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It Starts With Random Numbers
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training

adjusts every
number, step
by step

- good predictions

Weights start as random numbers

Training adjusts them step by step
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Training Data

* Books, web, papers, code
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* Trillions of tokens, filtered

[ Books J [ Websites ] [Encyclopedias] [ Papers J [ Code J
* Knowledge cutoff

l

trillions of tokens

filtered: spam, duplicates, harmful content

knowledge cutoff
no later events unless it can search
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Loss: Measuring the Mistake

* Predict next token, compare with truth
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* Loss = size of the mistake

[ The ][ (-] ][ sat ][ on ][ the ]
guess: “dog” truth: “mat”
model prediction real next token

[ loss = 4.7 (high) ]

goal: make the loss small

* Goal: minimize loss
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Gradient Descent and Backpropagation

foggy mountain: step downhill
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Gradient descent

small step downhill

~

Backpropagation

direction for every weight

Learning rate

size of each step

* Gradient descent: step downbhill

Backpropagation: direction for every
weight

Learning rate = step size
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Massive Compute

®* Thousands of GPUs for weeks or
months
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$10s - $100s of millions * Tens to hundreds of millions of dollars

frontier training runs

DeepSeek V3: ~$5.6M final run
(reported)

DeepSeek V3

~ $5.6 million final run (reported, 2024)
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thousands of GPUs - weeks to months L )
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The Base Model

* Pre-training = base model

Al EXPLAINED - 3

* Powerful autocomplete, not yet an

[You: What is the capital of Afghanistan? J assistant
N
Base model: What is the capital of Iran? What is the capital
Q of Pakistan? Whatiis ...
vV

base model
powerful autocomplete — not yet an assistant
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Fine-Tuning and Human Feedback
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Pre-training Fine-tuning RLHF Assistant
— — —>
base model example chats human preferences helpful & safer
A vs B — which is better? Constitutional Al

written principles

. . . + Al feedback (Anthropic, 2022)
4 4 4
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Supervised fine-tuning on example
chats

RLHF: human preferences = reward
model

Constitutional Al: written principles
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Reinforcement Learning and Reasoning

°* RLon checkable tasks: math, code
Al EXPLAINED - 3
—— S —— - . N * Step-by-step thinking
. ath
Q: 17 x 24 = 7 nswers can be checked
g . e Y * 01 (2024) - DeepSeek R1 (Jan 2025)
17 x 20 = 340 (" o )
17 x 4 = 68
340 + 68 — 408 mustpasstests

J

answer: 408 v checked

\_
( 01-2024 ) ( R1-Jan 2025 )
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Training Versus Inference

* Training: once, expensive
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* Inference: every prompt, fixed weights

( ) ( )\
Training Inference . . .
Improvements arrive as new versions
once - months every prompt - seconds
thousands of GPUs uses fixed weights
changes the weights your chat # retraining
< y, \ _

improvements arrive as new model versions
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Try It Yourself in Python

[ X X J learn_rule.py

import numpy as np

from tensorflow import keras

X = np.array([-1, 0, 1, 2, 3, 4.0])

y = np.array([-3, -1, 1, 3, 5, 7.0])

model = keras.Sequential([
keras.Input(shape=(1,)),
keras.layers.Dense(1)1])

model.compile(optimizer="sgd", loss="mse")

model.fit(x, y, epochs=500)
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N
x =10
rule: 19
model: 18.98
very close!
J

Keras demo: learny =2x -1

Same loop: weights, loss, gradient
steps
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Timeline: 1986 to 2025

1986

Backpropagation
(Rumelhart, Hinton,
Williams)

2017

Transformer

2022

InstructGPT -
Constitutional Al

2024

DeepSeek V3

2012

GPU training: AlexNet
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2017 2024
Deep RL from human OpenAl o1 reasoning
preferences

2025

DeepSeek R1

13



Sources and Further Reading

1. Rumelhart, Hinton, Williams, “Learning representations by back-propagating errors,”
Nature, 1986

2. Ouyang et al., “Training language models to follow instructions with human feedback”
(InstructGPT), 2022

3. Bai et al. (Anthropic), “Constitutional Al: Harmlessness from Al Feedback,” 2022

4. DeepSeek-Al, DeepSeek-V3 Technical Report, 2024; DeepSeek-R1, 2025

5. MyWebUniversity — Python Modules Full Course (TensorFlow lesson)
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Thank you for watching

MyWebUniversity.com

Free technical education since 2000 — English and Dari
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