
 
 
Reinforcement Learning & Beyond



Remember MDPs
Markov Decision Processes (MDPs)

A Markov Decision Process (MDP) is a problem described by a tuple
M = (S ,A,P ,R , �), where

• S is a finite set of states
• A is a finite set of actions
• P : S ⇥ A⇥ S ! [0, 1] is transition probability distribution, i.e.,
P(s 0|s, a) is the probability that the system transitions into state
s 0 when the system is in state s and action a is taken.

• R : S ! R is a reward function;
and the problem is to find a policy ⇡ : V ! A such that

V⇡(s) := E
" 1X

t=0

�tR(st)|s0 = s

#

is maximized for all s 2 S .

In this case, s0, s1, s2, . . . is a sequence of random variables, where
given si the random variable si+1 is distributed P(si+1|sk , µ(sk)).
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Value Iteration: Finite Horizon Case

• We would like to prove the correctness of value iteration. It is slightly easier,
if we consider a finite-horizon variant of the problem.

• Consider a slightly modified problem with a finite horizon H. That is, we
would like to maximize, for all s 2 S , the following:

V⇡(s) = E
"

HX

t=0

�tR(st) | s0 = s

#

where the policy is potentially time dependent: ⇡ = (⇡0,⇡1, . . . ,⇡H�1).

• Let’s try to construct an algorithm to solve this case.
• At the core of our algorithm will be backtracking from the goal.
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*In some formulations, Reward R may depend on the state and the action chosen at that state: R(s,a).
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Value Iteration Solves the MDP: Infinite Horizon Case

• How does this algorithm? Why does it solve 
our problem? 

Value Iteration: Infinite Horizon Case

• Now, let us recall the value iteration algorithm for the infinite-horizon case:

Value Iteration

1 V0(s) 0 for all s 2 S ;
2 for k = 1, 2, . . . do

3 for all s 2 S do

4 Vk+1(s) max
a2A

⇥
R(s) + �

P
s02S

P(s 0|s, a)Vk(s 0)
⇤
;

• Define the value function V ⇤(·) as follows: V ⇤(s) = V⇡⇤(s) for all s 2 S ,
where ⇡⇤ is an optimal policy that solves the MDP.

• The following theorem can be shown:

Theorem: Convergence of value iteration

We have limk!1 Vk(s) = V ⇤(s) for all s 2 S .
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Reinforcement Learning

• Can we compute a policy simply if we did not 
know the transition function. 

• The agent will “experiment” with the 
environment and construct a policy that 
maximizes the long term reward: 

Environment

Agent Actions

Rewards

States visible to the agent
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Value Iteration Update

• Why can’t we use the value iteration? 

Value Iteration: Infinite Horizon Case

• Now, let us recall the value iteration algorithm for the infinite-horizon case:
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We do not know the transition probabilities… 

• Instead, let’s learn an action-value 
function - also called the Q function: 

Qπ(s, a) = 𝔼[
∞

∑
t=0

γtR(st) |s0 = s, a0 = a]

Q value: the long term value 
at state s taking action a



How do we do this?

• We update the Q value as the agent explores the environment:  

• This gives us a policy: at state s,  take action a that maximizes Q(s,a). 

• This policy constantly exploits the best actions it has found! — In addition, we must allow the agent to 
“explore” environment! Hence, we need a way to constantly explore the environment! 

Q-Learning

Let Q be an action-value function which hopefully approximates Q⇤.

The Bellman error is the update to our expected return when we
observe the next state s0.

r(st , at) + �max
a

Q(st+1, a)
| {z }
inside E in RHS of Bellman eqn

� Q(st , at)

The Bellman equation says the Bellman error is 0 in expectation

Q-learning is an algorithm that repeatedly adjusts Q to minimize the
Bellman error

Each time we sample consecutive states and actions (st , at , st+1):

Q(st , at) Q(st , at) + ↵
h
r(st , at) + �max

a
Q(st+1, a)� Q(st , at)

i

| {z }
Bellman error
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-greedy policyϵ
• Explore with probability : take a random action 

• Exploit with probability 1- : take the action according to the Q function 

ϵ

ϵ



Q-Learning

Q-Learning
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Q representations

• We can build a tabular representation: For each (s, a) pair, we compute Q(s,a). The agent will 
eventually try all states s and all actions a several times, and learn Q(s,a) for all states s and all actions a. 

• This may not scale well when S is too large!
Function Approximation

Approximating Q with a neural net is a decades-old idea, but
DeepMind got it to work really well on Atari games in 2013 (“deep
Q-learning”)
They used a very small network by today’s standards

Main technical innovation: store experience into a replay bu↵er, and
perform Q-learning using stored experience

Gains sample e�ciency by separating environment interaction from
optimization — don’t need new experience for every SGD update!

Roger Grosse and Jimmy Ba CSC421/2516 Lecture 21: Q-Learning 18 / 22

• Instead, we can represent Q with a neural network. This idea has been around for decades, but in 2015, 
DeepMind used a DNN to teach an agent how to play Atari games - now called deep Q-learning: 
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Abstract

We present the first deep learning model to successfully learn control policies di-
rectly from high-dimensional sensory input using reinforcement learning. The
model is a convolutional neural network, trained with a variant of Q-learning,
whose input is raw pixels and whose output is a value function estimating future
rewards. We apply our method to seven Atari 2600 games from the Arcade Learn-
ing Environment, with no adjustment of the architecture or learning algorithm. We
find that it outperforms all previous approaches on six of the games and surpasses
a human expert on three of them.

1 Introduction

Learning to control agents directly from high-dimensional sensory inputs like vision and speech is
one of the long-standing challenges of reinforcement learning (RL). Most successful RL applica-
tions that operate on these domains have relied on hand-crafted features combined with linear value
functions or policy representations. Clearly, the performance of such systems heavily relies on the
quality of the feature representation.

Recent advances in deep learning have made it possible to extract high-level features from raw sen-
sory data, leading to breakthroughs in computer vision [11, 22, 16] and speech recognition [6, 7].
These methods utilise a range of neural network architectures, including convolutional networks,
multilayer perceptrons, restricted Boltzmann machines and recurrent neural networks, and have ex-
ploited both supervised and unsupervised learning. It seems natural to ask whether similar tech-
niques could also be beneficial for RL with sensory data.

However reinforcement learning presents several challenges from a deep learning perspective.
Firstly, most successful deep learning applications to date have required large amounts of hand-
labelled training data. RL algorithms, on the other hand, must be able to learn from a scalar reward
signal that is frequently sparse, noisy and delayed. The delay between actions and resulting rewards,
which can be thousands of timesteps long, seems particularly daunting when compared to the direct
association between inputs and targets found in supervised learning. Another issue is that most deep
learning algorithms assume the data samples to be independent, while in reinforcement learning one
typically encounters sequences of highly correlated states. Furthermore, in RL the data distribu-
tion changes as the algorithm learns new behaviours, which can be problematic for deep learning
methods that assume a fixed underlying distribution.

This paper demonstrates that a convolutional neural network can overcome these challenges to learn
successful control policies from raw video data in complex RL environments. The network is
trained with a variant of the Q-learning [26] algorithm, with stochastic gradient descent to update
the weights. To alleviate the problems of correlated data and non-stationary distributions, we use
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Deep RL has taken off!

• Human performance has been suppressed in pretty much every game!  

• AI has more precision  

• AI does better on strategy  

• We are entering a new “Machine Data” Era - where machines learn from experience (rather than from 
human demonstration / human-generated data) and ultimately are better than humans



What did we cover? What else is missing? 

• We have only scratched the surface on 
autonomy, covering parts of:  

• Deliberative planning & control 

• Perceptive Planning & control  

• State estimation 

• The reminder is equally exciting and deep!

Perception Local Map
Perceptive 
Planning &

Control

State
Estimation

Vehicle
State

Reflexive
Planning &

Control

Sensors Actuators

Prior data;
Global Data
Processing

Deliberative
Planning & 

Control

Deliberative Autonomy

Perceptive Autonomy

Reflexive Autonomy

Environment

Hardware Platform

Global Map
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AI Deployment at Optimus Ride: Hardware Considerations

• Computing hardware resources: 

• Edge computing on the vehicles


• Servers on premises


• Cloud computing


• Relevant resources: 


• Communication is broadly available at high rates. But, may 
not be reliable.


• Can augment infrastructure in cost effective, not-too-
invasive ways. 


• Requirement: Vehicles must have a reasonable level of 
autonomy, should work safely even if the communication is 
completely cutoff.  


• ML pieces: Trains on cloud; updates on premises with that 
days data; Runs on the edge computer! 


• The edge computer implementation is optimized to produce 
predictions for many outputs of interest, sharing resources.

Driverless System: Computing
Developed, tested custom computing solution 
including Intel CPU, NVIDIA GPU:

● More performant (20x increase in GPU, 
6x increase in CPU on relevant examples) 

● Dual redundancy computing enabled.
● Vibration, thermal testing concluded. 

Driverless System: Hardware Components

Wheel-less 
Dashboard

Audio/Visual
Experience 

Display

Augment 
Compute

Electronic 
Parking Brake

Occupancy/Door/
Safety Sensors 

(every seat)

Center Console 
Units

Body Control 
Module (BCM)

Edge computing

Servers on premises 
included 10s of powerful 
computers for AI training



AI Deployment at Optimus Ride:  
Human involvement

• The entire product is a human-in-the-loop AI system,  
which tons of machine learning sprinkled in!  

• Humans monitor the system at different scales:


• Fleet monitors have view of an area  
(much like air traffic controllers)


• Vehicles monitors connect to different  
vehicles throughout the day


• The key business case is to have: 
number of operators << number of vehicles 
 
(Unlike popular belief, the products are not “zero-operators” 
fully autonomous. No one is doing that in “driverless cars”…)

Fleet View Vehicle View

Driverless System: Remote monitoring & Fleet software

Fleet View Vehicle View

Driverless System: Remote monitoring & Fleet software





 
The Impact of Machine Learning

• (Supervised) Machine Learning rapidly took 
over in 2015 and matured by 2020 

• Many tasks could not be done without ML


• Bigger models trained with more data 
seemed to do a lot better. 

Pedestrian detection and tracking



 
The Impact of Machine Learning

• Unsupervised Large-scale ML arrived in ~2022 
and will likely mature by 2027+ 

• Models seem to understand most edge cases. 


• The value seems to increase with bigger models 
(trained on more data, requiring more compute 
resources)

Large-scale Machine Learning and Foundation Models:  
A new Revolution in AI  
Foundation models constitute a new approach to Artificial Intelligence (AI). Extremely-large 
computing resources (that cost more than $100M) are used for training extremely-large-scale 
machine-learning models (with billions of parameters) are trained with extremely-large 
amounts of data (sometimes the data that is easily available in the entire Internet) without a 
specific task in mind. Once pre-trained with this large data, the foundation models then can be 
adapted to specific tasks by fine-tuning. Hence, sometimes, they are called “pre-trained”. 
The words end-to-end, unsupervised, and monolithic are frequently used to describe this 
approach. These terms are sometimes used interchangeably. We attempt to clarify them better in 
this paragraph. Typically (but not always) foundation models are monolithic, that is the entire 
model is a single (extremely-large) neural network with no intermediate explainable 
parameters. The training is typically (but not always) completely unsupervised, that is there is 
no explicit human labeling required! The training is also typically (but not always) end-to-end, 
that is there are no explicit intermediate variables; but instead the end-to-end approach aims to 
use only the input and output variables to train the models.  
These properties make the training process for foundation models extremely automated, so that 
more and more data can be added (so long as the data can be effectively curated).  The result is a 
runaway accuracy improvement that scales with more data and more compute resources. 
The first breakthrough success of a foundation model was 
undoubtedly OpenAI’s Generative Pre-trained Transformer 
(GPT), and its derivative fine-tuned as a chatbot, called the 
ChatGPT. The release of ChatGPT 3 took the world by storm in 
2022. Its improvement, ChatGPT 4, released almost a year ago, 
in March 2023, seemed to have some reasoning capabilities. For 
example, engineers at Cruise presented the image on the right 
to ChatGPT, and asked “how should I drive in this scene?” The 
answer seems to convey a good sense of reason. It is what other 
humans would expect from a self-driving car. What is striking is 
that the model learns this reasoning without any specific 
engineering of understanding cars, fires, driving or anything 
else. It is simply emergent from the training data itself. 
Examples like this created excitement in almost any industry, 
including driverless vehicles. In fact, one could argue that this 
kind of reasoning is the last gap we need to fulfill, towards 
large-scale deployment of driverless cars.  
This has prompted all players in this industry to attempt to be 
the first company to field foundation models for driving, which 
they hope will achieve complete autonomy that has the human 
reasoning ability, and thus drive at least as good as the most 
attentive human under every condition.  
The foundation models are not limited to text. In fact, GPT4 can 
take images as input. There are foundation models, trained on 
tens of billions of images collected from the Internet, that 
generate novel images based on text input. There are now 
models that even generate very high quality video like OpenAI’s Sora.  
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The Impact of Machine Learning

• Managing data pipelines seem critical


• The ultimate goal: Develop a fully-
automated pipeline that leads to better 
capabilities with more driving 

can be collected to be in the relevant ODDs by design, and then the intermediate variables 
and additional software can rapidly identify good behaviors at scale.  

3. Business Risk: The large-scale machine learning and foundation model approach seems 
valuable for self driving. However, it is worth noting that it is still very unclear how the 
technology will unfold in its applications in self-driving vehicles. Furthermore, it is also 
unclear whether there will be other breakthroughs in the coming one or two years that 
differs from (or complements) the current version of the foundation model approach. In a 
year or two, there may be an entirely new technology that now gets to be integrated into the 
stack. The modular approach allows new technologies to be integrated far faster than the 
monolithic approach. Hence, the modular approach allows the company to be versatile, and 
be able to pivot rapidly to new approaches and new algorithms. In such a modular 
approach, various models can be replaced by new technologies. If it turns out that 
monolithic architectures are critical (which does not seem to be the case right now), for 
instance to scale up, then the team can still rapidly pivot to monolithic architectures as well.  

Curating the best (e.g., largest and highest-quality) dataset in the autonomous driving 
industry has long been a key pillar of engineering at Cruise. In this case, the best dataset would 
be one that allows (i) the deployment of large-scale machine learning models at breakneck 
speed and (ii) the verification and validation of hardware, software and key algorithms.   
First, let us note that the best dataset does not necessarily mean one that recorded the most 
amount of data. In fact, “the number of miles driven” is one of the most misleading data size 
metrics. For example, on highways, it is easier to drive for many miles without much 
engagement with other traffic participants, when compared to, for instance, the middle of New 
York City. Hence, many of the companies focusing on highways or have major highway 
operations, ranging from Aurora to Tesla, tend to log a large “number of miles driven.” That 
does not mean, they have “more data” when compared to the data available to Cruise.  
Secondly, it is now well accepted that the development process is 
typically incremental, and it is important to identify the most 
relevant data for the next phase of development. For instance, most 
successful companies applying large-scale ML techniques do the 
following: 1. Create ML models with the available data; 2. deploy 
the resulting ML model and analyze its performance; 3. add new 
data that would best improve the model as efficiently as possible 
(e.g., with little compute resources); 4. Go to step (1) and repeat this 
process. This is, now, a well understood process. It was admitted at 
some point by Andrej Karpathy, who at the time was leading the 
Autopilot team at Tesla. See the figure on the right for a tweet by 
Andrej shortly after ChatGPT came out. It is likely that Tesla 
grappled with finding the right data within the large amounts of 
data that was seen by the Tesla vehicles.  Their main focus had 6

become identifying the most useful data.  
Hence, in many cases, an important attribute of the data is its 
ability to improve the existing model as efficiently as possible. In 
fact, sometimes, the largest datasets can make training impractical, 
or require very large amounts of compute resources for even the initial training activities.  

 Tesla may have millions of vehicles, each of which drive thousands of miles each year. This would mean billions of 6

miles driven. However, even if all Tesla vehicles recorded all the data that they encounter, it would not be practical to 
upload this data using wifi data links. We will revisit the data available to Tesla later in the report. 
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The Impact of Machine Learning

• There is big excitement around “end-to-
end” ML systems. 

Wavye recently updated its website with what it calls AV 2.0 and Embodied Intelligence 
(Link).  Wayve advertises the end-to-end approach as the AV 2.0 approach, as opposed to AV 11

1.0 for other AV companies. See figures above.  
According to Wavye, the key advantages of AV 2.0 are that (i) it does not require labeled data, (i) 
works with a lean sensor suite, (iii) provides mapless autonomy for any place, (iv) is vehicle 
agnostic. There is a lot to unpack in the figures and the website. We will first explain the figures 
and the drawbacks of what Wavye describes as AV 2.0, and then we will explain the approach at 
Cruise. Let us stress that Cruise’s approach is not the AV 1.0 shown in the figure. 
First, the AV 2.0 approach features words like “safety expert sub-system” and “verified motion 
plan”. In this case, basically, the “safety expert sub-system” is the traditional AV stack, that 
would be verifying the motion plan. This “safety expert sub-system” would eventually need to 
handle various safety-critical cases, and would naturally evolve to what Cruise has built. 
Otherwise, it is difficult for this architecture to enforce (even encourage) safety explicitly nor 
verify anything provided by a large monolithic neural network.  
On its website, Wayve has the right directions, such as, AI explainability. However, the 
examples focus on explaining common scenarios, which can be implemented simply by a naive 
integration of multi-modal large language models. Explaining complex scenarios, involving 
multiple interactions, that are relatively rare will be difficult. With this architecture, at best, it 
will take massive data and compute resources to train ML models that explain such scenarios. 
At worst, the ML models will simply not scale to sophisticated safety-critical scenarios.  
Second, the approach at Cruise is not 
what’s shown as AV 1.0 in the figure 
above. In the framework that is 
presented above, the approach at 
Cruise can best be described by figure 
on the right. As we mentioned earlier, 
Cruise’s ML development is a bottom-
up model consolidation approach that 
has already converged to two large 
models, one for perception and one 
for decision making (planning and 
prediction) with an intermediate 
representation in between. This representation enables explainability, which makes the verified 
perception and decision making even more powerful. This approach allows “end-to-end 
training” where the two large ML models are trained together, using driving data.  
In this sense, Wavye’s approach is not that different than Cruise’s vision. We expect that Wayve 
will naturally converge to this approach as they grabble with the challenges in building their 
“safety expert sub-system” in the coming years. They may present this architecture as an 
evolution of their AV 2.0 concept (or as AV 3.0). We do not believe that they are as well 
positioned to develop this vision, when compared to Cruise.  

 Terms like end-to-end learning and embodied intelligence have been around for a long time.11
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• However, this excitement may turn out to 
not fit transportation, even though the 
impact of ML is clearly here to stay. 



Data & Compute: The Fuel of AI 
Scaling Laws!

Dataset Size 
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non-embedding
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute2 used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

Performance depends strongly on scale, weakly on model shape: Model performance depends most
strongly on scale, which consists of three factors: the number of model parameters N (excluding embed-
dings), the size of the dataset D, and the amount of compute C used for training. Within reasonable limits,
performance depends very weakly on other architectural hyperparameters such as depth vs. width. (Section
3)

Smooth power laws: Performance has a power-law relationship with each of the three scale factors
N,D,C when not bottlenecked by the other two, with trends spanning more than six orders of magnitude
(see Figure 1). We observe no signs of deviation from these trends on the upper end, though performance
must flatten out eventually before reaching zero loss. (Section 3)

Universality of overfitting: Performance improves predictably as long as we scale up N and D in tandem,
but enters a regime of diminishing returns if either N or D is held fixed while the other increases. The
performance penalty depends predictably on the ratio N0.74/D, meaning that every time we increase the
model size 8x, we only need to increase the data by roughly 5x to avoid a penalty. (Section 4)

Universality of training: Training curves follow predictable power-laws whose parameters are roughly
independent of the model size. By extrapolating the early part of a training curve, we can roughly predict the
loss that would be achieved if we trained for much longer. (Section 5)

Transfer improves with test performance: When we evaluate models on text with a different distribution
than they were trained on, the results are strongly correlated to those on the training validation set with
a roughly constant offset in the loss – in other words, transfer to a different distribution incurs a constant
penalty but otherwise improves roughly in line with performance on the training set. (Section 3.2.2)

Sample efficiency: Large models are more sample-efficient than small models, reaching the same level of
performance with fewer optimization steps (Figure 2) and using fewer data points (Figure 4).

Convergence is inefficient: When working within a fixed compute budget C but without any other restric-
tions on the model size N or available data D, we attain optimal performance by training very large models
and stopping significantly short of convergence (see Figure 3). Maximally compute-efficient training would
therefore be far more sample efficient than one might expect based on training small models to convergence,
with data requirements growing very slowly as D ⇠ C0.27 with training compute. (Section 6)

Optimal batch size: The ideal batch size for training these models is roughly a power of the loss only,
and continues to be determinable by measuring the gradient noise scale [MKAT18]; it is roughly 1-2 million
tokens at convergence for the largest models we can train. (Section 5.1)

Taken together, these results show that language modeling performance improves smoothly and predictably
as we appropriately scale up model size, data, and compute. We expect that larger language models will
perform better and be more sample efficient than current models.

3

*From an early 2020 OpenAI paper



Data & Compute: The Fuel of AI 
Emergence of Domain-specific Intelligence with Scale? 

• Complex “reasoning” behavior 
emerges rapidly as the scale increases 

Published in Transactions on Machine Learning Research (08/2022)
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(H) Word in context

Figure 2: Eight examples of emergence in the few-shot prompting setting. Each point is a separate model.
The ability to perform a task via few-shot prompting is emergent when a language model achieves random
performance until a certain scale, after which performance significantly increases to well-above random. Note
that models that used more training compute also typically have more parameters—hence, we show an
analogous figure with number of model parameters instead of training FLOPs as the x-axis in Figure 11.
A–D: BIG-Bench (2022), 2-shot. E: Lin et al. (2021) and Rae et al. (2021). F: Patel & Pavlick (2022). G:
Hendrycks et al. (2021a), Rae et al. (2021), and Ho�mann et al. (2022). H: Brown et al. (2020), Ho�mann
et al. (2022), and Chowdhery et al. (2022) on the WiC benchmark (Pilehvar & Camacho-Collados, 2019).

Word in Context. Finally, Figure 2H shows the Word in Context (WiC) benchmark (Pilehvar & Camacho-
Collados, 2019), which is a semantic understanding benchmark. Notably, GPT-3 and Chinchilla fail to
achieve one-shot performance of better than random, even when scaled to their largest model size of ≥5 · 1023

FLOPs. Although these results so far may suggest that scaling alone may not enable models to solve WiC,
above-random performance eventually emerged when PaLM was scaled to 2.5 ·1024 FLOPs (540B parameters),
which was much larger than GPT-3 and Chinchilla.

4 Augmented Prompting Strategies

Although few-shot prompting is perhaps currently the most common way of interacting with large language
models, recent work has proposed several other prompting and finetuning strategies to further augment the
abilities of language models. If a technique shows no improvement or is harmful when compared to the
baseline of not using the technique until applied to a model of a large-enough scale, we also consider the
technique an emergent ability.
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What is the Immediate Impact?

• AI makes computing more accessible: 

• Software development  

• Design and 3D printing  

• …  

• AI enables access to astronomical data: 

• “Search”, “generate” and find insights by finding 
statistical similarities in massive datasets  

• …  

• AI enables extreme personalization

ChatGPT: Here is the image depicting how AI is 
making computing more accessible. The central AI 
figure is surrounded by symbols of technology and 
diverse individuals, highlighting accessibility features.



What are some of the challenges?

• Societal Challenges 

• Job transition, training 

• Privacy and security 

• Biases, safety and ethics 

• …  

• Sustainability Challenges 

• Energy consumption 

• Built environments  

• … 

ChatGPT: Here is the illustration of AI’s societal and 
sustainability challenges.



What is Exciting?

• AI enables new “simulations”  

• Video generation 

• Social/behavioral  simulations 

• Physics/chemistry/biology simulations 

• … 

• Autonomous AI and Decision Making 

• Self-driving cars, drones, …  

• Hiring, HR, …  

• … 

ChatGPT: Here is the illustration depicting AI 
becoming more autonomous.


