re ective of how we humans learn. In the words of Sutton and Barto, \When an
infant plays, waves its arms, or looks about, it has no explicit teacher, but it does have a
direct sensorimotor connection to its environment. Exercising this connection produces a
wealth of information about cause and e ect, about the consequences of actions, and
about what to do in order to achieve goals."'f]. There may not be direct scalar rewards,

1Rjchard S. Sutton and Andrew G. Barto, Reinforcement Learning: An Introduction (Second Edition)
(2014{2015).[55].
12Richard S. Sutton and Andrew G. Barto, Reinforcement Learning: An Introduction (Second Edition)
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but conceptually, humans' reward function could be mapped to brain chemistryd. Take,

for example, praise and accomplishment that cause increased levels of serotonin. This is
a reward that teaches good behavior. Reinforcement learning can then be thought of in
relation to learning to ride a bike. No one tells you the exact correct action sequence,
instead you try new techniques, crash and scrape your knees, and gradually learn a
policy: \When | feel like I'm tipping left, adjust my weight and tilt the handlebars."
Over time, by measuring the state (things like speed, tilt, and road surface) and trying
new actions (like steering, pedaling, body placement), you learn to maximize the reward
(staying upright with smooth movement). Without ever being explicitly told the rules of
the biking, through trial and error, the human agent learns a strategy to maximize its
cumulative reward.

Machine learning would follow a similar pattern. To illustrate, let's turn from the
physical world of biking to the digital one of videogames. Consider an RL agent trained
to play Atari Breakout, a simple videogame where a ball tries to escape an increasingly
thick wall by busting through the bricks [**]. At each time step, the agent observes the
current state of the game (the position of the paddle, ball, and bricks) and chooses an
action (move left, move right, or stay still). After executing the action, the environment
returns a reward signal, such as a positive one for breaking a brick or a negative one for
losing the ball. Initially the agent might move the paddle sporadically or even randomly,
but over time it adjusts its policy to learn by associating states and actions with reward
outcomes. Without ever being explicitly told the rules of the game, through trial and
error, the agent learns a strategy to maximize its cumulative reward.

For LLMs, exploration comes in the form of generating completions to prompts in
the training dataset. At rst, the model will explore generating all kinds of outputs,
parallel to the exploratory moves of humans haphazardly learning to bike. The LLM is
then scored by a reward model, which for now, evaluates how appropriate an output
is in relation to an input [*°]. After training over thousands or even millions of epochs
with gradient updates in between each of them, the model will begin to generate useful
outputs. Similar to how a person bikes farther the more comfortable they get, the model

(2014{2015).[55].

3Max S. Bennett, A Brief History of Intelligence: Evolution, Al, and the Five Breakthroughs That
Made Our Brains (2023).[56].

Y Adra Puigdonmenech et al., Agent57: Outperforming the human Atari benchmark (DeepMind,
2020).[57].

SAmazon Web Services,What is reinforcement learning from human feedback (RLHF)? (AWS
Documentation, 2026).[58].
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learns what is valuable and can then generate correspondingly better outputs. As such,
the e ectiveness of reinforcement learning hinges critically on the quality of the reward
model.

Reward models simply apply a scalar reward to a given situation. In traditional ML,
these functions could be easily hardcoded like how score equates to success. For modern
chatbots, however, a separate model is developed in order to capture the di cult nuance
of what constitutes a \good" output. They have become a separate Al model (neural
network) trained to approximate human preferences by aggregating sampled data in an
attempt to then train the policy model to be aligned with human values. Reward models
therefore compress features in training data into a representation, allowing models to
specify signals acting as a proxy objectives by which the core optimization is dorA#.[In
classical RL settings, the reward function is explicitly designed by the system's creators,
but the size and scale of modern LLMs requires a new technique; RLHF.

3.3 RLHF

Figure 3.5: Training pipeline for reinforcement learning from human feedback (RLHF).
After supervised ne-tuning, a reward model is trained on human preference data and
used to optimize the language model using reinforcement learning methods such as PPO.

®Nathan Lambert, Reinforcement Learning from Human Feedback: A short introduction to RLHF
and post-training for language models(2026).[59].
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Figure 3.6: lllustration of reward model scoring during RLHF. Candidate model outputs
receive reward values based on predicted human preference, which guide optimization
toward responses judged more helpful or correct.

Figure 3.7: Experimental evaluation framework used to measure alignment across language
models. Prompts are evaluated using standardized questions and numeric scoring metrics
to compare model responses across di erent alignment techniques.
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Reinforcement Learning from Human Feedback (RLHF) is the frontier mechanism of
modern chatbots to incorporate human values into Al systems’]. The general idea is
that once we have a pretrained LLM, we can have a new Al model generate a reward
function to simulate human preferences, then train the LLM to optimize that reward
model. This allows reinforcement learning to occur without explicitly stating a reward
model, teaching chatbots inexpressible human preference then allowing them to intuit
behavior. The RLHF pipeline, as seen in Figure 3.5, is a type of preference tuning and
can be broken down into three basic steps: 1) Data Collection - SFT, 2) Build a Reward
Model, 3) Optimization - RL [*8].

RLHF begins with collecting data where sample prompts and outputs are graded
by humans on both arbitrary scales as well as with binary checkmarks. For example,
as seen in Figure 3.7 a human evaluator will be given a sample prompt with output.
This grader then decides on an overall rating as well as a number of binary questions
measuring the prompt's helpfulness. By including both means of evaluation, the data
can be standardized to account for discrepancies in evaluators measurements. Further
methods can be used to determine the quality of outputs. Bradley Terry model$’]
for instance, will output the likelihood of a pairwise preference by gathering data by
asking users to compare sample outputs. After being given a prompt x, human annotators
are shown two candidate responses yl1 and y2, and asked to indicate which they prefer
according to speci ed criteria such as helpfulness, harmlessness, and truthfulness. With
enough data, patterns emerge. You may have encountered this very A/B testing while
using a chatbot yourself; this feedback is then incorporated into the model and will
in uence future decisions similar to inverse reinforcement learning’].

With thousands or even millions of collected response evaluations, a reward model
can be created in an attempt to mimic human preferences. Essentially, the reward model
attempts to answer the question, \How good is this output given this prompt?" More
traditional approaches attempt to approximate the exact reward for an environment, while
in RLHF we instead attempt to assess the probability of an output being \high quality".

17Jay Alammar and Maarten Grootendorst, Hands-On Large Language Models: Language Under-
standing and Generation (2024).[60].

BNathan Lambert, Reinforcement Learning from Human Feedback: A short introduction to RLHF
and post-training for language models(2026).[59].

19Shuxing Fang, Ruijian Han, Yuanhang Luo, and Yiming Xu, Recent Advances in the Bradley{Terry
Model: Theory, Algorithms, and Applications (2026).[61].

20vikram Krishnamurthy, Inverse Reinforcement Learning using Revealed Preferences and Passive
Stochastic Optimization (2025).[62].
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After being trained on millions of human preferred outputs, it learns how to assign a
scalar value to the newly generated output, picking up on underlying tendencies the
grader is biased toward. So that even without the explicit de nition of what constitutes
human preferences, the model can understand which outputs are bene cial. As Nathan
Lambert says, \They compress complex features in the data into a representation that
can be used in downstream training { a sort of magic that once again shows the complex
capacity of modern deep learning."?[]. The so-called \magic" occurs in step three,
where, by using the reward model, we can ne-tune the LLM with reinforcement learning
to maximize that reward. It is explicitly optimized to produce outputs that humans
tend to prefer, and in doing so, the models learn what responses are better, not strictly
correct. This allows the Al to apply its knowledge by navigating new questions while
understanding the tradeo s between accuracy and style to adopt human values that are
di cult to encode as xed labels. The LLM will then understand human preferences and
can generate outputs which satisfy the reward model, and humans by extension.

3.4 Remaining Challenges

This feedback-driven process signi cantly improves response quality, by explaining rea-
soning step-by-step, avoiding hallucinating facts, and responding politely or cautiously
when appropriate. In doing so, RLHF has shown great success at improving usability,
likability, and basic safety precautions for chatbots?]. For example, even if next-token
generation doesn't statistically say so, when the user prompts for medical advice, the
model will learn to add disclaimers or contact authorities. The reward model therefore is
the distillation of humanity into a program. This leads to both incredible uses and drastic
consequences. Just as early users attributed intelligence and empathy to ELIZA, modern
users frequently infer reasoning, understanding, or intentionality in large language models
that may simply be producing statistically plausible text.

It is a huge step up from traditional \hand-drawn" reward models which are not only
di cult to scale with the amount of training data needed, but hard to design as values,
abstract even to humans. RLHF circumnavigates this limitation by having a separate Al
learn and mimic human preferences and by extension values. It can appear deceptively

2!Nathan Lambert, Reinforcement Learning from Human Feedback: A short introduction to RLHF
and post-training for language models(2026).[59].

22Jay Alammar and Maarten Grootendorst, Hands-On Large Language Models: Language Under-
standing and Generation (2024).[60].
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e ective because it works well for narrow behaviors, but this doesn't mean it solves
alignment in a deep or robust wayF][**] RLHF can con ate signal quality of producing
human-like responses with the core alignment problem of understanding human values.
The issue arises not from the techniques or mechanisms of machine learning, but instead
from the imperfect proxy of values implicit in reward modeling.

Contemporary chatbots are not trained to understand the world, they are trained to
perform understanding. This performance is meant to put up an act with the goal of
pleasing both the evaluative reward model and human onlookers. As stated, \[Al] simply
does not know if the words are true, hit home, or are well meant. It does know that
statistically the words might be e ective, the right response, the best answer.?q. LLMs
therefore do not know whether or not their words are sincere, accurate, or meaningful,
but instead the statistical probability of token generation in order to sound e ective and
mimic human text. This distinction is not incidental; it is a direct consequence of how
chatbots are trained and who is training them. Crucially, the chatbot is not optimized for
truth, understanding, or value alignment itself, but instead for what the reward model
predicts humans will prefer. While modern models are vastly more sophisticated and
trained on enormous datasets, they still fundamentally operate without truth and emotion.
Thus arriving at the crucial starting point that reward models aren't a robust solution to
the alignment problem because of 1) their underlying architecture as discussed above, 2)
their imperfect proxy of human values, and 3) the ethical concerns demonstrating their
inability of alignment.

23paul Christiano, Thoughts on the impact of RLHF research(Alignment Forum, 2023).[63].
24Charbel-Raphael, Compendium of problems with RLHF (2023).[64].
2Speter SneekesThe Performative Al { Why Al Only Acts Nice (2025).[65].
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Theoretical Limitations

| ought to be thy Adam, but | am rather the fallen angel.

Mary Shelley, Frankenstein (1818)

Despite advances in capability and performance, modern systems remain fundamen-
tally di cult to control. Because we cannot explicitly state formal values in systems, as
will be explored below, we instead rely on approximate (proxy) signals to guide behavior.
For LLMs, these are reward models, which often use human preference as an estimation
for human value. Human preferences, however, are context dependent, shifting, and don't
directly encode the essence of value, introducing an additional layer of approximation in
these reward models. The reliance on imperfect proxies therefore introduces a tension
between what the system is optimized for (stated objective) and what we truly want
(intended outcome). This creates a limitation that is not just technical, but conceptual. As
reward models scale and undergo intense optimization, the discrepancies inherent in each
subsequent approximation are ampli ed. What was once just potentially destabilizing
can grow into full-blown misalignment. The gap between the intended outcome of the
reward model and the resulting revealed outcomes (application of stated) is not merely
a practical limitation, but a structural feature of how these systems are trained. To
understand how these failures arise, the following section examines the theoretical and
practical implications of proxy-based reward modeling in the following three subsections:
Value Loading [4.1], Goodhart's law [4.2], and Reward Hacking [4.3].

24



CHAPTER 4. THEORETICAL LIMITATIONS

4.1 Value Loading

By training on human comparison preference, the reward model functions as a proxy
for human values, and rests on two critical assumptions; rstly, that humans themselves
know what they want, and secondly, that human preferences are normally distributed.
These assumptions are problematic both individually and collectively. At the individual
level, people lack consistent preferences and struggle to articulate them. Our judgement
can be uncertain, biased, context-dependent, and not always re ective of our beliefs and
behavior. Over 75% of Americans claim to eat healthy, yet over 40% of Americans are
considered obesé[?]. Such statistics show the gap between preference and practice,
but preference can also shift. You may prefer poka-dots one week, and stripes the
next; balsamic vinaigrette one evening, caesar the following. These alternations are not
unreliable morals, they are part of the chaotic distribution of the human condition. On

a collective level, diversity of thought further compounds the discrepancies. De nitions
of values, and the values themselves, vary across cultures, being both pluralistic and
heterogeneous. In some Polynesian communities, children demonstrate respect through
silence and attentiveness, whereas in many American contexts, speaking up and expressing
one's views is encouraged as a sign of con dence and engagem@nsSLich discrepancies
and reversals in judgment are not aws, they're a part of being human, so when reward
models force preferences into a concrete convention, problems arfje [

Reward functions attempt to smooth over these variances by aggregating results.
By claiming the central limit theorem, computers assume that human values follow a
bell curve and can then make an inference from the data. They ask millions of people
their preferences and create an agglomeration of human choices. This approximation is
therefore just that, an imperfect proxy that does not encode values itself, but instead a
normal distribution of preference data, incapable of capturing values full of richness. The
reward model is a statistical shadow, becoming even more problematic by the abstraction
present during construction. As described above, when we create a reward model it
attempts to compress normative judgments into mathematical functions, this is not

!Research!AmericaNational Survey Shows A ordability and Access to Nutritious Foods is a Challenge
for Many Americans (2024).[66].

2Samuel D. Emmerich, Cheryl D. Fryar, Bryan Stierman, and Cynthia L. Ogden, Obesity and Severe
Obesity Prevalence in Adults: United States, August 2021{August 20232024).[67].

3Elinor Ochs, Talking to Children in Western Samoa (1982).[65].

4Katharina Reinecke, Digital Culture Shock: Who Creates Technology and Why This Matters
(2025).[69].
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only lossy, but structurally constrained by the complexity of human value®]. The value
loading problem, then suggests the impossibility of compressing these informationally
rich human values into a single phrase or short program][ In order to use terms such as
\happiness", \fairness", or \being helpful”, a computer would rst need to identify and
then de ne them. But how can you express such notions in computer code? Consider
"being helpful' for instance, which is a characteristic most Al chatbots advertise. A
rule-based de nition might say, ‘provide accurate information, respond politely, avoid
harm, and comply with user requests.’ Yet such rules miss crucial subtleties, such as
when to refuse, when emotional support matters more than factual precision, or when
long-term bene t outweighs immediate satisfaction. It becomes apparent that "being
helpful’ is a lot more nuanced than previously believed, and contains a lot more gray area
than following a simple set of rules. In an attempt to distill ambiguous human values
into measurable signals, reward models inevitably leave something out. It is tempting to
try and formalize such values, but this competence is tacit and demands an application
of knowledge or wisdom. We then must recognize that this wisdom is more than rules, it
is the ethos of growth, as experience integrates with knowledge to produce actions that
are not merely correct, but appropriate and good for the given situation. Reward models
lose these delicacies and therefore cannot claim to represent human disposition perfectly
['].

SEliezer Yudkowsky et al., Complexity of Value (2016).[70].

6Nick Bostrom, Superintelligence: Paths, Dangers, StrategigsChapter 12: \Acquiring Values"
(2014).[5].

’Kenneth O. Stanley and Joel Lehman,Why Greatness Cannot Be Planned: The Myth of the
Objective (2015).[71].
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Figure 4.1: Comparison between text-based feedback signals used to train language
models and the richer multimodal signals present in human interaction, including tone,
facial expressions, gestures, and contextual cues.

Compare this to humans, who would acquire this trait not through memorization of
rules, but instead through the experience of life, learning to read emotional cues, navigat-
ing trade-o0 s, and adapting to novel contexts. This complexity is largely transparent to
us, so we fail to appreciate that it is there. To illustrate this point, imagine this section of
the paper where you are given the feedback, \Expand NLP vs humans." Which is a real,
text-based, comment made by my advisor. Reviewing the phrase, it is both explicit and
sanitized. It may deliver a clear instruction, but lacks the content, intent, and relational
nuance that shapes how the feedback is understood. In contrast, view gure 4.1, which
is a representation of the moment of advisory explaining the same concept. Meaning is
carried not only in word, but in tone, facial expression, and shared content. a pause may
emphasize a point; a smile shows a well intentioned critique; and body language evokes
the clari cation surrounding the exchange. Text can only capture syntactic meaning;
the adaptive, co-constructed exchange between people conveys far much more semantic,
rich, information. With much more nuance, and subtle reward signals, learning can be
achieved far quicker and across more diverse settings. Receiving feedback from a teacher
is more than learning what to say; you learn to position your body, temper your tone,
mannerisms like nodding, note-taking, and eye contact are all additionally construed.
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