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Abstract

This tutorial explores the intersection of generative AI and reinforcement learning,
demonstrating how generative models can be understood as RL agents and
environments, and conversely, how RL can be viewed as generative modeling. It
aims to bridge the gap between these fields, showing how insights from each
can enhance the other. The tutorial will cover topics such as reinterpreting
generative AI training through an RL lens, adapting generative AI to build new
RL algorithms, and understanding how AI agents interacting with tools and
humans create a new generative model. It will also discuss future directions and
open problems, focusing on how RL can shape the future of foundation model
training and enable generative AI systems to construct their own knowledge.

Recording and slides: https://generative-rl-tutorial.github.io/

Context: At ICML 2025, we (the authors) gave a tutorial on generative AI and
reinforcement learning. We put these notes together as part of our preparation
for the tutorial. These notes are not intended to be a comprehensive survey of
generative AI or reinforcement learning. Rather, they are meant to highlight some
ideas that we have found insightful and useful in our own research. These notes
have not been subject to the scrutiny of peer review. Rather, they should be taken
as a lightly-edited transcript of the tutorial itself.
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1 Introduction

1.1 The Mechanical Turk, 1770

Figure 1: The cogs inside the Mechanical Turk
had no real effect, and moves were instead de-
cided by a human hidden behind mirrors inside
the box. Reinforcement learning provides tools
for building systems that can outperform even
the best humans.

I want to start with a story about chess. Many
of you are familiar with AlphaZero, Deep-
Mind’s chess-playing agent developed in 2018.
Many may be familiar with IBM’s DeepBlue,
the chess-playing agent developed in 1995,
which famously beat Gary Kasparov, a chess
grandmaster. These were not the first attempts
at developing automated systems for playing
chess. Not even close.

I want to tell you about a chess-playing agent
developed in the 70s (Fig. 1). The 1770s. Devel-
oped in Europe (Austria/Hungary, which were
then the same nation?) by Wolfgang von Kem-
pelen. Performed well against a wide array of
human opponents, winning most of its games,
including Napoleon and Benjamin Franklin.

Here’s a picture of the system, along with the
internal cogs that worked it.

How this story usually ends is by noting that
those cogs are a façade. Literally. The way the
machine worked is that a human was inside
the box, pulling the levers to move the pieces.
There was an elaborate set of mirrors so that
you could open up the box and wouldn’t see
the guy inside.

People are disappointed once the secret is re-
vealed because it means that there’s no magic.
The machine is no better than the human in-
side.

Zooming forward almost 250 years to today,
there’s a strong analogy to the generative mod-
els we have today: they are a fantastic feat of engineering, and impress many into thinking that
they are truly intelligent. But once you peel back the mirrors, you realize that they are typically no
smarter than the humans on which they are trained. Today, we have the technology to memorize
the human’s moves and encode them in cogs (in tiny silicon cogs, rather than copper ones). But
most AI machines today are simply mimicking the humans they have been trained to mimic.

With imitation-based methods, we’re only going to get as good as the best humans.

1.2 Roadmap for today

Today’s tutorial is about reinforcement learning, a toolbox for building generative models that can
do more than mimicry, a set of tools that allow you to build generative models that can solve tasks
no human knows how to solve, not even experts. The tutorial will have four parts:

• Part I: using generative models as policies and world models

• Part II: interaction as a generative model, connections with goal reaching

• Part III: likelihoods of this generative model, fully-general RL problems

• Part IV: where does data come from

• Conclusion: what comes next
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2 Part I: Using Generative Models in RL Engines

Today’s tutorial is a story in 4 Parts. The first is going to be about how we can use existing
generative models to build better reinforcement learning algorithms. This is the section that you’ve
most likely thought about before, and it’ll serve as a way to introduce the key concepts in RL.

2.1 What is reinforcement learning

Notation. We’ll start by defining the rein-
forcement learning problem. We’ll use states
st, indexed by time t = 0, · · · . We will con-
sider both infinite and finite horizon settings.
We’ll use at to denote the action at time t. We’ll
use r(st, at) to denote the reward at time step
t; we’ll also consider settings where the re-
wards just depend on the state, r(st). We’ll use
τ = (s0, a0, · · · ) to denote a trajectory of expe-

rience, and define R(τ) ≜ ∑t γtr(st, at) as the
discounted sum of rewards along this trajec-
tory. The next state/observation will be sam-
pled from the dynamics, st+1 ∼ p(st+1 | st, at).
Note that this can be both deterministic and
stochastic. Finally, the initial state will be sampled s0 ∼ p0(s0).

The goal in RL is to learn a policy π(at | st) that takes as input the observation and outputs the
action. The policy is trying to visit states and actions with high rewards. For example, in a game,
these rewards correspond to points (e.g., in Tetris). For an assistive robot, rewards might be based
on how well the robot enables the human to complete their tasks.

Supervised learning vs Reinforcement learning So, like in supervised learning, the policy is
a mapping from inputs to outputs. Let’s think about how this policy is trained. In supervised
learning, we are given labeled examples, telling us what the correct label is for a given input. The
key difference between supervised learning and reinforcement learning is that we’re not given the
correct label; we’re not told what the correct action is in each setting.

As an example, consider the game of (say) tetris. One thing you could do is record the board
position and moves of a bunch of players. This would give you a dataset of (s, a) pairs. You could
then do supervised learning to mimic those data. If you did this, how good would your policy be at
beating humans?

Now, if you had better human data, you’d get a better mimicry policy. But, at the end of the day,
your policy would only be as good as the players that it was trained on. As the old adage goes,
“garbage in, garbage out.” This hopefully illustrate that mimicry is different from getting the best
possible policy.

The key idea in reinforcement learning is to rethink the objective that we use. Instead of using
mimicry as an objective, trying to find the policy that best imitates the actions that have been
observed so far, we’re going to use a different objective.

What is an objective? An objective is just a function that takes a policy and tells you how good
that policy is. Before, when talking about mimicry, the objective was some notion of how well our
policy replicated the actions from the data. A common way of writing this down in math is with
the maximum likelihood objective:

max
θ

J (π) where J (π) ≜ Es,a∼D [log πθ(a | s)] (supervised learning)

and D = {(s, a)} is a dataset of states and corresponding actions taken by a human.

Let’s walk through an example: a policy takes as input an observation s, and outputs an action
distribution with mean µθ(s) and variance 1: πθ(a | s) = N (a; µθ(s), σ = 1). In other words, the
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action is computed as

a = µθ(s) + ϵ, where ϵ ∼ N (0, 1).

The maximum likelihood loss then takes the following form:

max
θ

Es,a∼D [−
1

2
∥a − µθ(s)∥

2
2 −

d

2
log(2π)],

where d = dim(a). Note that this looks just like the MSE loss. Thus, we can understand mimicry
as just trying to replicate the human’s actions as closely as possible.

The RL Objective Reinforcement learning uses a different objective function J . In particular, to
evaluate how good/bad a policy is, reinforcement learning will measure how much return a given
policy gets:

J (π) ≜ Eτ∼πθ

[

∑
t

γtr(st, at)

]

. (reinforcement learning)

This objective is different from the supervised learning objective in a few key ways:

• The rewards are part of the problem definition, telling us how “good” each state and
action are. The policy is trying to visit states and actions with high rewards. For example,
in a game, these rewards correspond to points (e.g., in tetris). For an assistive robot,
rewards might be based on how well the robot enables the human to complete their tasks.

• We sum these rewards across time. That is, we want a policy that not only gets us high
returns right now, but also gets high returns in the future. Note that there can be a
tradeoff here, in the same way that there’s a tradeoff in eating vegetables today to make
you happier tomorrow. The goal of the policy is not just to maximize rewards today, but
also to put you in a spot so that tomorrow you can continue to get high rewards.

• There’s a discount factor here, typically 0.9 or 0.99, some number just less than one. This
discount means that, all else being equal, we’d prefer to get rewards sooner. If we’ll only
get one chocolate bar in our lives, we’d rather have it today than in a year. But, this is not
to discount the previous point: we’d still prefer to get 2 chocolate bars tomorrow over
getting 1 chocolate bar today.

• This objective doesn’t depend on a dataset D. The expectation in the RL objective is taken
over trajectories sampled from π, not over data sampled from some human. It’s worth
sitting on the significance of this for a moment. In standard machine learning courses, the
“goodness” of a model is based on how well it can predict labels for inputs, or produce
samples similar to those in some given training data. But in RL, there is not data used in
defining the problem. We’ll come back to this point later.

This objective is quite powerful, as it lets you specify tasks that you don’t know how to solve. E.g.,
beat a grandmaster at chess; fly an airplane to do a backflip; control a nuclear fusion reactor so
that it produces more energy than it consumes.

2.2 Generative models as a world model

One of the key difficulties in optimizing this RL objective is that it requires interacting with an
environment. The policy doesn’t just spit out a number saying how good or bad it is. Rather, we
have to plop the policy down in a particular environment (e.g., have it play a game, have it help
a human), and only then can we look at the rewards and assess whether the policy is good or
rubbish.

In some settings, this environment is pretty easy to use. In games, we can just have the policy play
the game a bunch of times and see how it does. But in many potential applications of RL, from
robotics to fusion to protein design, this environment isn’t so easy to use. As one short example,
we were working on a nuclear fusion project a year ago, and wrote a grant to use the facility,
which was accepted: we were going to be allowed to use the facility for a few seconds.
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Figure 3: Overview of model-based RL.

Figure 2: Two potential RL applications where
simulation is difficult: education and nuclear fu-
sion

What can we do? How can we learn good poli-
cies for important applications like this, when
actually using the environment is really hard?
Well, again, generative models may provide a
key ingredient. Instead of using the real envi-
ronment to figure out what happens when the
policy takes a certain action, we can use a gen-
erative model to simulate what would happen.
In jargon, we can use generative models as a
“world model.”

Let’s see how this works (see Fig. 3. This world-
model generative-model is going to take as input a state and action and output a next state:
pθ(s

′ | s, a). We want that this model closely approximates the true environment dynamics:

pθ(s
′ | s, a) = p(s′ | s, a) for all s, a, s′.

How should we train this world model? Let’s say we start with a bunch of data {(s, a, s′)}. We can
train the world model to mimic these data. Note that the world model isn’t being trained with RL,
but rather with maximum likelihood, so that it can be used as a stand-in for the real environment:

max
θ

Es,a,s′∼D [log pθ(s
′ | s, a)].

There are lots of generative models that one can choose from:

• Gaussian processes (Deisenroth and Rasmussen, 2011)

• Ensembles of Gaussian MLPs (Chua et al., 2018)

• (latent) State-space models (Hafner et al., 2019; Zhang et al., 2019)

• Diffusion models (Janner et al., 2022)

• Transformers (Chen et al., 2021; Janner et al., 2021)

• Flow matching models (Farebrother et al., 2025)

• ... and many others.

Challenges. There are several challenges associated with using a learned generative model as a
proxy:

• Compounding errors (Ross et al., 2011; Venkatraman et al., 2015).

• Avoiding states where the model is uncertain (while still allowing the policy to explore) (Ki-
dambi et al., 2020).

• Computational expense of running the model. Model-based RL algorithms are typically
slow in terms of wall clock time.

• How and when to collect new data from the real environment (Janner et al., 2019).

And there are numerous papers tackling these challenges (Eysenbach et al., 2022a; Farahmand
et al., 2017; Grimm et al., 2020; Lambert et al., 2020).
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Figure 4: One simple recipe for designing new
RL algorithms is to use the newest generative
models for model-based RL.

But there are also some key advantages of us-
ing a learned model. One nice thing about
world models is that they run on GPUs, just
like any other machine learning model. This
means that you can run batches of simulations
in parallel. This means that you can jit com-
pile your data collection. So learning a world
model is often appealing from an entirely com-
putational perspective, and the model’s errors
are a reasonable cost to pay. Sometimes you
might perform model-based RL even when you
already have a simulator, simply because that
simulator is too slow (e.g., for some games,
weather simulation, nuclear fusion simulation).

So, you want to write an ICML 2026 paper
about RL? Here’s a rough roadmap:

• Choose an existing RL algorithm (e.g., PPO, DQN)

• Choose a type of generative model for your policy

• Choose a type of generative model for your world model

• Plug-n-play

• Publish!

2.3 Where does data come from?

Figure 5: RL can be viewed as jointly optimizing
the policy and the experience. This is different
from supervised learning,w where data is pro-
vided as part of the input.

One of the most useful and interesting features
of RL, as compared with supervised learning,
is that it gives us mathematical tools for think-
ing about the provenance of data (see Fig. 5).
In particular, it lets us think about data as part
of the learning process. In supervised learning,
the thing that you learn is the parameters of
your NN. In RL, the thing that you learn is
the parameters of your policy NN. But you’re
also learning something else – you’re also ex-
ploring, gathering information about the world.
We can think about exploration also as a learn-
ing process. In particular, we can think about
your buffer of data as something that’s getting
optimized.

Figure 6: RL can be viewed as a latent variable
problem – inferring the unknown paths to high-
reward states.

Let’s see how this works. For simplicity, I’m
going to write this out in terms of distribu-
tions over trajectories, τ, which are sequences
of states and actions. We’ll use πθ(τ) to denote
the likelihood that policy πθ visits the trajec-
tory τ. Then, to think about the buffer/data,
we’ll use q(τ). Ideally, you’d have data from
the optimal policy. If you had that data, then
you could just mimic that data, and you’d be
done. Conversely, if you had the optimal pol-
icy, then collecting this “optimal data” would
be trivial – you’d just collect the data from your
optimal policy. So, we can see that we have a sort of chicken-and-egg problem here. However, the
generative AI perspective gives us important tools for thinking about how to resolve this.

Let’s think about RL from a probabilistic perspective – we want a policy that gets high returns, but
we don’t know which trajectories will gather those high returns (See Fig. 6). Thus, the trajectories
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themselves are a latent variable. This is sort of similar to a VAE, where we’re likewise missing part
of the data – we don’t know which z generated each example x, similar to how in RL we don’t
know which trajectories τ will generate high rewards. In the VAE, we have a trick for figuring out
how to learn these latent variables – with an evidence lower bound. It turns out that we can do
the same thing in RL (Peters et al., 2010; Peters and Schaal, 2007). We’ll start by writing the log of
the standard expected return objective; we’ll also assume that the returns are positive:

log Eπθ(τ)
[R(τ)] = log

∫

πθ(τ)R(τ)
q(τ)

q(τ
dτ

≥ Eq(τ) [log πθ(τ) + log R(τ)− log q(τ)] .

Let’s unpack this. We started with an optimization problem over just the policy, πθ . Then we
obtained a lower bound on this objective that is a joint optimization over both the policy πθ and the
data q(τ). Recall that the ELBO holds for any choice of q(τ), and that we can optimize the ELBO
w.r.t. q(τ). This means that we can jointly optimize this lower bound w.r.t. these two components.

Data optimization. Let’s think about the optimization w.r.t. each of the components. Applying
calculus of variations, we get that the optimal choice of q(τ) is a weighted version of πθ(τ):

q∗(τ) =
R(τ)πθ(τ)

∫
R(τ′)πθ(τ′)dτ′

.

We can then plug this choice of q(τ) into the policy objective:

max
πθ

Eq∗(τ) [log πθ(τ) + log R(τ)− log q∗(τ)] = Eq∗(τ) [log πθ(τ) +�
�

�
�log R(τ)−

�
�

�
�log q(τ)]

= Eπold
θ (τ) [R(τ) log πθ(τ)] .

In the first line, I’m ignoring terms that don’t depend on the current value of θ. Note that the
expectation here is w.r.t. the policy at the last iteration.

Policy optimization. Now, to optimize this objective w.r.t. πθ , we can take the gradient:

∇θ = Eπold
θ (τ)[R(τ)∇θ log πθ(τ)]

= Eπold
θ (τ)

[

R(τ)∑
t

∇θ log πθ(at | st)

]

. (1)

So, the complete algorithm looks as follows:

• Sample trajectories from your policy

• Weight those trajectories by their return

• To maximum likelihood on the reward-weighted trajectories.

This method is also known as reward-weighted regression (Peters and Schaal, 2007), because you’re
“regressing” your policy onto the reward-weighted trajectories.

The gradient of this last expression in Eq. 1 is closely related to the policy gradient (Williams, 1992),
and its one of the most central objects in reinforcement learning. Usually, it is derived from a very
different perspective, from calculus or stochastic optimization. But we see that the probabilistic
perspective on RL provides an alternative and complementary way of getting this same result.

There are lots and lots of more sophisticated versions of this. But one thing I’d like to emphasize
is that this is not a heuristic. We’re not designing some custom dataset curation scheme, we’re not
doing some ad-hoc thing to filter data or reweight data. Rather, elementary algebra tells us exactly
what sorts of updates/gradients to compute to find policies that select actions that maximize
reward.

Summary. So, to answer the question posed at the start of this subsection, data comes from the
policy itself, after reweighting. Now that we know where data is coming from, we can use it to
train the policy. What data should you use to learn a model? Well, you can think of q(τ) as a
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model, and derive new model-based algorithms that are optimized not for accuracy, but rather to
produce policies that get high returns (Eysenbach et al., 2022a; Ghugare et al., 2023)!

Now that we have some clues on how to train models, we’ll move on to thinking about how
generative models might be used as policies.

2.4 Generative models as Policies

There are various ways in which existing generative models can be plugged into RL algorithms as
the policy. We will divide these into two forms: reward-conditioned reinforcement learning vs.
the more standard policy gradient and actor-critic approaches.

In reward-conditioned reinforcement learning, transformers and diffusion models (Chen et al.,
2021; Janner et al., 2022, 2021) have been used with an autoregressive objective to train on sequential
data consisting of the states, actions, and rewards:

St, At, Rt+1, St+1, At+1, . . .

You can think of this as training a generative model to simultaneously be a world model (next
section) and a policy. Let’s focus on the policy version. We can incorporate masking to train the
generative model to only output actions:

St, __, Rt+1, St+1, __, . . .

but this only allows us to train an agent that can reproduce the same behavior as what is in the
dataset. How can we do better? By using context conditioning in an interesting way. Instead of
just learning a policy π(a|s), the model learns a conditioned policy π(a|s, r), where r is the target
return (desired reward).

One of the reasons why I wanted to go through the basics, and do it in this way, is to highlight
that πθ(a | s) is just a particular choice of a generative model. While we used a Gaussian policy as
an example, none of the subsequent math was predicated on a particular type of policy. Rather,
we can plug in any policy we’d like.

Let’s go back to this gradient again:

∇θJ (πθ) = Eτ∼πθ(τ)

[

R(τ)∑
t

∇θ log πθ(at | st)

]

.

The term ∇θ log πθ(a | s) is known as the score function, the same score function that is ubiquitous
in generative modeling. So, for any generative model, as long as we can easily compute its score
function, we can plug it into this update to create an RL method.

But, as we’ll see in the following, there’s some nuance in doing this effectively. Below, we’ll walk
through a concrete case study of what it takes to take a performant generative model and adapt it
to be a reward-maximizing policy.

2.5 A Case Study: Diffusion-DICE

Diffusion models (Ho et al., 2020; Sohl-Dickstein et al., 2015; Song et al., 2020) are generative
models based on a Markovian noising and denoising process. Given a random variable x0 and its
corresponding probability distribution q0(x0), the diffusion model defines a forward process that
gradually adds Gaussian noise to the samples from x0 to xT(T > 0). Kingma et al. (2021) shows
there exists a stochastic process that has the same transition distribution qt0(xt|x0) and Song et al.
(2020) shows that under some conditions, this process has an equivalent reverse process from T to
0. The forward process and the equivalent reverse process can be characterized as follows, where
w̄t is a standard Wiener process in the reverse time.

qt0(xt|x0) = N (xt|αtx0, σ2
t I) dxt = [ f (t)xt − g2(t)∇xt log qt(xt)]dt + g(t)dw̄t, xT ∼ qT(xT). (2)

Here we slightly abuse the subscript t to denote the diffusion timestep. αt, σt are the noise
schedule and f (t), g(t) can be derived from αt, σt (Lu et al., 2022). For simplicity, we denote
qt0(xt|x0) and p0t(x0|xt) as q(xt|x0) and p(x0|xt), respectively. To sample from q0(x0) by following
the reverse stochastic differential equation (SDE), the score function ∇xt log qt(xt) is required.
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Figure 7: Toycase of a 2-D bandit problem. The action in the offline dataset follows a bivariate
standard normal distribution constrained within an annular region. The ground truth reward has

two peaks extending from the center outward. We use a diffusion model π̂D to fit the behavior

policy and a reward model R̂ to fit the ground truth reward R. Both π̂D and R̂ fit in-distribution
data well while making error in out-of-distribution regions. Diffusion-DICE could generate correct

optimal actions in the outer circle while other methods tend to expolit error information from R̂
and only generate overestimated, sub-optimal actions.

Typically, diffusion models use denoising score matching to train a neural network ϵθ(xt, t) that
estimates the score function (Ho et al., 2020; Song et al., 2020; Vincent, 2011), by minimizing

Et∼U (0,T),x0∼q0(x0),ϵ∼N (0,I)[∥ϵθ(xt, t)− ϵ∥2], where xt = αtx0 + σtϵ. As we mainly focus on diffusion

policy in RL, this objective is usually impractical because q0(x0) is expected to be the optimal
policy π∗(a|s).

To make diffusion models compatible with RL, there are generally two approaches: guide-based
and select-based. Guide-based methods (Janner et al., 2022; Lu et al., 2023) incorporate the behavior
policy’s score function with an additional guidance term. Specifically, they learn a time-dependent
guidance term Jt and use it to drift the generated actions towards high-value regions. The learning

objective of Jt can be generally formalized with L(Jt(at), w(s, {ai
0}

K
i=1))), where w(s, {ai

0}
K
i=1) are

critic-computed values on K diffusion behavior samples. L can be a contrastive objective (Lu et al.,
2023) or mean-square-error objective (Janner et al., 2022). After training, the augmented score

function ∇at log πt(at|s) = ∇at log πD
t (at|s) +∇atJt(at) is used to characterize the learned policy.

Select-based methods (Chen et al., 2022; Hansen-Estruch et al., 2023) utilize the observation that for
some RL algorithms, the actor induced through critic learning manifests as a reweighted behavior
policy. To sample from the optimized policy, these methods first sample multiple candidates

{ai
0}

N
i=1 from the diffusion behavior policy and then resample from them using critic-computed

values w(s, {ai
0}

N
i=1). More precisely, the sampling procedure follows the categorical distribution

Pr[a = a
j
0|s] =

w(s,a
j
0)

∑
N
i=1 w(s,ai

0)
.

Error exploitation. As we can see, both guide-based and select-based methods need the informa-

tion of w(s, {ai
0}

N
i=1) to get the optimal action. However, this term may bring two sources of errors.

One is the diffusion model’s approximation error in modeling complicated policy distribution,
and the other is the critic’s error in evaluating unseen actions. Although trained on offline data,
the diffusion model may still generate OOD actions (especially with frequent sampling) and the
learned critic can make erroneous predictions on these OOD actions, causing the evaluated value
on these actions to be over-estimated due to the learning nature of value functions (Fujimoto et al.,
2019; Kumar et al., 2019). As a result, the generation of high-quality actions in existing methods is
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greatly affected due to this error exploitation, which we will also show empirically in the next
section.

Guide-Then-Select Paradigm. We developed Diffusion-DICE (Mao et al., 2024a), which uses
both guide and select steps to more accurately select high-value actions. We first train a diffusion
model to fit the behavior policy’s score function. Next, it turns out that the optimal policy’s score
= behavior policy’s score + the gradient of a guidance term derived from the optimal distribution
ratio.

For the guide step, we use both score components to sample candidate actions. Due to the
multi-modality contained in the optimal policy distribution, the guide-step may guide towards
those local-optimal modes. We thus generate a few candidate actions and use the Q function to
select one with the highest value to achieve the global optimum.

We use a toycase to validate that the guide-then-select paradigm used in Diffusion-DICE (Mao
et al., 2024a) indeed brings minimal error exploitation that other diffusion-based methods suffer
from. Here we aim to solve a 2-D bandit problem given a fixed action dataset. The action space
is continuous and actions in the offline dataset follow a bivariate standard normal distribution
constrained within an annular region. We show the dataset distribution πD , the learned diffusion

behavior policy π̂D , the ground truth reward R and the predicted reward R̂ in Figure 7. Note that
the true optimal reward occurs on the outer circle. However, due to limited data coverage, the
learned reward function exploits overestimation error on unseen regions, e.g., actions inside the
inner circle have erroneous high values. What’s worse, due to fitting errors, the diffusion behavior
policy may generate such overestimated actions. We take Diffusion-DICE with a guide-based
method, QGPO (Lu et al., 2023), and a select-based method, IDQL (Hansen-Estruch et al., 2023)
for comparison.

2.6 Diffusion Models from an RL Perspective

Conversely, we can train diffusion models with reinforcement learning objectives (Black et al.,
2024b). Denoising Diffusion Policy Optimization (DDPO), is a novel way to optimize diffusion
models for downstream objectives. They reframe the diffusion denoising process as a multi-step
Markov decision process (MDP). Each denoising step becomes an RL action, and the reward is
given at the end, based on sample quality (e.g., aesthetics, compressibility, prompt alignment).
They show that you can use policy gradient estimators (a few types) and outperform a simpler
method of reward-weighted regression (RWR), which approximates reward-weighted likelihoods
but suffers from poor optimization and approximation issues.

Segue to next chapter. Zooming out a whole lot, what I hope that this has highlighted is that, in
addition to plugging generative models into RL algorithms in rather straightforward ways, this
generative modeling perspective can also reveal some pretty surprising new ways of using and
training generative models. The key idea there was to think about the RL problem as a whole
really as a sort of generative modeling problem.

In this next part, we’re going to take this one step further: in the same way that generative
models today are trained with data as supervision, how can we train RL algorithms using data
(not rewards) as supervision?

3 Part II: Interaction as a Generative Model

In this section, we’ll introduce a new sort of generative model that ties RL and generative
modeling even more closely together. In the previous section, we talked about how your policy
can be a generative model (of actions) and how your world model can be a generative model
(or observations). In this section we’ll show how your policy interacting with the environment
forms a new generative model. In the same way that you can sample from (say) a video generative
model, you’ll be able to sample from this agentic generative model. And in the same way that you
can compute likelihoods of generative models, we’ll show that you can estimate the likelihoods of
outcomes under this model – these likelihoods will correspond to the value function.
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Figure 8: RL as generative AI. (Left) Generative models perform iterative computation (e.g.,
denoising steps) to eventually arrive at a good sample. (Right) RL methods are doing something
similar: doing interaction to eventually arrive at a good observation. RL can be seen as a generative
model, which interleaves policy steps with environment steps. In Sec. 3, we think about a specific
type of RL problem, goal-reaching problems, where tasks are specified by data, mirroring how
tasks are specified for other generative models.

In this section, we’ll then concretely look at goal-reaching as a case study of how such a perspective
is useful. But then, after the break, we’ll talk about how this perspective is fully general.

3.1 Your RL Agent is a Generative Model in Disguise.

Let’s go back to basics: what is a generative model? We usually think about a generative model as
something that can (1) generate samples from some distribution, and/or (2) estimate the likelihood
of samples. Examples might be a language model, a diffusion model, a VAE, even a Gaussian
mixture model.

For several decades, the best generative models are those that perform iterative computation to
produce samples. While a GMM samples a cluster and then adds noise to the cluster mean, more
powerful and capable generative models all perform iterative computation to produce samples.
For example, VAEs and normalizing flows and GANs take as input a noise vector and apply a
long sequence of NN layers to transform that noise vector into (say) a natural image. Diffusion
models and flow-matching models take a noise vector and iteratively subtract noise from that
image.

Figure 9: If we can think of rendering (e.g.,
Blender) as a sort of generative model, then
maybe we can also think about RL as a sort of
generative model.

We usually think about this iterative computa-
tion as happening with known, differentiable
functions (think: layers of a neural network).
But that need not be the case. Take, for ex-
ample, the problem of rendering: given a
configuration of objects and lights in a scene,
generate an image of that scene. Such a ren-
der still seems like a generative model, even
though it may not be differentiable, and even
though it may not be implemented with Py-
Torch primitives. Indeed, there’s a long line
of work in cosmology and weather prediction
(among other fields) treating black-box models
as a generative model; you can still do infer-
ence with these methods using techniques like
approximate Bayesian computation (Csilléry
et al., 2010), simulation-based inference (Cran-
mer et al., 2020), and neural posterior infer-
ence (Dax et al., 2021). The fact that the black boxes are or are-not differentiable seems beyond the
point.

11



Generative AI Meets Reinforcement Learning July 14, 2025

We’re arguing to take this one step further: treating an RL agent interacting with a (black-box)
environment as a generative model. Some parts of the generative process are differentiable – we
know the likelihood of sampling an action given an observation. Some parts of the generative
process may not be differentiable – we don’t necessarily know the environment dynamics.

So, here’s the key idea: we’ll treat RL agents interacting with an environment as a generative
process. Samples from this model are observations at some point in time. This generative model
can be made conditional by prompting the policy with some extra information. Like other
generative models, the “samples” from the generative model are now the product of a long
sequence of computation, some of it performed by learned layers, and some of it performed by
other agents or tools.

OK, so why is this useful and what can you do with it?

What can you do? Starting in Sec. 3.2, we’ll talk about how this perspective on RL is particularly
natural for goal-reaching tasks, where the aim is to reach (sample!) a certain goal state at some
point in the future. Then, Sec. 4 will extend the discussion to fully-general reward functions.

Why is this useful? We’ll offer three reasons.

1. A principled way to think about agents interacting with humans, tools, and their
environment. Perhaps the standard way of thinking about LLMs is that they are trained
to do reasoning and thinking. These capabilities are entirely “imaginary” in the sense
that they purely happen in the “mind” of an LLM – they do not actually change the
world. I think the reason a lot of us are in this room is because we believe that AI can
make the world better. Some of this can be done by using AI to better understand the
world. But one hope is that we might use AI to directly change the world for the better,
whether via assistants (interacting with humans) or the physical world (e.g., routing trains,
recommending medical treatments). Generative models seem the most promising route to
realizing these capabilities, yet they lack a formal language for describing interaction. RL
provides this formal language. Treating interaction as a generative process tells us how to
leverage generative models using the language and structures of RL.

2. Reward engineering is hard. There have been many amazing success stories in the RL
community, and there have been lots of great examples of using RL to build better vision
and language models. However, these papers typically reduce the problem to one of scalar
reward maximization. And, that reward function typically has to be defined by a human.
Reward engineering is really hard.

The standard foundation of RL, whether from a stochastic optimization perspective or
an optimal control perspective, is built upon rewards. Yet, we often don’t think about
where these rewards come from. In the standardized benchmarks, they are just there, so
we typically don’t think about why they are the way they are, or whether they actually
make sense.

Lots of reward engineering goes into many tasks (see, e.g., Fig. 10). There are lots of
hyperparameters. We see that the reward function is doled out in stages; these stages
effectively reflect how a human expects the task to be solved. But the whole point of
RL is that it enables us to solve tasks that we don’t know how to solve, or that it will
find solutions better than the currently-conceptualized solutions. So, designing reward
functions like this is problematic.

While this discussion often becomes one of “sparse vs dense” rewards, there are gradations
of sparsity. Often, you’ll see a reward function that gives a “sparse” +1 upon completing
each stage of the task. But the fact that the human designer split the task up into stages
still constitutes a non-trivial degree of reward shaping.

In this section, we’ll think about a different way of framing some RL problems, which will
also resolve a certain incongruence with the standard MDP definition.

3. There’s one bit about the “RL as GenAI” story that still doesn’t quite fit right: the reward
function. When we think about generative models, we think about them being trained
on data. But when we think about RL (e.g., the RL objective above), we are defining the
problem in terms of this scalar reward. When we want to teach an image classifier to
identify cats and dogs, we give it data, a bunch of images accompanied by labels (more
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data). Yet when we want to teach a policy how to play Pong, we have to write a bunch
of code that assigns scalar values to each observation? These reward functions make it
challenging for non-experts (and even experts!) to use RL in practice. It also makes the
entire RL enterprise somewhat dissonant with other areas of ML. In this part, we’re going
to resolve this dissonance by reframing the RL problem in a way that does away with
reward functions.

3.2 Why Learn to Reach Goals?

OK, so the main aim of this section is to think about a certain special case of the RL problem:
that of reaching a certain goal. A goal will be an observation. For example, if you’re a mouse
navigating a maze, instead of getting a reward of +1 when you get to a certain location, we’ll think
about telling the mouse that that location is its goal.

Reaching goals is a classic problem dating back to the early days of AI/ML (Kaelbling, 1993; Laird
et al., 1987; Newell and Simon, 1961).

Thinking in terms of goals allows us to eschew reward functions. As we’ll see in this section, we
nonetheless get many coherent algorithms, including ones that can perform effective exploration
and long-horizon reasoning.

Goal-reaching has many practical applications:

• Robot locomotion and manipulation (Team et al., 2023)

• Autonomous driving

• Chemical synthesis (Beeler et al., 2023; Zhou et al., 2017)

• Path planning, route optimization

• Games (e.g., build a castle in Minecraft (Baker et al., 2022; Milani et al., 2024)).

Intuitively, we want to get to the goal as quickly as possible. We’d also like to stay there as long as
we can. A natural way to think about this is that you get a +1 when you’re at the goal and +0
otherwise. This is well defined in settings where you have a finite number of states. However,
this reductionist approach has a couple limitations. First, it seems to make the RL problem more
difficult – you’ve just specified a hard-to-optimize reward function. How are you supposed to
actually learn to maximize this reward function? Second, it doesn’t seem to provide any insight
into how to actually solve goal-reaching problems.

So, in the coming sections, we’re going to think about goal-reaching in a different way: in terms
of probabilities. Instead of thinking about the time you spend at the goal, we’ll think about the
probability that you get to the goal. Of course, in settings with a finite number of states, these
are exactly the same. But thinking in terms of probabilities opens up new avenues of inquiry,
new ways of analyzing this problem, new ways of solving it. In particular, the generative AI
revolution was largely predicated on a probabilistic understanding of data. We’ll see that taking
this probabilistic perspective allows us to better harness the tools of generative AI to solve difficult
problems; and, we’ll even see how it allows us to do the opposite, using the tools of RL to train
generative models in better ways.

Roadmap. We’ll start by thinking about estimating the probability of reaching states at some
point in the future. We’ll see how these probabilities can be used to determine the actions for
reaching desired goal states. This will give us an effective method for goal-conditioned RL.

3.3 Defining the goal-reaching problem

We will look at the following objective for goal-reaching:

max
π

(1 − γ)Eπ

[

∑
t

γt
1(st = g)

]

.

The (1 − γ) constant factor doesn’t affect the optimization problem. We include it to make our
analysis easier later on. In continuous settings, you never get to a state exactly (this is a measure
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zero event), so instead we look at the probability that the next state is the goal:

max
π

(1 − γ)Eπ

[

∑
t

γt p(st+1 = g | st, at)

]

. (3)

Note that this objective is well defined in both continuous and discrete settings, and in both
stochastic and deterministic settings. In continuous settings, we will talk about probability
densities.

Intuition. Intuitively, we can understand this objective as saying that you get a +1 when you’re
at the goal and zero otherwise. We can think about this as maximizing the total time you spent at
the goal. Like the standard RL problem, we’d prefer to get to the goal quickly, which is why we
include the discount factor of γ. This objective looks like the standard RL problem with a reward
function

rg(s, a) = (1 − γ)p(s′ = g | s, a). (4)

Figure 10: Designing reward functions is chal-
lenging.

The nice thing about this problem formulation
is that the rewards are defined directly in terms
of the data (see Fig. 10). Also, by defining this
objective in terms of probabilities, it will have
close connections with probabilistic modeling
that we’ve seen in other areas of ML.

Challenges with goal-reaching. Eq. 4 shows
how we’ve reduced this problem of probabil-
ity matching or goal-reaching into a problem
of RL. However, the RL problem itself is very
hard. And, applying it to this reward requires
estimating this reward function, which would
require fitting a density model to the dynam-
ics, which is challenging in high-dimensional
settings. So, we’re going to need a way of es-
timating and optimizing the objective in Eq. 3
that doesn’t require estimating densities over
high-dimensional objects. Perhaps surprisingly,
this is doable, and not too hard! But first, let’s
start with some background on the dual for-
mulation for RL.

3.4 Introduction to Dual RL

For the first step, we consider a Markov decision process (MDP) without reward function defined
by states s ∈ S , actions a ∈ A, initial state distribution p0 ∈ ∆(S), discount factor γ ∈ (0, 1], and
dynamics p : S ×A 7→ ∆(S), where ∆(·) denotes the probability simplex.

Discounted state occupancy measure. One mathematical objective that will be useful throughout
today’s tutorial is the discounted state occupancy measure (Puterman, 2014; Syed et al., 2008). Imagine
that you close your eyes and open them after a random number of time steps. You want to know
which state the agent will be at. Formally, this probability is referred to as the discounted state
occupancy measure:

pπ(s f ) ≜ (1 − γ)Eπ

[

∑
t

γt p(st+1 = g | st, at)

]

. (5)

The (1 − γ) out front is to ensure that this whole thing sums/integrates to one. This is the
probability of reaching state s f at some point in the future. We will sometimes think about the

conditional version of this, p(s f | s, a), which tells us the states we’ll visit at some point starting at
a particular state s and action a.
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RL optimizes the expected return of a policy. We consider the linear programming formulation of
the expected return (Manne, 1960), to which we can apply Lagrangian duality or Fenchel-Rockfeller
duality to obtain corresponding constraint-free problems. We now review this framework, first
introduced by Nachum and Dai (2020)1. Consider the regularized policy learning problem

max
π

J(π) = Edπ(s,a)[r(s, a)]− αD f (d
π(s, a) || dO(s, a)), (6)

where D f (d
π(s, a) || dO(s, a)) is a conservatism regularizer that encourages the visitation distribu-

tion of π to stay close to some distribution dO, and α is a temperature parameter that balances
the expected return and the conservatism. An interesting fact is that J(π) can be rewritten as a
convex problem that searches for a visitation distribution that satisfies the Bellman-flow constraints.
We refer to this form as primal-Q:

primal-Q max
π

J(π) = max
π

[
max

d
Ed(s,a)[r(s, a)]− αD f (d(s, a) || dO(s, a))

s.t d(s, a) = (1 − γ)d0(s).π(a|s) + γ ∑s′ ,a′ d(s′, a′)p(s|s′, a′)π(a|s), ∀s ∈ S , a ∈ A
]
.

(7)

We can convert this to an unconstrained problem with dual variables Q(s, a) defined for all
s, a ∈ S × A by applying Lagrangian duality and the convex conjugate, giving us the dual-Q
formulation:

dual-Q maxπ minQ(1 − γ)Es ∼ d0, a ∼ π(s)Q(s, a) + αE(s, a) ∼ dO f ∗ ([T π
r Q(s, a)− Q(s, a)] /α), (8)

where f ∗ is the convex conjugate of f . In fact, one can note that Problem equation 7 is
overconstrained—the constraints already determine the unique solution dπ , rendering the inner
maximization w.r.t d unnecessary. Therefore, we can relax the constraints to obtain another
problem with the same optimal solution π∗ and d∗, which we call primal-V below:

primal-V max
d≥0

Ed(s,a)[r(s, a)]− αD f (d(s, a) || dO(s, a))

s.t ∑a∈A d(s, a) = (1 − γ)d0(s) + γ ∑(s′ ,a′)∈S×A d(s′, a′)p(s|s′, a′), ∀s ∈ S .
(9)

Similarly, we consider the Lagrangian dual of equation 9, with dual variables V(s) defined for all
s ∈ S:

dual-V min
V

(1 − γ)Es ∼ d0V(s) + αE(s, a) ∼ dO f ∗p ([T V(s, a)− V(s))] /α), (10)

where f ∗p is a variant of f ∗ defined as f ∗p (x) = max(0, f ′
−1(x))(x) − f (max(0, f ′

−1(x))). This

modification is to cope with the nonnegativity constraint d(s, a) ≥ 0 in primal-V. Note that in both
cases for dual-Q and dual-V, the optimal solution is the same as their primal formulations due to
strong convexity.

Remarks. The dual formulations have a few appealing properties. (a) They allow us to transform
constrained distribution-matching problems into unconstrained forms w.r.t previously logged
data. (b) One can show that the gradient of dual-Q w.r.t π, when Q is optimized for the inner
problem, is the on-policy policy gradient computed by off-policy data (Nachum and Dai, 2020).
This property is key to relieving the instability or divergence issue in many off-policy learning
algorithms (Fujimoto et al., 2018; Thrun and Schwartz, 1993).

What are interesting ways we can use generative models directly into more traditional RL methods?
If we think about dual methods, there is a class of dual methods called DICE methods. DICE
methods (Sikchi et al., 2023) incorporate the LP form of expected return J (π) = E(s,a)∼dπ [r(s, a)]

with a regularizer D f (d
π ||dD) = E(s,a)∼dD [ f ( dπ(s,a)

dD(s,a)
)], where D f is the f -divergence induced by

a convex function f (Boyd et al., 2004). More specifically, DICE methods try to find an optimal
policy π∗ that satisfies:

π∗ = arg max
π

E(s,a)∼dπ [r(s, a)]− αD f (d
π ||dD). (11)

This objective is generally intractable due to the dependency on dπ(s, a), especially under the
offline setting. However, by imposing the Bellman-flow constraint (Manne, 1960) ∑a∈A d(s, a) =

1We use Lagrangian duality instead of Fenchel-Rockfeller duality for ease of exposition.
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(1 − γ)d0(s) + γ ∑(s′ ,a′) d(s′, a′)p(s|s′, a′) on states and applying Lagrangian duality and convex

conjugate, its dual problem has the following tractable form:

min
V

(1 − γ)Es∼d0
[V(s)] + αE(s,a)∼dD [ f ∗([T V(s, a)− V(s)] /α)]. (12)

Here f ∗ is a variant of f ’s convex conjugate and T V(s, a) = r(s, a) + γEs′∼p(·|s,a)[V(s′)] represents

the Bellman operator on V. In practice, one often uses a prevalent semi-gradient technique in
RL that estimates T V(s, a) with Q(s, a) and replaces the initial state distribution d0 with dataset

distribution dD to stabilize learning (Mao et al., 2024b; Sikchi et al., 2023). In addition, because D
usually cannot cover all possible s′ for a specific (s, a), DICE methods only use a single sample of
the next state s′. The update of Q(s, a) and V(s) in DICE methods are as follows:

min
V

E(s,a)∼dD
[
(1 − γ)V(s) + α f ∗

(
[Q(s, a)− V(s)] /α

)]

min
Q

E(s,a,s′)∼dD
[(

r(s, a) + γV(s′)− Q(s, a)
)2]

.
(13)

Note that learning objectives of DICE-methods can be calculated solely with a (s, a, s′) sample
from D, which is totally in-sample. One important property of DICE methods is that Q∗ and V∗

have a relationship with the optimal stationary distribution ratio w∗(s, a) as

w∗(s, a) :=
d∗(s, a)

dD(s, a)
= max

(
0, ( f ′)−1

(
Q∗(s, a)− V∗(s)

))
, (14)

where d∗ is the stationary distribution of π∗. To get π∗ from w∗, previous policy extraction methods
in DICE methods include weighted behavior cloning (Mao et al., 2024b), information projection
(Lee et al., 2021) or policy gradient (Nachum et al., 2019b). All these methods parametrize an
unimodal Gaussian policy in order to compute log π(a|s) (Haarnoja et al., 2018), which greatly
limits its expressivity.

3.5 Goal-Conditioned Behavioral Cloning (GCBC)

We’ll start with a very simple method for using generative models to get to a goal: goal-conditioned
imitation learning (Emmons et al., 2022; Ghosh et al., 2021). The predominant strategy for learning
goal-directed skills today is via imitation. This is the basis for much of the recent success in robot
learning (Black et al., 2024a; Lynch and Sermanet, 2020; Team et al., 2023; Wang et al., 2022). This
looks something like the following:

max
π

Eτ∼D,(s,a,s f )
[log πθ(a | s, g = s f )].

One way to understand what this is doing is via Bayes’ Rule (Eysenbach et al., 2022c; Ghugare
et al., 2024; Paster et al., 2022): learning a policy that maximizes the likelihood above is equivalent
to maximizing the following objective:

max
πθ

Ea∼πθ(a|s,g)[log pπ(s f = g | s, a) + log β(a | s)−
�

�
��p(g | s)]

= Ea∼πθ(a|s,g)

[

log E

[

∑
t

γt
1(st = g) | s, a

]

+ log β(a | s)

]

,

where β(a|s) is the behavior policy. That is, this is equivalent to selecting actions that maximize
your expected reward (+1 when you reach the goal) while also maximizing the likelihood of the
actions you’ve seen in your data (this can be interpreted as a sort of regularization).

Masking interpretation. One interpretation of these GCBC methods is that they’re doing mask-
ing, a’la BERT. They “cover up” some of the state and action tokens in a sequence and train the
model to predict those missing states/actions (Carroll et al., 2022; Chen et al., 2021; Janner et al.,
2022). One cool thing about this class of methods, besides working well in practice, is that they
blur the line between world model and policy: one generative model can both sample actions and
next observations.
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3.6 Goal-conditioned RL from the dual perspective

After learning about the dual formulation, we present a way to apply this to goal-conditioned
problems as a richer learning signal.

We derive an algorithm where the agents learn by minimizing the following f -divergence:

J(θ) = D f (pθ(s)||pg(s)) (15)

Theorem 3.1. The gradient of J(θ) as defined in Equation 15 is given by,

∇θ J(θ) = Eτ∼pθ(τ)

[
[ T

∑
t=1

∇θ log πθ(at|st)
][ T

∑
t=1

f ′
( pθ(st)

pg(st)

)]
]

. (16)

The gradient looks exactly like policy gradient with rewards − f ′
(

pθ(st)
pg(st)

)

. However, this does not

mean that we are maximizing JRL(θ) = Eτ∼pθ(τ)

[

− f ′
(

pθ(st)
pg(st)

)]

. This is because the gradient of

JRL(θ) is not the same as ∇θ J(θ).

However, one downside of this objective and its connection to policy gradient is that it is an
on-policy objective, and therefore more data inefficient.

3.7 Offline Goal-conditioned RL from the Dual Perspective

To address this we look to a mixture distribution matching objective for the of-
fline setting. Define a goal-transition distribution q(s, a, g) in a stochastic MDP as
q(s, a, g) ∝ qtrain(g)Es′ ∼ p(· | s, a)Iϕ(s′)=g. Intuitively, the distribution has probability mass on

each transition that leads to a goal. We formulate the GCRL problem as an occupancy matching
problem by searching for the policy πg that minimizes the discrepancy between its state-action-goal
occupancy distribution and the goal-transition distribution q(s, a, g):

Occupancy matching problem: D f (d
πg(s, a, g)∥q(s, a, g)), (17)

where D f denotes an f -divergence with generator function f . Note that the q distribution is
potentially unachievable by any goal-conditioned policy πg. Firstly, it does not account for the
initial transient phase that the policy must navigate to reach the desired goal. Secondly, even if
we consider only the stationary regime (when γ → 1), it may not be dynamically possible for the
policy to continuously remain at the goal and rather necessitate cycling around the goal.

Consider a stochastic MDP, a stochastic policy π, and a sparse reward function r(s, a, g) =
Es′ ∼ p(·|s, a)I(ϕ(s′) = g, qtrain(g) > 0) where I is an indicator function. Define a soft goal
transition distribution to be q(s, a, g) ∝ exp(α r(s, a, g)). The following bounds hold for any

f -divergence that upper bounds KL-divergence (eg. χ2, Jensen-Shannon):

Jtrain(πg) +
1

α
H(dπg) ≥ −

1

α
D f (d

πg(s, a, g)∥q(s, a, g)) + C,

where H denotes the entropy, α is a temperature parameter and C is the partition function for

eR(s,a,g). Furthermore, the bound is tight when f is the KL-divergence.

To devise a stable learning algorithm we consider the Pearson χ2 divergence. Pearson χ2 divergence
has been found to lead to distribution matching objectives that are stable to train as a result of a
smooth quadratic generator function f (Al-Hafez et al., 2023; Garg et al., 2021; Sikchi et al., 2023).
Our dual formulation simplifies to the following objective:

maxπg minS

Decrease score at transitions under current policy πg
︷ ︸︸ ︷

β(1 − γ)E(s, g) ∼ d0, a ∼ πg(· | s, g)S(s, a, g) + βγE(s, a, g) ∼ q, s′ ∼ p(·|s, a), a′ ∼ πg(· | s′, g)S(s′, a′, g)

− βE(s, a, g) ∼ qS(s, a, g)
︸ ︷︷ ︸

Increase score at the proposed goal transition distribution

+0.25 E(s, a, g) ∼ Mixβ(q, ρ)(γS(s′, πg(s
′), g)− S(s, a, g))2

︸ ︷︷ ︸

Smoothness/Bellman regularization

. (18)
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Equation 18 suggests a contrastive procedure, maximizing the score at the goal-transition distribu-
tion and minimizing the score at the offline data distribution under the current policy with Bellman
regularization. The Bellman regularization has the interpretation of discouraging neighboring S
values from deviating far and smoothing the score landscape. Instantiating with KL divergence
results in an objective with similar intuition while resembling an InfoNCE (Oord et al., 2018)
objective.

It is important to note that S-function is not grounded to any rewards and does not serve as a
probability density of reaching goals, but is rather a score function learned via a Bellman-regularized
contrastive learning procedure.

3.8 But my task isn’t described by a goal observation!

While the most conventional way of combining RL and generative models is to replace components
in existing RL algorithms (e.g., the world model, the policy) with capable generative models (see
Sec. 2, this section has shown how interaction forms a generative process. We have discussed how
we can sample from this generative process and train this generative process to reach goals – by
maximizing the likelihood of sampling a desired goal state.

What about tasks that aren’t well described by a single goal state? It would be great if I got back
home and my apartment were clean, but “clean” could correspond to many possible observations –
I don’t care which permutations of books are in my bookshelf. Similarly, I’d like to have a smooth
flight back home – the pilot shouldn’t just maximize the likelihood of landing in New York, but
also should minimize the amount of turbulence encountered enroute.

Can we use this generative AI perspective to solve tasks like this? Can we use this perspective to
solve any reward-maximization problem?

4 Part III: Learning likelihoods

In the previous section, we introduced the notion that we can think about interaction as a generative
process, in the same way that we can think of rendering as a generative process. We have already
seen how this perspective leads to new algorithms – specifically, algorithms for reaching certain
goals. But this generative-modeling perspective goes beyond goal-reaching; in fact, we’ll see that
it can be used to solve arbitrary reward-maximization problems. To get there, we’ll need to think
about the capabilities that generative models provide.

Let’s think about goal-conditioned RL (GCRL) from a likelihood perspective, and then we’ll see
how we can generalize it to fully-general reward maximization problems.

Generative models often provide two key capabilities: sampling, and estimating log-likelihoods.
The previous section focused primarily on thinking about interaction as a certain sampling process.
But in this section we’ll look at the other capability: estimating log-likelihoods. In particular, we’ll
want to be able to estimate the likelihood that an agent visits a certain state when interacting with
an environment. This quantity, which is already well-studied in the RL literature, will provide the
key to solving fully-general RL problems.

Roadmap. In this section, we’ll start by formally defining this log-likelihood and then discuss
how we can estimate this log likelihood, both directly and indirectly. We’ll conclude by showing
how this likelihood connects to Q-functions, and can be modeled for any policy as a dot product
of learned state representations.

4.1 Log-Likelihoods of the Interaction Generative Process

So, you have a policy interacting with an environment. In the previous part, we’ve noted that this
can be viewed as a generative process, where a sample corresponds to one of the observations
visited by the policy. To make this 100% precise, the sample is an observation sampled at time
step t, where t ∼ Geom(1 − γ) is a geometric random variable. The intuition here is that we’re
primarily going to look at the observations that the agent sees after a small number of time steps,
but will sometimes look at observations that take more time to reach. The intuition behind the
geometric distribution is the same as in RL – it is both mathematically convenient (it is the unique
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Figure 11: The successor measure, also known as the discounted state occupancy measure, is the
distribution over future states that the agent might end up in, at some point in the future. Sec. 4
introduces techniques for estimating these distributions, and then using those estimates for RL.

distribution with the memoryless property, which enables TD learning) and functionally useful (as
avoids the need for specify a precise “when” the agent reaches a state, but nonetheless incentivizes
solving tasks quickly). OK, so we know how to generate samples.

But how do we estimate the likelihood of a certain sample? That is, how do we estimate the
likelihood of “sampling” observation s? How do we know whether this is an observation that the
policy is very likely to encounter, or very unlikely to encounter?

Let’s start by formally defining this likelihood. Then Sections 4.2 and 4.3 will provide computation
tools for estimating the likelihood. The likelihood is exactly the same as the discounted state
occupancy measure (also known as the successor measure) defined in Eq. 5:

pπ(s f ) ≜ (1 − γ)Eπ

[

∑
t

γt p(st+1 = g | st, at)

]

.

Note that the factors of (1 − γ)γt exactly correspond to the PMF of the geometric random variable
t. One can also define distributions over state-action pairs pπ(s f , a f ) analogously; the algorithms
below are easily extensible to that setting.

4.2 Directly Estimating Likelihoods

One class of goal-reaching methods directly estimates the discounted state occupancy measure.
That is, we can fit a parametric model pθ(s f ) ≈ pπ(s f ), or some conditional variant of this

(pθ(s f | s, a) ≈ pπ(s f | s, a)).

Prior work has done this with various choice of generative models, including flow-matching (Fare-
brother et al., 2025), GANs (Janner et al., 2020), and normalizing flows (Ghugare and Eysenbach,
2025; Schroecker and Isbell, 2020) However, fitting this density directly can be challenging in
high-dimensional settings (Ghugare and Eysenbach, 2025; Janner et al., 2020; Schroecker and Isbell,
2020).

Goal-reaching as an application. So, after you learn these likelihoods, what can you do with
them? One simple application is goal reaching. The policy can be optimized to select actions that
maximize the likelihood of reaching the desired goal state:2

arg max
a

pπ(s f = g | s, a), max
π

Eπ(a|s,g)[p
π(s f = g | s, a)].

For context, there are really two generative models here:

• We’re using (say) a normalizing flow to estimate what states will be visited. We’re using
the log-likelihood from this model to figure out how to select actions.

• The policy interacting with the MDP defines a generative process/model. We are sampling
using this model. Note that we cannot directly estimate the likelihood of samples using
this model, which is why we’re using (say) the normalizing flow to do that.
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Figure 12: Estimating Relative Likelihoods via Temporal Contrastive Learning. (Blier et al., 2021;
Eysenbach et al., 2022d; Oord et al., 2018; Sermanet et al., 2018) One way to estimate the successor
measure (Fig. 11) is by learning a classifier that distinguishes pairs of observations from the same
trajectory from pairs drawn from different trajectories. To make this connection mathematically
precise, the positive pairs are offset by a time interval drawn from geometric distribution. Prior
work varies in whether actions and in the precise architecture for this classifier.

4.3 Estimating Relative Likelihoods via Temporal Contrastive Learning

An alternative approach, which both sidesteps the difficulties of high-dimensional density estima-
tion, is to estimate the relative discounted state occupancy measure:

pπ(s f | s, a)

p(s f )
.

Note that adding the term in the denominator doesn’t change the dependence on actions. Namely,

arg max
a

pπ(s f | s, a)

p(s f )
= arg max

a
pπ(s f | s, a).

The problem of estimating probability ratios is a problem of classification: guessing whether an
instance of a random variable came from one distribution or another. Let’s see how this works in
our setting, where we want to distinguish pπ(s f | s, a) from p(s f ).

We will learn the classifier using positive examples pπ(s f | s, a)p(s, a) and negative examples

p(s f )p(s, a). The let fθ(s, a, s f ) ∈ [0, ∞) denote the probability ratio of a classifier that takes as
input the current state and action and a future state, and guesses whether the future state is a real
future state or a random future state. We will train this classifier using the standard binary cross
entropy loss:

min
θ

−Epπ(s f |s,a)p(s,a)



log
1

1 + 1
fθ(s,a,s f )



− Epπ(s f )p(s,a)

[

log
1

1 + fθ(s, a, s f )

]

. (19)

An alternative to the binary cross entropy loss is the Sugiyama least squares importance filtering
loss (Blier et al., 2021; Kanamori et al., 2009; Nachum et al., 2019a):

min
θ

1

2
Epπ(s f )p(s,a)[ fθ(s, a, s f )

2]− Epπ(s f |s,a)p(s,a)[ fθ(s, a, s f )].

Incidentally, this loss keeps being rediscovered, and probably goes back earlier than the 2009
citation above. In both cases, the optimal classifier satisfies:

fθ(s, a, s f ) =
pπ(s f | s, a)

p(s f )
.

2Formally, this conditional occupancy measure is equivalent to the Q function.
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Note that this exactly corresponds to temporal contrastive learning (Mobahi et al., 2009; Oord
et al., 2018; Sermanet et al., 2018). While we have presented just two losses, there are several others
losses that one might choose (Assran et al., 2023; Bardes et al., 2021; Chen and He, 2021; Grill
et al., 2020). This has close connections to work in computer vision on temporal coherence (Hénaff
et al., 2019; Jayaraman and Grauman, 2016), straightened representations in LLMs (Hosseini and
Fedorenko, 2023), and unsupervised learning in neuroscience (Wiskott, 2022).

4.4 Temporal Difference Methods

When thinking about the likelihood of visiting a certain state, that likelihood depends on the policy
we’re using for selecting actions. The methods we’ve discussed so far are Monte Carlo methods:
they look at where (empirically) the policy visits, and predict that the policy will continue to
visit those states. However, there are many settings where one might want to answer a different
question: if you changed your policy, what new states would it visit, and what old states would it
stop visiting? Classically, this question can be answered with temporal difference methods, which
“stitch” together data from different experiences (Ziebart et al., 2008). And it turns out we can do
the same thing for these classifier/contrastive methods.

The key idea here is the following identity (Puterman, 2014), sometimes known as the Bellman flow
constraint, which relates the probability of visiting a state after today to the probability of visiting
that state after tomorrow:

pπ(s f | s0, a0) = p(s1 = s f | s0, a0) + γEp(s1|s0,a0)π(a1|s1)
[pπ(s f | s1, a1)]. (20)

This identity holds for all policies, even for ones that are different from that which collected the
data. This same identity holds for probability ratios, like those learned in the previous section. We
can use this identity to rewrite the previous losses in terms that depend just on transitions and the
policy – without needing the sample future states:

min
f

Ep(s,a,s′)[· · · log f (s, a, s f = s′) · · · ] + Ep(s,a,s′)π(a′ |s′)p(s f )
[ f (s′, a′, s f ) · · · log f (s, a, s f ) · · · ].

There are several losses that take this form, including the Forward Backward representation (Blier
et al., 2021), C-learning (Eysenbach et al., 2021), and TD InfoNCE (Zheng et al., 2024b). The term
f (s′, a′, s f ) acts like an importance weight, which enables us to do off-policy evaluation.3 This

same term f (s′, a′, s f ) is analogous to the TD target in regular TD learning – in fact, one can show
that some versions of this loss result in updates that are isomorphic to value iteration (Eysenbach
et al., 2021).

These updates can be done on several policies in parallel. Given a collection of {πz(a | s) | z ∼ Z},
we can simultaneously learn fz(s, a, s f ) by sampling z ∼ Z when doing these TD updates.

4.5 Using these Ratios for Fully General RL Problems

So, we can learn these density ratios. As noted above, these density ratios give us a way of solving
goal-reaching tasks: by selecting the action that maximizes the likelihood of reaching a particular
goal state. However, certain practical problems of interest are defined by behaviors that are not
uniquely identified by one goal. For example, maybe we want to pick up the object in front of
us, regardless of what object that is. Maybe we want to navigate to a particular goal on the other
side of the room, but do it while making as little sound as possible. Practically, in some settings
you have not just one desired goal state, but many. Or, maybe you have some examples of good
outcomes and some examples of bad outcomes. Or, maybe you have a set of states labeled with
rewards (i.e., the fully-general RL problems). We’ll see how these same estimated probabilities can
be used to address any of these problems.

While the math above focused on the probability of reaching a single goal, we can use those
same estimated probabilities to estimate the likelihoods of other sorts of events: multiple good
outcomes, bad outcomes, outcomes with varying levels of goodness (i.e., rewards).

3This is another argument for why your TD loss shouldn’t backpropagate gradients through your target
network (Baird et al., 1995) – because it’s acting like an importance weight.
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Figure 13: Estimating the probability of future
events lets you solve many different types of con-
trol problems.

Let’s see how this works. Let’s say that we have
a set of reward-labeled states {(s, r(s)}, and
let’s assume that the distribution over these
states is the same as the p(s f ) distribution used
for learning the probability ratio. For simplic-
ity, we’ll assume that the rewards depend only
on the current state. Then, after learning the
representations, we can estimate the future ex-
pected rewards as (Hatch et al., 2023; Mazoure
et al., 2023; Touati and Ollivier, 2021):

Q(s, a) = Ep(s f |s,a)[r(s)]

= Ep(s f )

[

p(s f | s, a)

p(s f )
r(s)

]

≈ Ep(s f )

[

fθ(s, a, s f )r(s)
]

≈
1

k ∑
s f ,r

f (s, a, s f )r(s). (21)

Note that this last expression looks like kernel smoothing. However, whereas kernel methods
typically assume that the data are structured such that the kernel makes sense, we’re learning the
representations so that the kernel makes sense.

4.6 Parametrizing the Successor Measure

We previously had thought about the successor measure fθ(s, a, s f ) as a black box:

fθ(s, a, s f ) = NN(s, a, s f )

However, parametrizing the successor measure in terms of representations can improve efficiency
and reveals structure in learned representations.

We’ll start by looking at two parametrizations that use representations Fθ(s, a) and Bθ(s f ):

fθ(s, a, s f ) = Fθ(s, a)T Bθ(s f ), fθ(s, a, s f ) = eFθ(s,a)T Bθ(s f ).

We can then think about how learning the successor measure (Sec. 4.3) affects the representations.
The first term in Eq. 19 pulls together representations of state-action pairs with real future states.
The second term pushes away representations of states that occur in different trajectories. Thus,
the resulting representation space is one where states that occur nearby in time have similar
representations. If it’s difficult to navigate from one state to another, then these two states have
distant representations.

Figure 14: Action selection. Once learned, these
representations can be used for navigating to
goal states: simply select the action whose state-
action representation is most similar to the goal
representation.

To select actions, we will choose the action
that moves the representation Fθ(s, a) closest
towards the goal representation. In control,
we often talk about greedy planning (Thrun,
2002): naïvely taking actions that are pointed
at the goal. This strategy can be myopic, failing
in settings where there are obstacles. Greedy
planning in the original observation space is a
bad idea. However, the results above show that
greedy planning in the representation space is
a great idea.

We can also think about these representations
as a sort of model of the world, one where
Fθ(s, a) tells you the representation of a future
state, rather than what the raw future state will
look like.
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There is a close connection between representations learned by temporal contrastive learning
and the successor representation (Barreto et al., 2017; Dayan, 1993). In particular, the temporal
contrastive representations form a low-rank approximation of the successor representation. The SR
and generalizations thereof have been appealing to both computer scientists (Barreto et al., 2018,
2017; Machado et al., 2020) and neuroscientists (Gershman, 2018; Kahn et al., 2024; Momennejad
et al., 2017) for its capacity to explain generalization – once learned the SR can be used to quickly
estimate the optimal actions for downstream reward functions.

Linear (Agarwal et al., 2025; Blier et al., 2021; Touati et al., 2023)

fθ(s, a, s f ) = Fθ(s, a)T B(s f ).

One cool thing about this parametrization is that the Q function (Eq. 21) is a linear function of the
representations:

Q(s, a) ≈
1

k ∑
s f ,r

f (s, a, s f )r

=
1

k ∑
s f ,r

Fθ(s, a)T Bθ(s f ) · r

= Fθ(s, a)T




1

k ∑
s f ,r

Bθ(s f ) · r





︸ ︷︷ ︸
z

.

Thus, we can think about representing a reward function as a single vector z.

Log-Linear (Eysenbach et al., 2022d; Oord et al., 2018)

fθ(s, a, s f ) = eFθ(s,a)T Bθ(s f ).

This parameterization lends itself nicely to the classification methods described in Section 4.3 and
has ties to temporal contrastive methods (Sermanet et al., 2018).

Cool properties of these log-linear representations include:

1. Unlock scaling (Wang et al., 2025). In most RL settings, bigger networks yield only
marginally improved results; we typically don’t see the same sort of phrase-transition w.r.t.
network depth that we’ve seen in other domains. However, with these self-supervised
approaches, we do start to see this, with significantly increased performance up to
1000-layer networks.

2. Emergent exploration (Liu et al., 2025). We find that we can keep asking the agent to go
to the same (difficult) goal over and over, and exploration strategies emerge throughout
the course of learning. This also happens in multi-agent settings (Nimonkar et al., 2025).

3. These representations are effective for solving combinatorial problems, such as the Rubik’s
cube and Sokoban (Ziarko et al., 2025).

4. These representations obey a certain triangle inequality, and you can get TD-like method
for “free” but using appropriate neural network architectures (Myers et al., 2024). One
intriguing consequence of this is that these representations enable horizon generalization –
train on short-horizon tasks, and you’ll be able to solve long-horizon tasks (Myers et al.,
2025).

5. Planning via interpolation (Eysenbach et al., 2024; Zheng et al., 2024a). Given the intuition
developed above, one might guess that simply drawing a line from one representation
to another provides a way of doing planning. Perhaps surprisingly, this works well in
practice and is theoretically justified.
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Proto Successor Measure The downside of these above parametrization is that the representation
it learns is conditioned on the task, in effect it learns a separate representation for each task
z. Instead, we propose to learn a new breakdown of successor measures using the following
observation: Any successor measure, Mπ in an MDP forms an affine set and so can be represented

as ∑
d
i ϕiw

π
i + b where ϕi and b are independent of the policy π and d is the dimension of the affine

space.

m(s, a, s+, a+) = Φ(s, a, s+, a+)⊤wπ + b(s, a, s+, a+)

This is the basis for proto successor measure (PSM) which learns the basis set for all possible
behaviors.

For a given policy π, its successor measure under our framework is denoted by Mπ = Φwπ + b
with wπ the only object depending on policy. Given an offline dataset with density ρ, we follow
prior works (Blier et al., 2021; Touati and Ollivier, 2021) and model densities mπ = Mπ/ρ learned
with the following objective:

Lπ(Φ, b, wπ) = −(1 − γ)Es,a∼ρ[m
Φ,b,wπ

(s, a, s, a)]

+
1

2
Es,a,s′∼ρ,s+ ,a+∼ρ[(m

Φ,b,wπ
(s, a, s+, a+)−

γm̄Φ̄,b̄,w̄π
(s′, π(s′), s+, a+))2]. (22)

The above objective only requires samples (s, a, s′) from the reward-free dataset and a random
state-action pair (s+, a+) (also sampled from the same data) to compute L(π). Without loss of
generality we can combine the bias in the basis, giving us the parameterization:

Mπ(s, a, s+) = ψπ(s, a)φ(s+)ρ(s+).

4.7 What can we do with Zero-shot RL Methods: RLZero

Now we have a method that gives us the optimal policy for any reward function. What can we do
with this? It’s not always easy to specify tasks through rewards. What else can we do?

We can use these zero-shot RL methods – without task-specific supervision or labeled trajectories
– to get zero-shot test-time policy inference from arbitrary natural language instructions (Sikchi
et al., 2025). We introduce a framework comprising three steps: imagine, project, and imitate.
First, the agent imagines a sequence of observations corresponding to the provided language
description using video generative models. Next, these imagined observations are projected into
the target environment domain. Finally, an agent pretrained in the target environment with
unsupervised RL instantly imitates the projected observation sequence through a closed-form
solution. RLZero demonstrates direct language-to-behavior generation abilities on a variety of
tasks and environments without any in-domain supervision. Components of RLZero can also
be used to generate policies zero-shot from cross-embodied videos, such as those available on
YouTube, even for complex embodiments like humanoids.

Transition. In most real-world settings we have no data, or only partial data. So, we have to
explore the environment and collect more data, to learn about our surroundings? How do we do
this? Note that this is fundamentally a question left unanswered by typical generative models, but
it’s one where RL tools are nicely aligned.

5 Part IV: Self-Generated Feedback

Where have we been? At the end of Part 1, we discussed how we can view RL as a joint
optimization problem over data and policies. We discussed connections with dual RL. And we
intuitively said that, if you didn’t have a simulator, you might try to constrain your optimized data
to be close to data you’ve seen before. But, the reward function provided a bit of a scaffold, on
which data stands. Part 2 removed part of this crutch. While rewards often specify not just what a
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task is but also how a task should be solved, the goal-conditioned setting allows users to specify the
what without the how. This, combined with the use of simulation, enabled algorithms that could
collect their own data. Part 3 lifted a limitation of these goal-reaching methods, showing that the
probabilistic/generative perspective on RL not only gives us new tools for solving goal-reaching
problems, but also enables us to solve fully-general RL problems.

How can RL enable generative AI systems to construct their own knowledge? Now, in this
final part, I want to return to the role of data. So far, we’ve been thinking about data as a means
to an end – how do you find the data that “supports” your reward-maximizing policy. But how
can you discover data on your own? How can we grow a brain from scratch? How can we build
generative models that construct their own datasets?

5.1 The exploration problem

Perhaps the most common way of thinking about exploration is in terms of coverage – we want
the agent to explore as many states as possible (Bellemare et al., 2016; Hazan et al., 2019; Lee et al.,
2019; Ostrovski et al., 2017; Strehl and Littman, 2008). We can use the same lens of occupancy
measures (distributions over states) to think about exploration – rather than learning an occupancy
measure that assigns high probability to high-reward trajectories, you want to learn an occupancy
measure that assigns some probability to every trajectory.

Figure 15: Empowerment drives agents
to go to states where they can enact
change. Most immediately, this will be
states that are centrally-located, like a
fire station in the middle of a city. Max-
imizing empowerment will also lead
to the accumulation of resources (cap-
ital), friends (social capital), influence
(political capital), and knowledge.

However, exploration is about more than going every-
where – it’s also about preparing to solve new tasks.
How can we put the agent in a position so that it can
quickly solve new tasks?

5.2 Empowerment:
put yourself in a place where you can do many things

Empowerment (Klyubin et al., 2005; Salge et al., 2014) is
the usual language to think about this, well studied in
psychology. Empowerment is usually thought about as
an agent navigating to a position in state space where
it can do many things. But now we’re thinking about
the exploration problem as one of empowerment: the
“state” of the agent is both its physical location in the
environment, but also its state-of-mind, its knowledge
about the world (as reflected in the data collected so far).

Early work on empowerment (Klyubin et al., 2005) looks
at the objective I(st; a0:t), which is the mutual informa-
tion between the state of the world at time t and a se-
quence of actions a0:t. Maximizing this MI corresponds
to selecting a distribution over action sequences so that
st takes on a large number of values (i.e., exploration),
but each particular sequence results in a narrow set of
possible future states st. Compared with the objectives
we have been looking at so far, this objective is open-loop,
in the sense that actions are chosen without reference to
the current state.

Mohamed and Jimenez Rezende (2015) use an objective that looks like:

I(a; s′ | s) = H[s′ | s]−H[s′ | s, a]

= H[a | s]−H[a | s, s′].

Intuitively, this means that we want to select actions that exert a high degree of influence over the
next state s′. And we’re selecting these actions using information about the current state. Note
that we’re treating this like an RL problem, so our goal is to maximize this objective both now and
in the future; the optimal policy will try to navigate to states where actions exert a high degree of
influence over future outcomes.
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Figure 16: Unsupervised skill learning. (Left) Skill learning can be viewed as a game, where one
player (blue) who performs actions to communicate a word to another player (red) who guesses
the word from the actions they see. (Right) Overview of how this game translates into a practical
algorithm.

There is also cool work extending empowerment to multi-agent settings – rather than having an
agent try to empower itself, we can have an AI agent try to empower a human agent (Du et al.,
2020; Myers et al., 2024).

Summary. But from a computational perspective, pure exploration or empowerment maximiza-
tion doesn’t equip us with the skills to go on and do many different things. How do we do this?
The key idea is to replace action with a learned temporal abstraction, which we’ll call a “skill”. So,
one way of interpreting skill learning algorithms is that they are maximizing empowerment, but
doing it over learned temporally-abstracted actions.

5.3 Skills

Our goal is to not just explore an environment, but learn skills that will enable us to rapidly
solve downstream tasks (see Fig. 17). This area is sometimes known as self-supervised reinforcement
learning – a family of methods in which agents autonomously generate their own rewards (e.g.,
via intrinsic motivation) to learn skills that cover this large space of behaviors. These skills are not
programmed in advance, but rather are discovered through exploring and experimenting, without
using human demonstrations. By efficiently representing the space of possible behaviors, this set
of skills (sometimes called a behavioral foundation model) can be leveraged to rapidly solve new
tasks.

Intuition as a game (VISR (Warde-Farley et al., 2018)). Imagine playing a game that has two
players, who stand on either end of a football field (see Fig. 16 (left)). One player (blue) is trying
to communicate a word. The other player (red) is trying to guess the word from the behavior
performed by the first player. This is a cooperative game. The blue player will do one behavior
when they want to convey one word, and a different behavior when they want to convey a different
word. At the end of each round, the red and blue players talk amongst themselves, so that the red
player can get feedback (what was the blue player actually trying to say) and blue player can get
feedback (what behavior should I have done to convey the word “dog”).

How would you play this game? Would you make small behaviors or big behaviors? Similar
behaviors or pretty distinct ones?

This game maps exactly onto notions from coding theory and channel capacity. In fact, this
connection provides leverage to understand the sense in which this is optimal (see Fig. 17 (right)).

An objective for skill learning: Intuition. There are several metrics one might use for quantify-
ing whether a set of skills is good or not. One natural metric is coverage: Does the set of skills
collectively explore and visit a wide range of states? This metric is well-established in prior work
on exploration (Hazan et al., 2019; Ostrovski et al., 2017).

Another metric is uniqueness: does each skill perform behavior that is distinct from other skills?
This metric is important not just from an efficiency perspective (it would be redundant to have two
skills that perform similar behaviors) but also from the perspective of solving downstream tasks:
if two skills are highly similar, it can be more challenging to figure out which should be used to
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solve a particular downstream task. The combination of the coverage metric and this uniqueness
metric is well-established in the skill learning literature (Achiam et al., 2018; Co-Reyes et al., 2018).

An objective for skill learning: Math. OK, so let’s translate this into math to think about how
this unsupervised pretraining will work. When we’re talking about skills, we’ll use pπ(s f | s, a, z)
to denote the distribution corresponding to skill π(a | s, z)

The goal of unsupervised pretraining is to learn a skill-conditioned policy π : S ×Z 7→ ∆(A) that
conducts diverse and discriminable behaviors, where Z is a latent skill space. We will use p(z) to
denote the prior distribution over skills. Typically, this is a uniform categorical distribution (i.e., z
is a random integer from 1 · · · N, typically encoded as a one-hot vector), a Gaussian distribution,

or a uniform distribution over the d-dimensional unit hypersphere p(z) = Unif(Sd−1).

Our goal is to learn policies so that input z is a “knob” for sweeping over the space of behaviors.

To learn skills, we’re going to think about the mutual information (MI) between the random
variable z and the behavior induced. We’ll use τ = (s0, a0, · · · ) to denote a trajectory of experience.
Thus, the quantity that we’re maximizing is

max
π

Iπ(z; τ).

One way of understanding this objective is that we want z to exert a high degree of influence over
the behavior τ.

Another way of understanding this objective is by writing the MI in terms of entropy:

Iπ(z; τ) = H[τ]−H[τ | z].

The first term on the RHS, H[τ], is the marginal entropy over behaviors. Thus, maximizing MI
corresponds to trying to produce the broadest possible distribution over behaviors. This term
corresponds to pure exploration. The second term on the RHS, H[τ | z], minimizes the conditional
entropy over behaviors; for a particular skill z, you want the policy to have a predictable behavior.
Predictability is important because we want to be able to use skills to solve downstream tasks. For
solving downstream tasks, it is important to be able to predict what, say, skill z = 1 will do. If
it sometimes goes left and sometimes goes right, then it’s much harder to use this skill to solve
more complex tasks.

A Practical Algorithm There are lots of different methods for doing skill learning. They typically
fit a similar mold (see Fig. 16 (right)):

• Policy optimization. The inner expectation is equivalent to an RL problem with the
reward function rt = log q(z | st):

Epπ(s f |z)
[log q(z | st)] = (1 − γ)Eτ∼π(·|·,z)[∑

t

γt log q(z | st)].

Thus, given a fixed q, we can optimize the objective w.r.t. π using any off-the-shelf RL
algorithm, using the learned q as the reward function. This could be DQN, TD3, PPO, etc.

• Posterior optimization. The optimization problem w.r.t. q is a standard maximum
likelihood problem. We sample training data (s, z) as z ∼ p(z), s ∼ ρπ(s | z), and then do
maximum likelihood to maximize log q(z | s).
A number of papers assume that z is a normalized vector, so q(z | s) takes the form of a

von-Mises Fisher distribution: q(z | s) = 1
Z ezTϕ(s) (Hansen et al., 2019; Park et al., 2023;

Warde-Farley et al., 2018; Zheng et al., 2025).

Solving downstream tasks There are many ways that skills can be used to solve downstream
tasks.

One option (Eysenbach et al., 2019; Hansen et al., 2019; He et al., 2022; Park et al., 2023) is to treat
the set of skills as a small hypothesis space of policies. We identify the skill that best solves a
downstream task. Because skills are intended to be diverse, the expectation is that we haven’t
incurred much error from shrinking the hypothesis space in this way. One important question
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here is how this skill is identified. If the number of skills is small, we can simply enumerate all
the skills. For example, if someone gives us a reward function, we can simply measure which skill
gets the highest reward, and use that skill. Another option is to use the posterior q(z | τ) to infer
the best skill. This approach requires that we observe a trajectory or states from the behavior that
we want to emulate. This approach shows how skills provide one approach to zero-shot RL (Sikchi
et al., 2025; Touati et al., 2023).

Figure 17: Unsupervised skill learning explores
the world, acquiring skills that enable the agent to
quickly solve new tasks. One can use information
geometry to prove how and when these skills are
optimal (Eysenbach et al., 2022b).

Another approach (Co-Reyes et al., 2018; Ey-
senbach et al., 2019; Florensa et al., 2017; Gre-
gor et al., 2016; Sharma et al., 2019) is to treat
the skills as high-level, temporally-extended ac-
tions. They define a new MDP, where actions
correspond to skills and where the horizon
is substantially shorter. This new MDP can
be solved with any off-the-shelf RL algorithm.
Some prior work has also used the learned
posterior to facilitate this (Sharma et al., 2019).
This is akin to hierarchical RL, but where the
low-level policies are learned with a different
objective (MI, not reward maximization). This
can be appealing because learning low-level
skills in a hierarchical framework can be unsta-
ble.

5.4 Compression Perspective

I now want to zoom out and think more holistically about what these skill learning methods are
providing. Fundamentally, ML is a problem of compression. Standard algorithms for supervised
learning, such as classification and regression, are compressing Y given X. Their objectives can
be formally described as conveying the number of bits you need to send to convey the labels,
assuming the recipient already knows the inputs X. Unsupervised learning aims to compress a set of
inputs X. This is what a VAE does, this is what LLM pretraining does – it’s all about compressing
your given dataset.

What self-supervised RL does fundamentally different. In unsupervised/self-supervised RL, we
compress an MDP. That is, the object that we’re compressing isn’t data because, well, we aren’t
given any data to compress. Rather, we compress an MDP\R, an MDP without a reward function.
The artifact that is produced by this compression is a behavioral foundation model, a policy of
some sort. In the same way that image generative models and LLMs can be prompted, this model
is prompt-able.

But there’s a key difference here – whereas typical generative models (audio, speech, language,
videos) are trained with curated data, these RL methods can be trained on self-collected data.
Thus, the question they are answering is different – it’s not, “factor the training data and produce
similar things,” but rather it is “explore the environment and discover interesting things.” This
capacity has the potential to lift fundamental challenges with AI today (where does our data come
from) and open up new and important applications of AI.

6 Conclusion

So, where have we been today? We started in Part I by thinking about how generative models can
be plugged into existing RL algorithms, whether as policies or world models. Part II introduced
the notion that interaction itself defines a generative process, and that thinking of interaction as a
generative model gave us new algorithms for learning policies. Part III built upon this to think
about estimating the likelihoods of this generative process, which ultimately gave us tools for
solving fully-general RL problems. Finally, Part IV briefly discussed the provenance of data –
building generative models that collect their own data.
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Figure 19: Generalization is the next frontier. In the same way that generative image models can
produce life-like images after only training on a small fraction of possible images, how might we
build (generative) RL agents that can build (with shovels and trowels) life-like sandcastles after
only practicing building a small fraction of possible sandcastles?

Figure 18: Despite the rapid progress
in RL over the last decade, today’s al-
gorithms may nonetheless retain only a
tiny fraction of the potential capabilities
of RL algorithms.

CFP on dual RL. As mentioned, a fundamental lim-
itation of the RL framework is the reliance on reward,
especially a dense reward. However, most real world
problems are often very difficult to design a shaped re-
ward function for, requiring expert domain knowledge
and some idea of what the optimal policy is in the first
place. However, the draw of reinforcement learning is
its ability to improve upon itself to find solutions that no
human would have thought of. We must think carefully
about the learning signals we can leverage to achieve
this.

Dangers of not thinking about interaction. There are
a lot of decision-making agents that were trained with
bandit or supervised learning methods plugged into real
world systems today that are sequential decision-making
problems. These myopic solutions to true reinforcement
learning problems are suboptimal and unstable (Shu-
mailov et al., 2024). This is true for a variety of problems,
not limited to generative modeling applications, such as
recommendation systems, educational technology, indus-
trial control, and dialogue systems.

One missing ingredient: generalization. In the last few minutes, I’d like to advocate for
rethinking the role of generalization (see Fig. 19). Let’s think about the simplest machine learning
model – the nearest neighbor model. Given, say, an image, find the closest labeled image you’ve
seen before, and output the same label. We wouldn’t say that this nearest neighbor model is smart.
What really “wowed” people about deep learning models is that they could make predictions on
inputs that looked different than those seen during training. Representations (those trained end to
end) were important for facilitating this. What really “wowed” people about generative image
and language models over the last couple years was similarly their capacity to produce outputs
that are quite different from those seen in the training data.

What does this mean in the context of interactive generative models? We’re used to seeing
plots showing that agents (typically simulated robots) cover the state space (typically a maze)
throughout the course of training. Their high state coverage is cited as a metric for success. The
fact that these skills then, at test time, navigate to different parts of the state space is somewhat a
given – they’ve already memorized this during training. But in many practical problems, especially
those involving interacting with the world, it is impossible to cover even a tiny slice of the world
during training. Any coverage metric will be zero. However, this doesn’t mean that learned skills
will not be useful for solving downstream tasks. There are 1e17 paths across Manhattan. You can
probably navigate them effectively, even though you’ve only taken a vanishingly small fraction
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of them. The key concept is generalization – being able to accomplish a thing doesn’t mean that
you’ve necessarily tried it before.

Note that close connection with compression here. In compression, we’re trying to find patterns
in the data. Identifying these patterns (e.g., cats of whiskers) allows ML models to generalize, to
continue to make good predictions (e.g., this image looks like a cat) on unseen examples. The
same is true for reinforcement learning. One way of seeing this is by supposing that the agent has
a huge number of skills baked into it, each with a certain name (e.g., “bake a yellow cake with
orange frosting, 3 layers tall”); of course, the names are arbitrary and just represented as random
vectors, but I think the analogy is useful. Most of these skills are never practiced. But, practicing
one skill will improve many other skills. So, when practicing skills, we should be thinking not
“let’s get good at this particular skill”, but rather “can I learn key concepts that enable performing
many skills later.” This is akin to a high-school student learning the key concepts of calculus so
that they can solve a wide range of math problems, rather than just memorizing the answers to a
select few problems.

The capacity to explore the space of behaviors, and organize it, remains a fundamental open
problem in RL. And, I think, AI. Will enable RL methods to tackle problems demanding long-
horizon reasoning, problems that humans don’t know how to solve. While today’s generative models
just paint pixels and tokens on a screen, tomorrow’s might be able to build the world that today’s generative
models can only dream of.
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