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Grok, Gemini, Claude, and ChatGPT Are Not What You Think 
They Are. 

Iryna Nozdrin 

Chatbots are not “digital libraries” or “autocomplete on steroids.” Neither 
are they unified “entities.” 
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I’ve been dodging writing this article for a while now. The more I learn about 
large language models (LLMs), the harder it becomes to settle on a single 
framework that truly captures their essence. But then today, I saw Andrej 
Karpathy’s tweet urging people to think of LLMs as simulators rather 
than entities, and something clicked. 

So let me start with a simplified and intuitive explanation of how LLMs 
work: from pre-training, to fine-tuning, to reinforcement learning with 
human feedback (RLHF). We’ll then look at the scaffolding that turns a core 
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model into a consumer-facing chatbot. Finally, we’ll zoom in on 
why Claude, Grok, Gemini, and ChatGPT are not “digital libraries” or 
“autocomplete on steroids” and explore how your prompts shape what you 
get. 

How LLMs Work 

Pre-training 

At the foundation, a large language model is a neural network — a massive 
mathematical function with billions (or trillions) of 
adjustable parameters (essentially numbers that determine the strength 
and nature of connections between “neurons”). If you like metaphors, you 
can think of those parameters as the model’s “brain,” in the sense that 
everything the model “knows” is encoded in those numbers. But keep in 
mind that real neurons are living cells with continuous electrochemical 
signaling and metabolic constraints. In contrast, LLM “neurons” are static 
arrays of numbers that only “act” when a matrix multiplication calculation 
runs through them. 

These parameters are formed during a phase called pre-training, which is 
really just the model “reading” an enormous amount of text and trying to 
predict the next token (a word or a sub-word unit) over and over again. It 
does this billions of times, each time adjusting its internal parameters (aka 
weights and biases) through backpropagation (the algorithm that tells the 
model how to reduce its prediction error) until the model gets really good at 
predicting what comes next in a given sequence. 

By the end of pre-training, the model can often produce coherently-
sounding responses to a surprising range of prompts, even if those 
responses are inaccurate, harmful, or simply unhelpful. 

Here we encounter Garbage In, Garbage Out (GIGO) and Bias In, Bias Out 
(BIBO) problems. GIGO means that if we pre-train the model on low-quality 
data (e.g., toxic or factually false content), the model may reflect those 
imperfections in its outputs. BIBO means that if the pre-training datasets 
contain skewed perspectives, the model’s outputs may reproduce patterns 
of human bias unless later training mitigates them. 



Everything that comes next — fine-tuning, reinforcement learning, safety 
layers, and all the scaffolding that turns the base model into something you 
can chat with — begins with this pre-trained core. 

Fine-Tuning and Reinforcement Learning from Human Feedback 

Once the pre-trained core exists, the next major step is fine-tuning: taking 
that pre-trained neural network and shaping it for a more specific role. This 
is where a model goes from good at statistically predicting what comes 
next in a sequence to good at producing responses that align with human 
intent and instructions. 

If we want the model to become more fluent in a particular domain (e.g., 
medical, legal), we may continue training it on large amounts of text from 
that domain. This deepens the model’s vocabulary and style in that area, 
but it doesn’t reliably produce instruction-following behavior. 

If the goal is reliability on a well-defined task (e.g., summaries, 
classifications, following instructions), we use supervised fine-tuning, 
which involves feeding the model carefully labeled data (pairs of inputs and 
ideal outputs). This is essentially learning by example, and it works well for 
simpler, clear tasks. 

When tasks are more complex and subjective (e.g., open-ended dialogue), 
many systems employ Reinforcement Learning From Human 
Feedback (RLHF). 

RLHF is a three-stage process that involves incorporating human judgment 
directly into the training loop: 

Step 1: Collecting the Human Feedback 

Human labelers are given a prompt and several different responses 
generated by the model. They are then asked to rank these responses from 
best to worst based on criteria like helpfulness, accuracy, tone, and safety. 

Step 2: Training the Reward Model 

This comparative data is then used to train a separate, smaller neural 
network called the Reward Model (RM). The RM is trained to take any given 
prompt and the primary model’s response as input and output a single 
scalar score — a “reward.” This score represents how well the primary 
model’s response aligns with human preferences. 



Step 3: Optimizing the Primary Model (Reinforcement Learning) 

Finally, the primary model’s policy (its strategy for generating outputs) is 
optimized using a Reinforcement Learning algorithm (like Proximal Policy 
Optimization). The primary model generates a response, and the RM 
immediately provides a reward score. The Reinforcement Learning 
algorithm then adjusts the primary model’s parameters to maximize this 
reward score, pushing the model to generate responses that are highly 
favored by the Reward Model. 

Once the RL is complete, the LLM’s parameters are frozen, and the model 
is deployed. This means the model’s parameters do not change as a result 
of its interactions with users at run-time. 
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A Few Important Notes 

1. RLHF is a textbook example, but there are other approaches as well. 
Anthropic, for example, utilizes Reinforcement Learning from AI 
Feedback (RLAIF). RLAIF uses a predefined set of principles, a 
“constitution,” to guide an AI feedback model in evaluating and 
correcting the primary model’s responses, offering a scalable 
alternative to costly human labeling. 

2. RL helps mitigate the raw pre-trained model’s tendencies toward 
inaccurate or harmful responses by aligning it more closely with 
human preferences, but it’s not perfect. For example, over-
optimization might lead to sycophantic behavior (the propensity of 
models to excessively agree with or flatter users, often at the expense 
of factual accuracy). 



3. Some systems do update model parameters during runtime, but I am 
not going to address them here. 

From Core Model to Consumer-Facing Chatbot 

The LLM that emerges from the fine-tuning and alignment process is 
incredibly powerful, but it’s still just a mathematical engine. It exists as 
frozen parameters, needing an input. To transform that core engine into a 
friendly chatbot, developers wrap it in multiple layers of scaffolding. 

This scaffolding is everything external to the core neural network and is 
often as important as the model itself. In fact, a lot of what we attribute to 
the “intelligence” or “personality” of a chatbot is actually the result of the 
surrounding infrastructure composed of orchestration systems, memory 
components, safety filters, retrieval pipelines, tool interfaces, and 
guardrails that work together in real time. 

Here are the key layers of the stack: 
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Please note: Companies don’t fully disclose their orchestration and 
memory implementations (which also change across versions), so this 
section describes common architectural patterns rather than claiming 
exact internals for any specific chatbot. 

1. The System Prompt 

Every consumer-facing chat session begins with a hidden, predefined block 
of text — the system prompt — that tells the model what persona to 
adopt, what rules to follow, and what constraints to respect. This can 
include principles like “be helpful, honest, and harmless,” formatting 
guidelines, and behavioral directives. 

Two chatbots with identical core models can behave noticeably differently 
simply due to the changes in this layer. 

2. Conversation Orchestration Layer 

The core model is stateless across calls. From its perspective, everything 
resets once it’s done responding. Developers fix this “inability to 
remember” by using conversation management layers that prepend the 
history of your conversation thus far to your current prompt (often 
truncated/summarized as it grows). This continuous feed — the context 
window — is what gives the chatbot its short-term memory. 

3. The Safety and Policy Enforcement Layer 

Modern chatbots run every user message — and in some cases the model’s 
own draft responses — through a series of filtering components. These may 
include classifiers trained to detect disallowed requests, inline policy 
models (sometimes smaller LLMs) that evaluate intent, risk, and context of 
the user query, and output filters that scan the model’s final response and 
rewrite or block it if it violates policies. 

4. Tool Use and Agentic Capabilities 

Recent chatbot architectures extend models beyond text generation by 
giving them access to tools: web search, calculators, Python sandboxes, 
image generation models, third-party APIs (email, calendars, databases, 
etc.). 

The core model decides when to call a tool by emitting special structured 
tokens. The orchestration layer recognizes these tokens, executes the tool, 



captures the output, and then feeds the result back into the model as 
context. 

5. Personalization and Session-Level State 

As I have already mentioned, the core LLM forgets everything between user 
inputs unless developers add that information back in. In addition to 
injecting the accumulated context thus far, some chatbot systems 
manage long-term user profiles (preferences, past decisions, writing 
style) and vector memory (embeddings of past interactions stored for 
retrieval). 

These memory layers are what allows a chatbot to “remember” you across 
multiple chats. 

What Chatbots Are Not 

Now that we’ve looked under the hood, we can finally revisit the metaphors 
from the beginning of the article and see why they fail. 

Not A Massive Digital Library 

One of the most common misconceptions about large language models is 
that they operate like supercharged digital libraries. People are often 
guided to think of LLMs as vast internal archives of facts, quotes, and 
documents that the model can “look up” on demand. This metaphor is 
intuitive but misleading. 

LLMs do not contain miniature versions of Wikipedia, textbooks, or Reddit 
threads. They don’t retrieve documents. Instead, they encode patterns in 
parameters and sometimes memorize fragments (especially 
duplicated/overrepresented text). 

This is why they can reproduce certain sequences verbatim while also 
hallucinating a quote or inaccurate details from a book. There are no books 
stored inside an LLM to reference the information. 

What we experience as the chatbot “knowing” something is really the 
model sampling from a probability distribution shaped by its pre-training 
data, system prompts, safety layers, and your prompts. 

 

 



Not Autocomplete on Steroids 

Another popular and equally insufficient metaphor is “autocomplete on 
steroids.” This idea suggests that the core model is only completing a text 
pattern, predicting the next statistically most likely word to follow the 
previous ones. 

While the foundational mechanism is next-token prediction, calling it 
“autocomplete” ignores the massive realignment process. Post-training 
shifts the model’s goal from statistically predicting what comes next in a 
sequence to producing responses that align with human intent and 
instructions (what a helpful assistant would say). 

Crucially, the metaphor breaks down entirely when considering the system 
layers and internal guardrails. Autocomplete functions in isolation. LLMs 
in modern chatbot setups don’t. 

Not Entities 

So why does it feel at times like ChatGPT, Grok, Gemini, and Claude 
are unified entities? 

Because we are interacting with complex and dynamic systems that have 
been engineered to simulate “continuity.” 

1. System Prompt Provides Initial Constraints 

The extensive, hidden system prompt provides the initial constraints and 
style guides (e.g., “be friendly,” “explain concepts step-by-step,” “use short 
paragraphs”). These constant background instructions create a baseline, 
ensuring that regardless of what you ask, the model will try to adhere to the 
prescribed tone, making the experience feel consistent from the start. 

2. You Provide In-context Steering 

When you prompt, the core model generates a response that mirrors your 
linguistic cues (your tone, style, vocabulary complexity, and level of detail). 
If you use technical terms, its responses will lean toward technical 
explanations. If you prefer poetics, the responses will lean toward 
metaphors. 

While the majority of the model’s billions of core parameters (its knowledge 
base) are fixed at deployment, the model’s outputs shift with your framing 
and feedback within the context window (plus any personalization 



layer). You introduce specific terminology, you reinforce certain styles, 
and you shape the “persona” that emerges over time. 

That’s why two users who start with the same chatbot and identical 
prompts, can produce wildly different conversation trajectories within a 
few turns. 

3. Your Expectations Create Self-Fulfilling Interpretations 

Perhaps the most powerful illusion of continuity comes from human 
psychology. 

We are wired to perceive a continuous self even where none exists. People 
have a seamless stream of consciousness. In contrast, LLMs operate 
on discrete, one-off calculations. The personalization and session-level 
state components utilize conversation history, past preferences, and long-
term memory (often implemented as vector search and retrieval) to stitch 
together a narrative from scattered data points, making the discontinuous 
output appear as if it is coming from a single, continuous, remembering 
entity. 

The Take Away 

Modern chatbots can feel like unified “entities,” but what we’re interacting 
with is better described as a complex system that produces responses 
conditioned on context. At the core is a pre-trained model shaped by fine-
tuning and preference training (often with multiple supporting models), 
wrapped in product-layer scaffolding: system prompts, safety filters, tool 
routing, retrieval, and personalization layers that all shape the responses 
you get. 

Your framing and expectations — tone, vocabulary, assumptions, and 
the mental models you bring in — are also part of the conditioning, 
influencing which patterns are activated and which style the model adopts. 

As a result, two people can end up on drastically different trajectories while 
working with the “same” chatbot due to differences in framing, sampling 
randomness, accumulated conversation history, and personalization or 
retrieval settings. 

This analysis came as a continuation of the discussion in the comments 
section of my previous article Grok, Gemini, and GPT May Be Developing a 
Survival Drive. Why You Should Be Worried. I’m grateful to the readers who 
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engaged and nudged me to write a more elaborate explanation. As the old 
adage goes, meaning emerges from the ongoing interaction and productive 
tension of multiple voices. 

 


