
Reinforcement Learning
Lecture 1: From Mathematical Models to Learning Sequential Decisions

Let’s trace how data changes the usual problem-solving process, what counts as convincing evidence, and
where reinforcement learning fits.

By the end of this lecture, you should be able to
• Separate problem specification, mathematical modeling, structural analysis, algorithm design,

and verification.

• Explain how machine learning can act as either a model surrogate or an algorithm surrogate.

• Use route planning to compare a conventional solver, a hybrid learned model plus solver, and a
learned decision policy.

• Distinguish the main machine-learning paradigms by their data, feedback, and objective.

• State what evaluation on a small set of models and datasets does—and does not—establish.

• Define reinforcement learning as sequential decision-making and explain its distinctive challenges.

• Place modern reinforcement learning within its major historical lineages.
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1 How we usually solve problems
Let’s begin with the conventional way of solving a scientific or engineering problem. The details
vary, but the basic sequence is usually the same:

real problem −→ mathematical model −→ structure −→ algorithm −→ verification and validation
(1.1)

These boxes may look like one continuous process, but they represent different jobs. Keeping them
separate matters. Otherwise, it is easy to claim that we have solved the real problem when we have
only solved a mathematical version of it.

1.1 Step 1: pin down the real problem

Before we write any equations, we need to decide what success actually means. Start with four
questions:

1. What information is available as input?

2. Which outputs or actions are feasible?

3. What objective should be minimized or maximized?

4. Which constraints, risks, or failure modes are non-negotiable?

Consider the instruction “find a good route.” What does good mean here? The shortest distance?
The smallest expected travel time? The lowest fuel use? The smallest chance of arriving late? Are
toll roads allowed? Must the route still work if a road closes? These are not minor implementation
choices. They define the problem we are trying to solve.

1.2 Step 2: turn the problem into mathematics

Once the goal is clear, we need a mathematical model. We might represent the world using a graph,
a vector, a probability distribution, or a differential equation. In route planning, for example, we
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might treat the road network as a directed graph, assign a known nonnegative cost to every road,
and define the cost of a route as the sum of its road costs.

Of course, the real world contains much more detail than this model. That is the point of ab-
straction: we deliberately leave out details so that we can reason about the problem. But this
simplification creates a model gap. Later, we must ask whether that gap is small enough for the
intended use.

1.3 Step 3: look for useful structure

Now ask: what useful structure does the model reveal? Here are some common examples:

• If the problem is convex, local optimality also gives us global optimality.

• If it is sparse, we can avoid working with quantities that are mostly zero.

• Monotonicity or submodularity may let us justify a greedy method.

• A graph makes paths, cuts, and connectivity visible.

• Decomposability and optimal substructure open the door to dynamic programming.

• Invariants or conservation laws tell us what cannot change.

This structure is more than a convenient description. It explains why a method should work on
more than the few examples we happened to try.

1.4 Step 4: turn the structure into an algorithm

Once we see the structure, we can design an algorithm that uses it. An algorithm is a finite
procedure that maps modeled inputs to outputs, but a good algorithm does more than return
an answer. It uses the structure to improve correctness, running time, numerical stability, or
approximation quality. Dijkstra’s algorithm is a good example: it uses nonnegative edge costs to
justify a greedy decision about which vertex to finalize next.

1.5 Step 5: check the algorithm—and the model

Finally, we need to ask two different questions. They sound similar, but they are not the same:

Verification Did the algorithm or implementation solve the mathematical problem we gave it?
We might answer this with a proof of correctness, a complexity bound, a numerical
error analysis, tests, or formal verification of the code.

Validation Did we write down the right mathematical problem in the first place? Here we
need measurements, sensitivity analysis, calibration, field studies, or review by
domain experts.

Key idea. A proof can tell us that an algorithm exactly solves a model, provided the model’s
assumptions hold. It cannot tell us, by itself, that the model is a faithful description of the
world.
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One way to remember the distinction is to think of the classical pipeline as making two contracts:

world ≈ model︸ ︷︷ ︸
modeling contract

and algorithm solves model︸ ︷︷ ︸
algorithmic contract

. (1.2)

For a system to work reliably in practice, we need evidence for both contracts.

2 How learning from data changes the process
So where does machine learning enter this pipeline? Often, it enters where the real system is too
complicated to describe completely by hand. Traffic, for example, depends on time, weather, events,
human behavior, and many interacting factors. Instead of specifying every relationship explicitly,
we can use data to learn a useful mapping.

In a simplified learning problem, we choose a hypothesis class F , a loss ℓ, and a training procedure.
Given a dataset D, we then look for a function that performs well on that data:

f̂ ∈ arg min
f∈F

1
|D|

∑
z∈D

ℓ(f ; z) + λ Ω(f), (2.1)

Here, Ω expresses a preference such as simplicity or smoothness. The important point for us is that
learning can replace two quite different parts of the conventional pipeline.

2.1 Learn the model, keep the solver

The first option is to learn a missing part of the model and then let a conventional algorithm do
the final computation. We call the learned part a model surrogate:

x
learn from data−−−−−−−−−→ M̂x

known optimizer or planner−−−−−−−−−−−−−−−−−→ y. (2.2)

Think of predicting demand before solving an inventory problem, estimating aerodynamic forces
before optimizing a design, or predicting travel times before running a shortest-path algorithm. In
each case, learning supplies information that the model does not already contain.

Why is this hybrid design attractive? We can keep known constraints as hard constraints, and the
established solver keeps its conditional correctness guarantee. But we now have a new question to
answer: how do errors in M̂x affect the final decision?

2.2 Learn the solver itself

The second option is more direct: learn the solution map itself. This learned map is an algorithm
surrogate:

x
learn from examples, demonstrations, or rewards−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→ ŷ. (2.3)

For example, a neural network could look at a road network and a destination and immediately rec-
ommend the next turn. Once trained, this may make repeated decisions very fast. In optimization,
we sometimes say that training has amortized the computation across many problem instances.

The tradeoff is that we no longer inherit all the guarantees of the original hand-designed algo-
rithm. The learned output may be infeasible or suboptimal, and its behavior outside the training
distribution may be difficult to predict.
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2.3 We are still modeling

It is tempting to say that data has replaced the model. A better description is that the modeling
assumptions have moved. We still have to make choices about:

• what data to collect and which population it represents;

• how inputs and outputs are represented;

• which target or reward stands in for the real goal;

• which loss function assigns importance to different errors;

• which model class and optimization method are used;

• how evaluation cases are sampled and which metrics are reported.

Together, these choices form an implicit model. The assumptions are now spread across the dataset
and training pipeline, so they may be harder to see than assumptions written in a short set of
equations.

Table 1: What changes when part of the problem-solving pipeline is learned.
Question Conventional emphasis Learning-based emphasis

Where do
assumptions live?

Explicit model, theorem hypotheses, and
algorithm

Data collection, representation, loss,
model class, and training

What supports
correctness?

Deductive proof under stated
assumptions

Statistical evidence plus any preserved
structural guarantees

What is the
common failure?

Wrong model or violated theorem
assumptions

Distribution shift, proxy mismatch, rare
failures, or optimization error

How is
performance
assessed?

Correctness, complexity, approximation,
and stability

Generalization, calibration, robustness,
downstream utility, and cost

In practice, the most dependable design is often a hybrid one. Learn the part that is genuinely
unknown, keep trusted structure wherever we can, and make the boundary between the learned
and engineered components clear.

3 Let’s work through route planning
Let’s make these ideas concrete with route planning. The example will let us compare the con-
ventional pipeline with both kinds of learned surrogate. It will also show us why good predictive
accuracy does not automatically mean good decisions.

3.1 Start with known costs

Start by representing the road network as a directed graph G = (V, E). We have an origin s ∈ V ,
a destination t ∈ V , and a known nonnegative cost ce ≥ 0 for every edge. The goal is:

P ∗ ∈ arg min
P :s⇝t

c(P ), c(P ) =
∑
e∈P

ce. (3.1)
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What structure can we use? First, the cost of a path is the sum of its edge costs. Second, every
prefix of a shortest path is itself a shortest path between its endpoints. Because all edge costs are
nonnegative, we can also use a greedy finalization rule safely.

This is exactly what Dijkstra’s algorithm does. It keeps a tentative distance for every vertex. At
each step, it finalizes the unsettled vertex with the smallest tentative distance and then relaxes that
vertex’s outgoing edges. The key invariant is simple: whenever a vertex is finalized, its distance is
the true shortest-path distance.

Why the invariant holds. Why is that true? Suppose the invariant held before we selected a
vertex u. Imagine, for contradiction, that there were a strictly cheaper path to u. Look at the first
unsettled vertex on that path and at its finalized predecessor. When we relaxed the edge from that
predecessor, the first unsettled vertex would have received a tentative distance no greater than the
cost of the supposedly cheaper path. Since all remaining edge costs are nonnegative, that tentative
distance would be smaller than the value for u. But then the algorithm would not have selected u.
This contradicts the greedy choice. Therefore u’s label is final, and induction gives us correctness.

This is a strong guarantee, but notice what it says: the returned route is optimal for the graph
and costs that we supplied. If the graph misses a road closure, or if static costs fail to capture
congestion, Dijkstra’s algorithm may correctly solve the wrong instance.

3.2 Learn the costs, keep the planner

What if the road costs are not known in advance? Suppose the cost of edge e depends on a context
vector x, containing information such as the time, weather, nearby events, and recent traffic. We
can use historical trips to train:

ĉe(x) = fθ(e, x), (3.2)
We constrain the predictions so that ĉe(x) ≥ 0, and then run Dijkstra’s algorithm using those
predicted costs. The roles are now cleanly separated: the predictor stands in for the unknown
traffic model, while Dijkstra remains the planner.

Can we connect prediction error to route quality? Yes, under a stronger error assumption. Suppose
every relevant candidate path has at most H edges and:

|ĉe − ce| ≤ ε for every relevant edge e. (3.3)

Let P̂ be the path with the smallest predicted cost, and let P ∗ be the path with the smallest true
cost. Then:

c(P̂ ) ≤ ĉ(P̂ ) + Hε (3.4)
≤ ĉ(P ∗) + Hε (3.5)
≤ c(P ∗) + 2Hε. (3.6)

Read the three lines one at a time. The first inequality converts the true cost of P̂ into predicted
cost using the uniform error bound. The middle inequality uses the fact that P̂ is optimal under
the predicted costs. The final inequality converts the predicted cost of P ∗ back into true cost.

Equation (3.6) is a small example of a compositional guarantee: we connect the learned component’s
error directly to the final decision quality. It also tells us why average test error may not be enough.
A single badly underestimated edge can attract the optimizer even when the mean prediction error
is small.
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3.3 Learn the route directly

What if we skip the conventional planner and learn the route directly? A model could map the
graph, context, origin, and destination to a complete route or to the next action. We might train
it using optimal routes as supervised labels, expert demonstrations as imitation data, or rewards
collected through interaction.

This direct model may be fast, but now we have to ask a new set of questions:

• Can it output a nonexistent edge or a route that never reaches the destination?

• Does it remember physical or legal constraints that were rare in the training data?

• What happens in a new city, during a closure, or under an unusual event?

• Does it optimize actual travel time or merely imitate historical routes?

These questions do not force us to abandon learning. They suggest practical safeguards. We might
mask invalid actions, use the learned network only as a search heuristic, or send its output through
a constrained planner. In this way, we can combine learned speed with structural protection.

3.4 When does this become reinforcement learning?

So far, we have mostly treated route planning as a one-shot computation. Static shortest-path
planning is not necessarily reinforcement learning. The problem becomes sequential when the trav-
eler moves, observes new congestion, decides whether to reroute, and accumulates travel-time costs
throughout the trip. Each choice affects the next location, the available roads, future observations,
and the decisions that remain. Learning a policy from this kind of feedback is an RL problem.

Evidence check. Match the evaluation to the role that learning plays. For a cost predictor,
RMSE is useful, but it is not enough. We should also measure route regret, constraint violations,
tail delays, calibration, and behavior under meaningful traffic shifts. For a policy, we must
evaluate the trajectories that the policy itself creates.

3.5 Questions to discuss

Use the following questions to check where the assumptions and guarantees live:

1. Can a new cost predictor have lower RMSE but produce worse routes? Give a small graph where
this occurs.

2. Which guarantee belongs to Dijkstra’s algorithm, and which evidence is needed for the learned
traffic model?

3. If deployment includes a city absent from training, what assumption has changed? Which
experiment would reveal the failure?

4. In a safety-critical navigation system, which constraints should remain explicit rather than
learned from examples?

5. At what point does adaptive navigation become an RL problem rather than repeated supervised
prediction?

7



Running-example summary

The same route-planning application can represent several different problem-solving paradigms.
The key questions are: What do we already know? What are we learning? And how do today’s
decisions affect the data we will see next?

Formulation Learned component Main assurance question

Known static graph None; Dijkstra performs
exact planning

Are the graph and nonnegative costs faithful to the
world?

Predicted edge costs Traffic model ĉe(x) Do prediction-error guarantees imply acceptable route
regret?

Direct route
prediction

The solution map or
next-action rule

Are routes feasible, robust to shift, and good on the
downstream metric?

Adaptive navigation A policy, value function,
environment model, or a
combination

Does the policy achieve safe long-run performance on
the trajectories it induces?

4 A quick map of machine-learning paradigms
Here is a simple way to tell the main machine-learning paradigms apart: ask what information the
learner receives and what it is trying to achieve. These paradigms are not mutually exclusive boxes.
A real system may use self-supervision to learn a representation, supervised learning to predict
travel times, and reinforcement learning to choose actions.

Table 2: Common learning paradigms, organized by learning signal.
Paradigm Learning signal Primary goal Route-planning example

Supervised
learning

Labeled pairs (x, y) Predict a label or numerical
target on new examples

Predict an edge’s travel time
from context

Unsupervised
learning

Unlabeled observations Discover structure, clusters, or
a data distribution

Cluster roads by traffic pattern

Self-supervised
learning

Targets constructed from
the observations
themselves

Learn representations useful for
later tasks

Predict masked segments of
GPS trajectories

Semi-supervised
learning

A small labeled set and a
larger unlabeled set

Improve prediction when
annotation is scarce

Combine measured travel times
with raw trajectories

Imitation
learning

Demonstrations of actions
chosen by another policy

Reproduce demonstrated
behavior

Imitate routes selected by
human drivers or a planner

Contextual
bandits

Reward for the chosen
action, with no modeled
long-term action effect

Maximize cumulative one-step
reward while learning action
quality

Choose one of several complete
routes before a trip

Reinforcement
learning

Rewards and observations
along action-dependent
trajectories

Learn a policy maximizing
long-run expected return

Make adaptive turn and
rerouting decisions during a
trip

You will also hear several other labels. These answer different questions, so they cut across the
paradigms in Table 2:

• generative versus discriminative asks whether we learn a data distribution or a conditional
relationship used for prediction;

• offline versus online asks whether learning happens from a fixed dataset or continues while
the system interacts with the world;
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• model-based versus model-free RL asks whether the agent learns or uses an explicit model
of the environment;

• parametric versus nonparametric asks how the model’s capacity is controlled;

• deep learning tells us that multilayer neural networks are being used. It does not, by itself,
tell us what learning signal is available.

Key idea. Before attaching a paradigm label, pause and ask three questions: What feedback
does the learner observe? Who chooses the actions that generate the data? Are we trying to
make an immediate prediction or improve a long-term sequence of decisions?

5 Why a few benchmarks are not enough
Suppose we test several model variants on several datasets and one method comes out ahead. What
have we learned? We have useful empirical evaluation: evidence about what happened in those
particular experiments. In ordinary ML usage this is sometimes called “verification,” but that
word can suggest a much stronger conclusion. A short benchmark table does not, by itself, verify
that “the method is robust,” “the architecture is generally better,” or “the system is safe.” This
distinction matters especially in deep RL, where random seeds and seemingly minor implementation
choices can reverse the ranking of two methods (Henderson et al., 2018; Agarwal et al., 2021).

5.1 Why a small test can mislead us

Here are seven reasons to be cautious when reading a small set of benchmark results:

1. A familiar benchmark may stop behaving like a test set. Researchers repeatedly inspect
results on the same benchmarks and then adjust architectures, losses, and hyperparameters.
Over time, those choices can indirectly fit the benchmark even if nobody explicitly trains on its
test examples.

2. Rows are not the same as domains. A million road segments from one city may tell us
a great deal about that city, but they still give us only one city-level example. If our claim
concerns transfer to new cities, three datasets may amount to only three relevant observations.

3. An average can hide the failures we care about most. Mean accuracy or return may
conceal rare catastrophes, poorly served subgroups, or large variation between runs.

4. An in-distribution test is not a robustness test. After deployment, the weather, users,
sensors, incentives, or data-collection policy may change.

5. Nearby model variants are correlated evidence. Ten related architectures implemented
in the same codebase are not ten independent confirmations of the underlying idea.

6. The reported metric may only be a surrogate. More accurate travel-time predictions
do not necessarily produce better routes, just as a better one-step reward does not necessarily
produce better long-term behavior.

7. A deployed policy changes the data it sees. This is especially important in RL. A new
policy visits new states, and its errors can compound precisely in parts of the state space where
the logged data are sparse.
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5.2 What the statistics actually tells us

Let us make one part of the issue precise. Suppose Z1, . . . , Zn are independent samples from the
deployment distribution P . We fix a predictor f , assume that its loss satisfies ℓ(f ; Z) ∈ [0, 1], and
define its true and empirical risks by

RP (f) = EZ∼P [ℓ(f ; Z)], R̂n(f) = 1
n

n∑
i=1

ℓ(f ; Zi). (5.1)

Hoeffding’s inequality gives

P
(
|RP (f) − R̂n(f)| > ϵ

)
≤ 2 exp(−2nϵ2). (5.2)

The message is reassuring: if the test cases are genuinely independent, more of them reduce our
sampling uncertainty. But notice the fine print. The predictor must already be fixed, the cases must
be independent, and the test cases and deployment cases must come from the same distribution P .
In real ML studies, each of these conditions deserves scrutiny.

Now imagine that we compare K models on the same test data and report the best one. We are no
longer evaluating just one fixed predictor. For a fixed finite set of K models, a union bound gives,
with probability at least 1 − δ,

max
f∈F

|RP (f) − R̂n(f)| ≤

√
log(2K/δ)

2n
, |F| = K. (5.3)

The log K term is the statistical price of making the comparison. The bound is still manageable
when the candidate set is fixed and recorded in advance. It may no longer apply when we repeatedly
inspect benchmark results, perform unrecorded tuning, or search through an effectively unbounded
collection of designs.

The unit of generalization matters too. Suppose our test cases come from m cities. Road segments
within one city share infrastructure, weather, and policy, so they are not independent evidence for
a claim about an unseen city. Even if we observe millions of segments, the effective sample size
for that claim may be closer to m. “Many examples” and “many environments” are therefore not
interchangeable.

There is one more boundary to keep in mind. An in-distribution concentration bound says nothing
by itself about an arbitrary shift from P to Q. Two possible worlds can agree on every case
we observed and behave differently outside that support. To make a robustness claim, we need
assumptions connecting P and Q, experiments that deliberately vary the environment, or a narrower
claim.

5.3 Return to the route guarantee

Let us return to the route-planning example. Equation (3.6) tells us more than “the predictor
worked well on average,” but its guarantee has conditions. We need a uniform error bound for
every edge the optimizer might use, and we need a bound on path length. The theorem handles
the logical step from those assumptions to route quality; our evidence must tell us whether the
assumptions are plausible in deployment.

This gives us a useful recipe:

component guarantee + system structure =⇒ end-to-end guarantee . (5.4)

10



In other words, first understand the learned component, then use the structure of the surrounding
system to translate that understanding into an end-to-end claim. This usually tells us much more
than reporting a component score without asking how the component will actually be used.

5.4 Match the evidence to the claim

So how much evidence is enough? That depends on what we want to claim. A claim about passing
a particular test suite needs less evidence than a claim about generalization, safety, or reliable
deployment. Table 3 shows how the evidence should grow with the scope of the claim.

Table 3: An evidence ladder: broader claims require additional evidence.
Intended claim Minimum starting point Important additions

Runs correctly on
given cases

Unit, integration, and
regression tests

Edge cases, determinism checks, static analysis

Improves a named
benchmark

Untouched test split and
strong baselines

Multiple seeds, uncertainty intervals, effect sizes,
compute matching

Improves because of a
proposed idea

Controlled comparison Ablations, sensitivity analysis, negative results,
alternative mechanisms

Generalizes across
environments

Multiple independently
sampled domains

Leave-one-domain-out tests, meaningful shifts,
hierarchical uncertainty

Is robust or safe in a
region

Explicit threat and
operating model

Stress tests, tail metrics, formal certificates where
possible, red teams

Performs well after
deployment

End-to-end task metrics Monitoring, shift detection, rollback rules, incident
analysis

A stricter standard does not mean that every neural network needs a universal theorem. It means
that the breadth and stakes of our claim should determine the strength of our evidence. In practice,
we should:

• say clearly which population and operating conditions the claim covers, and which failures
matter;

• keep a genuinely untouched evaluation for confirmation;

• sample meaningful sources of variation rather than relying only on convenient benchmarks;

• report uncertainty, effect sizes, random seeds, compute, and enough implementation detail to
interpret the comparison;

• compare against strong baselines and use ablations, calibration checks, tail metrics, and failure
analysis to understand the result;

• evaluate the downstream decision objective and constraints, not only a convenient component-
level metric;

• derive formal or compositional guarantees when their assumptions are defensible, and then test
whether those assumptions hold;

• make data, code, protocols, and exclusions reproducible when possible;
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• continue monitoring after deployment, because the environment can change after the evaluation
is complete.

Key idea. Keep both sides of the evidence story in view. Theory tells us what follows if its
assumptions hold; experiments tell us what happened in the environments we sampled. The
strongest assurance combines those two sources with continued monitoring after deployment.

6 So, what is reinforcement learning?
We are now ready to ask: where does reinforcement learning fit into this picture? At its heart, RL
asks how an agent can learn from experience to choose actions that lead to good outcomes over
time. The phrase “over time” is doing important work here. What defines RL is the sequential
decision structure, not the use of a particular neural network or optimization algorithm.

6.1 Put the interaction into an MDP

To make that idea precise, we need a mathematical language for an agent, its environment, and
their interaction. A discounted Markov decision process (MDP) is a tuple

M = (S, A, P, r, ρ0, γ), (6.1)

where S is the set of possible states and A is the set of possible actions. The transition model
P (s′ | s, a) tells us how the environment may move from state s to state s′ after action a, while
r(s, a) gives the expected immediate reward. Finally, ρ0 describes where an episode begins, and
γ ∈ [0, 1) determines how strongly we weight rewards that arrive later.

Now picture one step of interaction. At time t, the agent observes St, chooses At ∼ π(· | St),
receives reward Rt+1, and moves to St+1. The policy π is simply the agent’s decision rule. A
standard goal is to find a policy with a large expected discounted return:

J(π) = Eτ∼pπ

[ ∞∑
t=0

γtRt+1

]
. (6.2)

In plain language, we add up the rewards along a trajectory, give later rewards a weight of γt, and
average over trajectories generated by the policy. The superscript in pπ is worth noticing: when
the agent changes its policy, it also changes the states it visits and therefore the data it will see.

There is one caveat. The MDP model assumes that the current state contains the information
needed to predict what happens next. If the agent sees only part of that state, its decision rule
may instead depend on a history of observations or on a learned memory state.

6.2 What makes RL different

At first glance, this may sound like ordinary prediction with a reward as the target. The crucial
difference is that the learner sits inside a feedback loop: its actions help determine both its future
outcomes and its future evidence. That creates several distinctive challenges.

1. Feedback is evaluative rather than instructive. A reward tells the agent how well things
went, but it usually does not reveal which action would have been correct.

2. Consequences can be delayed. An action taken now may affect rewards much later, so the
agent must work out which earlier decisions deserve credit or blame.
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3. The policy shapes the data. Actions change later states, so the current policy determines
which parts of the environment the agent gets to observe.

4. Exploration competes with exploitation. The agent may have to try an uncertain action
to learn whether it is valuable, even when a familiar action currently looks safer.

5. Evaluation is counterfactual. Logged data reveal what happened after the actions that were
actually taken, not what would have happened under every alternative policy.

6. Errors can compound. One poor decision may send the agent into an unfamiliar state, where
further mistakes become more likely.

The neighboring formulations are easiest to compare side by side.

Table 4: How RL differs from neighboring problem formulations.
Setting Feedback Does action affect future

data?
Central question

Supervised
prediction

Target label or value Usually no; the dataset is
treated as fixed

How accurately can a
target be predicted?

Imitation learning Demonstrated action Yes at deployment, even if
training data are fixed

How can demonstrated
behavior be reproduced
without drifting?

Contextual bandit Reward for selected
action

No long-term state
consequence in the
formulation

Which action has highest
expected one-step reward?

Planning with a
known model

Specified dynamics and
objective

Yes, but the main task is
computation rather than
learning the model

Which policy optimizes
the known model?

Reinforcement
learning

Rewards along
trajectories

Yes; interaction or logged
policy determines
coverage

Which policy maximizes
long-term expected
return?

Our route-planning example makes these distinctions concrete. The same application can fall into
different paradigms depending on what is known, what feedback is available, and whether today’s
action changes tomorrow’s decision problem:

• computing a shortest path on a known graph is planning;

• predicting edge travel time from recorded pairs is supervised learning;

• copying expert turns is imitation learning;

• selecting one complete route before a trip can be a contextual bandit abstraction if the choice
has no modeled future state effect;

• learning adaptive rerouting decisions with delayed trip cost is reinforcement learning.

So the label “RL” comes from the structure of the problem, not from one particular implementation.
An RL method may be model-based or model-free, online or offline, and tabular or approximate.
Offline RL does not explore while it is being trained, but the logged data were still produced by
earlier action choices, and judging unseen actions remains a counterfactual problem. Likewise,
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deep RL simply means that deep networks are used as function approximators; it is not a different
definition of reinforcement learning (Sutton and Barto, 2018).

7 How reinforcement learning got here
How did these ideas come together? Reinforcement learning does not have a single birth date. It
grew out of several traditions that were initially quite separate: trial-and-error psychology, dynamic
programming and optimal control, multi-armed bandits, and animal-inspired learning systems. The
milestones below are selective, but they show how those threads gradually became the field we now
call RL.

1950s: foundations
Two foundational questions came into focus. First, how should a learner balance
trying uncertain choices with using what it already knows? The bandit work of
Robbins (1952) formalized this exploration problem through sequential experimen-
tal design. Second, how can a long decision problem be broken into smaller ones?
Bellman’s dynamic programming and principle of optimality supplied the recursive
answer (Bellman, 1957). Dynamic programming assumes that a model is already
available, so it is not by itself a learning method. Its value functions and Bellman
equations, however, became central to RL.

1959: learning through play
Samuel’s checkers program offered an early glimpse of what learning through experi-
ence could look like in practice. It combined experience, search, and value estimation,
and used self-play to improve its game (Samuel, 1959).

1980s: modern learning mechanisms
The next step was to learn useful predictions while acting. Actor–critic ideas appeared
in adaptive control systems (Barto et al., 1983), separating a component that evalu-
ates behavior from one that improves it. Temporal-difference learning then showed
how to update predictions by bootstrapping from later estimates, without waiting
until the final outcome (Sutton, 1988).

Late 1980s–1990s: core algorithms and theory
Several algorithms that still shape the field arrived during this period. Watkins
introduced Q-learning in his 1989 thesis, and the later result with Dayan proved
convergence of the tabular algorithm under stated sampling conditions (Watkins, 1989;
Watkins and Dayan, 1992). REINFORCE gave a general likelihood-ratio estimator for
policy gradients (Williams, 1992). TD-Gammon then showed that temporal-difference
learning and self-play could produce remarkably strong backgammon play (Tesauro,
1995).

2013/2015: deep reinforcement learning
Deep Q-Networks brought several existing ingredients together: Q-learning, convolu-
tional networks, experience replay, and a target network. The result was an agent
that learned Atari control directly from pixels. A preliminary result appeared in 2013,
followed by the widely cited journal article in 2015 (Mnih et al., 2015).

2016–2018: learning plus search at scale
AlphaGo combined supervised learning, reinforcement learning, policy and value net-
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works, and Monte Carlo tree search (Silver et al., 2016). AlphaZero then removed
human game demonstrations and learned chess, shogi, and Go through self-play plus
search (Silver et al., 2018). It is useful to pause over this point: these were not “pure
RL” systems. Their strength came from combining learning, planning, representation,
and large-scale computation.

Late 2010s onward: broader regimes
The field expanded beyond online benchmark control. Stable policy optimization,
scalable model-based methods, multi-agent RL, offline RL, and learning from human
preferences all became prominent. Representative examples include PPO (Schulman
et al., 2017), modern offline-RL formulations (Levine et al., 2020), and preference-
based deep RL (Christiano et al., 2017). Along the way, the questions also broadened:
not only “How high is the return?” but also “How much data did it take?”, “How
robust and safe is it?”, “Can others reproduce it?”, and “Does the objective reflect
what people actually want?”

If we step back from the timeline, three themes keep reappearing:

1. Prediction and control support each other. Value functions predict future return so that
the agent can make better decisions.

2. Learning and planning work well together. Many landmark systems combine learned
estimates with search or dynamic programming; we do not have to choose one or the other.

3. Scale changes capability, not the evidence problem. Larger models and broader bench-
marks can produce striking results, but they make careful evaluation more important, not less.

8 Let’s pull the ideas together

Take-away messages

Let us pull the main thread together. If you remember only a few ideas from this lecture, make
them these:

1. Start with the problem, not the algorithm. Conventional problem solving moves from speci-
fication to model, structure, algorithm, and verification—and validating the model remains a
separate obligation.

2. Machine learning can fill in a missing part of a model, or it can learn a solution map that stands
in for an algorithm. Either way, assumptions do not disappear; they move and often multiply.

3. Hybrid designs are often especially useful: we can learn the uncertain component from data
while preserving known constraints, structure, and proofs.

4. Results from a few model variants on a few datasets justify only a narrow empirical claim. Claims
about generalization, robustness, or safety need evidence across the relevant sources of variation
and, when possible, theory connecting component error to system behavior.

5. Reinforcement learning is about sequential choice under evaluative feedback. Actions affect not
only future outcomes, but also the future data available to the learner.
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6. Modern RL is best understood as a meeting point for ideas from dynamic programming, trial-
and-error learning, bandits, function approximation, search, and statistical learning.

Try these questions

The following exercises ask you to reuse the lecture’s ideas in settings of your own. For each one,
make your assumptions explicit; that is part of the answer.

1. Reconstruct the pipeline. Pick a familiar algorithm from outside route planning. What real
problem is it meant to solve? Write down its mathematical model, the structure it exploits, its
main invariant, and its correctness claim. Then identify one gap between the model and the real
setting.

2. Prediction versus decision. Build a graph with two s-to-t routes in which predictor A has
lower average edge error than predictor B, yet A produces a route with higher true cost. What
does your example teach us about choosing a metric that matches the deployment goal?

3. Audit a generalization claim. Suppose a paper evaluates four neural architectures, five
random seeds, and three datasets. For claims about random initialization, examples within a
dataset, and entirely new application domains, what are the independent units of evidence?
Sketch a confirmatory experiment that matches the broadest claim.

4. Classify the problem. Revisit each routing formulation in Section 6. Explain why it belongs
to supervised learning, imitation learning, a contextual bandit, planning, or RL. For each classi-
fication, name one modeling assumption whose change could move the problem into a different
category.

5. Design a stricter standard. Imagine that an adaptive routing agent will be deployed across
several cities. Design an evidence plan: which success metrics, distribution shifts, tail risks,
baselines, uncertainty estimates, safety constraints, and monitoring procedures would you require
before and after deployment?
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