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Abstract

Intelligent agents must be generalists, capable of quickly adapting to various tasks.
In reinforcement learning (RL), model-based RL learns a dynamics model of the
world, in principle enabling transfer to arbitrary reward functions through planning.
However, autoregressive model rollouts suffer from compounding error, making
model-based RL ineffective for long-horizon problems. Successor features offer
an alternative by modeling a policy’s long-term state occupancy, reducing policy
evaluation under new rewards to linear regression. Yet, policy optimization with
successor features can be challenging. This work proposes a novel class of models,
i.e., Distributional Successor Features for Zero-Shot Policy Optimization (DiSPOs),
that learn a distribution of successor features of a stationary dataset’s behavior
policy, along with a policy that acts to realize different successor features within
the dataset. By directly modeling long-term outcomes in the dataset, DiSPOs avoid
compounding error while enabling a simple scheme for zero-shot policy optimiza-
tion across reward functions. We present a practical instantiation of DiSPOs using
diffusion models and show their efficacy as a new class of transferable models, both
theoretically and empirically across various simulated robotics problems. Videos
and code are available at https://weirdlabuw.github.io/dispo/.

1 Introduction

Reinforcement learning (RL) agents are ubiquitous in a wide array of applications, from language
modeling [8] to robotics [22, 28]. Traditionally, RL has focused on the single-task setting, learning
behaviors that maximize a specific reward function. However, for practical deployment, RL agents
must be able to generalize across different reward functions within an environment. For example, a
robot deployed in a household setting should not be confined to a single task such as object relocation
but should handle various tasks, objects, initial and target locations, and path preferences.

This work addresses the challenge of developing RL agents that can broadly generalize to any task in
an environment specified by a reward function. To achieve this type of generalization, we consider
the paradigm of pretraining on an offline dataset of transitions and inferring optimal policies for
downstream tasks from observing task-specific rewards. Since the target task is not revealed during
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Figure 1:The transfer setting for DiSPOs. Given an unlabeled of�ine dataset, DiSPOs model both “what can
happen?"p( js) and “how can we achieve a particular outcome?"p(ajs;  ). This is used for quick adaptation
to new downstream tasks without test-time policy optimization.

pretraining, the model must encode information about the environment dynamics without committing
to a particular policy or reward. Moreover, once the task reward is observed, the model must provide a
way to quickly evaluate and improve the policy since different tasks require different optimal policies.

A natural approach to this problem is model-based reinforcement learning [61, 21, 62], which learns
an approximate dynamics model of the environment. Given a downstream reward function, task-
optimal behavior can be obtained by “planning” via model rollouts [50, 58, 39, 45]. Typically, model
rollouts are generated autoregressively, conditioning each step on generation from the previous step.
In practice, however, autoregressive generation suffers fromcompounding error[31, 1, 26], which
arises when small, one-step approximation errors accumulate over long horizons. This leads to
rollout trajectories that diverge from real trajectories, limiting many model-based RL methods to
short-horizon, low-dimensional problems.

An alternative class of algorithms based onsuccessor features(SFs) has emerged as a potential
approach to transferable decision-making [3, 2]. Successor features represent the discounted sum of
features for a given policy. Assuming a linear correspondence between features and rewards, policy
evaluation under new rewards reduces to a simple linear regression problem. Notably, by directly
predicting long-term outcomes, SFs avoid autoregressive rollouts and hence compounding error.
However, the notion of successor features is deeply tied to the choice of a particular policy. This
policy dependence hinders the recovery of optimal policies for various downstream tasks. Current
approaches to circumvent policy dependence either maintain a set of policies and select the best one
during inference [3] or randomly sample reward vectors and make conditional policy improvements
[5, 54, 55]. Nevertheless, a turnkey solution to transfer remains a desirable goal.

In this work, we propose a new class of models—DistributionalSuccessor Features for Zero-Shot
Policy Optimization (DiSPOs)—that are rapidly transferable across reward functions while avoiding
compounding errors. Rather than modeling the successor features under a particular policy, DiSPOs
model thedistribution of successor features under thebehavior policy, effectively encoding all
possible outcomes that appear in the dataset at each state. Crucially, by representing outcomes as
successor features, we enjoy the bene�t of zero-shot outcome evaluation after solving a linear reward
regression problem, without the pitfall of compounding error. In addition to the outcome model,
DiSPOs jointly learn a readout policy that generates an action to accomplish a particular outcome.
Together, these models enable zero-shot policy optimization [55] for arbitrary rewards without further
training: at test time, we simply perform a linear regression, select the best in-distribution outcome,
and query the readout policy for an action to realize it.DiSPOs are a new class of world models as
they essentially capture the dynamics of the world and can be used to plan for optimal actions under
arbitrary rewards, without facing the pitfalls of compounding error.

Since multiple outcomes can follow from a particular state, and multiple actions can be taken to
achieve a particular outcome, both the outcome distribution and the policy require expressive model
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classes to represent. We provide a practical instantiation of DiSPOs using diffusion models [23, 47]
and show that under this parameterization, policy optimization can be cast as a variant of guided
diffusion sampling [13]. We validate the transferability of DiSPOs across a suite of long-horizion
simulated robotics domains and further show that DiSPOs provably converge to “best-in-data” policies.
With DiSPOs, we hope to introduce a new way for the research community to envision transfer in
reinforcement learning, and to think of alternative ways to address the challenges of world modeling.

2 Related Work

Our work has connections to numerous prior work on model-based RL and successor features.

Model-Based RL To enable transfer across rewards, model-based RL learns one-step (or multi-
step) dynamics models via supervised learning and use them for planning [11, 38, 39, 58] or
policy optimization [12, 50, 26, 64, 20]. These methods typically suffer from compounding error,
where autoregressive model rollouts lead to large prediction errors over time [1, 31]. Despite
improvements to model architectures [20, 25, 1, 32, 65] and learning objectives [27], modeling
over long horizons without compounding error remains an open problem. DiSPOs instead directly
model cumulative long-term outcomes in an environment, avoiding autoregressive generation while
remaining transferable.

Successor FeaturesSuccessor features achieve generalization across rewards by modeling the
accumulation of features (as opposed to rewards in model-free RL) [3, 2]. With the assumption that
rewards are linear in features, policy evaluation under new rewards reduces to a linear regression
problem. A key limitation of successor features is their inherent policy dependence, as they are de�ned
as the accumulated features when acting according to a particular policy. This makes extracting
optimal policies for new tasks challenging.

To circumvent this policy dependence, generalized policy improvement [3, 2] maintains a discrete set
of policies and selects the highest valued one to execute at test time, limiting the space of available
policies for new tasks. Universal SF [6] and Forward-Backward Representations [54, 55] randomly
sample reward weightsz and jointly learn successor features and policies conditioned onz. The
challenge lies in achieving coverage over the space of all possible policies through sampling of
z, resulting in potential distribution shifts for new problems. RaMP [9] learns a successor feature
predictor conditioned on an initial state and a sequence of actions. Transfer requires planning by
sampling actions sequences, which becomes quickly intractable over horizon. In contrast, DiSPOs
avoid conditioning on any explicit policy representation by modeling the distribution of all possible
outcomes represented in a dataset, and then selecting actions corresponding to the most desirable
long-term outcome.

Distributional Successor Measure (DSM) [59] is a concurrent work that learns a distribution over
successor representations using tools from distributional RL [4]. Importantly, DSM models the
distributional successor measure of aparticular policy, where the stochasticity stems from the policy
and the dynamics. This makes it suitable for robust policy evaluation but not for transferring to
arbitrary downstream tasks. In contrast, DiSPOs model the distribution of successor feature outcomes
in the dataset (i.e., the behavior policy), where the distribution stems from the range of meaningfully
distinct long-term outcomes. This type of modeling allows DiSPOs to extract optimal behavior
for arbitrary downstream tasks, while DSMs suffer from the same policy dependence that standard
successor feature-based methods do.

3 Preliminaries

We adopt the standard Markov Decision Process (MDP) notation and formalism [24] for an MDP
M = ( S; A ; r; 
; T ; � 0), but restrict our consideration to the class of deterministic MDPs. While
this does not encompass every environment, it does capture a signi�cant set of problems of practical
interest. Hereafter, we refer to a deterministic MDP and ataskinterchangeably. In our setting, we
consider transfer across different tasks that always share the same action spaceA , state spaceS, and
transition dynamicsT : S � A ! S 1 The difference between tasks only lies in having different
state-dependent Markovian reward functionsr : S ! [0; 1].

1For simplicity, we also useT (s; a) to denote the next state.
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Value Functions and Successor FeaturesLet R =
P 1

t =1 
 t � 1r (st ) denote the cumulative reward
for a trajectoryf si ; ai g1

i =1 . One can then de�ne the state value function under policy� asV � (s) :=
E�; T [R j s1 = s], and the state-action value function asQ� (s; a) := E�; T [R j s1 = s; a1 = a]. The
value function admits a temporal structure that allows it to be estimated using dynamic programming,
which iteratively applies the Bellman operator until a �xed point is reachedV � (s) := r (s) +

 E� [V � (s2) j s1 = s]. While these Bellman updates are in the tabular setting, equivalent function
approximator variants (e.g., with neural networks) can be instantiated to minimize a Bellman “error"
with stochastic optimization techniques [37, 19, 36].

Successor features [2] generalize the notion of a value function from task-speci�c rewards to task-
agnostic features. Given a state feature function� : S ! Rd; the successor feature of a policy is
de�ned as � (s) = E�; T

� P 1
t =1 
 t � 1� (si ) j s1 = s

�
. Suppose rewards can be linearly expressed

by the features, i.e. there existsw 2 Rn such thatR(s) = w> � (s); then the value function for the
particular reward can be linearly expressed by the successor featureV � (s) = w>  � (s): Hence,
given the successor feature � of a policy� , we can immediately compute its value under any reward
once the reward weightsw are known. Analogous to value functions, successor features also admit
a recursive Bellman identity � (s) := � (s) + 
 E� [ � (s0)] ; allowing them to be estimated using
dynamic programming [3]. In this paper, we also refer to the discounted sum of features along a
trajectoryas a successor feature. In this sense, a successor feature represents an outcome that is
feasible under the dynamics and can be achieved by some policy.

Diffusion Models DiSPOs rely on expressive generative models to represent the distribution of
successor features. Diffusion models [23, 47] are a class of generative models where data generation
is formulated as an iterative denoising process. Speci�cally, DDPM [23] consists of a forward process
that iteratively adds Gaussian noise to the data, and a corresponding reverse process that iteratively
denoises a unit Gaussian to generate samples from the data distribution. The reverse process leverages
a neural network estimating the score function of each noised distribution, trained with a denoising
score matching objective [49]. In addition, one can sample from the conditional distributionp(xjy)
by adding a guidancer x logp(yjx) to the score function in each sampling step [13]. As we show in
Sec. 4.3, guided diffusion enables quick selection of optimal outcomes from DiSPOs.

Problem settingWe consider a transfer learning scenario with access to an of�ine datasetD =
f (si ; ai ; s0

i )g
N
i =0 of transition tuples collected with some behavior policy� � under dynamicsT . The

goal is to quickly obtain the optimal policy� � for some downstream task, speci�ed in the form of
a reward function or a number of(s; r ) samples. While we cannot hope to extrapolate beyond the
dataset (as is common across problems in of�ine RL [34]), we will aim to �nd the best policywithin
dataset coverage for the downstream task. This is de�ned more precisely in Section 4.2.

4 Distributional Successor Features for Zero-Shot Policy Optimization

We introduce the framework of DiSPOs as a scalable approach to the transfer problem described in
Section 3, with the goal of learning from an unlabeled dataset to quickly adapt to any downstream
task speci�ed by a reward function. We start by relating the technical details behind learning DiSPOs
in Section 4.1, followed by explaining how DiSPOs can be used for ef�cient multi-task transfer in
Section 4.2. Finally, we describe a practical instantiation of DiSPOs in Section 4.3.

4.1 Learning Distributional Successor Features of the Behavior Policy

To transfer and obtain optimal policies across different reward functions, generalist decision-making
agents must model the future in a way that permits the evaluation of new rewardsandnew policies.
To this end, DiSPOs adopt a technique based on off-policy dynamic programming to directly model
the distribution of cumulative future outcomes, without committing to a particular reward function
r (�) or policy � . Fig. 2 illustrates the two components in DiSPOs, and we describe each below.

(1) Outcome model:for a particular a state feature function� (s), DiSPOs model the distribution of
successor featuresp( js) over all paths that have coverage in the dataset. In deterministic MDPs,
each successor feature (discounted sum of features =

P
t 
 t � 1� (st )) can be regarded as an

“outcome". When the state features are chosen such that reward for the desired downstream task is a
linear function of features, i.e., there existsw 2 Rn such thatr (s) = w>  (s) [42, 43, 66, 56, 9, 3],
the value of each outcome can be evaluated asw>  . That is, knowingw effectively transforms the
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distribution of outcomesp( js) into a distribution of task-speci�c values (sum of rewards)p(Rjs).
Notably, sincew can be estimated by regressing rewards from features, distributional evaluation on a
new reward function boils down to a simple linear regression.

As in off-policy RL, the outcome distributionp( js) in DiSPOs can be learned via an approximate
dynamic programming update, which is similar to a distributional Bellman update [4]:

max
�

E(s;a;s 0) �D [logp� (� (s) + 
 s0js)]

s.t  s0 � p� (�js0)
(1)

Intuitively, this update suggests that the distribution of successor featuresp� ( js) at states maximizes
likelihood over current state feature� (s) added to sampled future outcomes s0. This instantiates
a �xed-point procedure, much like a distributional Bellman update. An additional bene�t of the
dynamic programming procedure is trajectory stitching, where combinations of subtrajectories in the
dataset will be represented in the outcome distribution.

(2) Readout policy:Modeling the distribution of future outcomes in an environment is useful only
when it can be realized in terms of actions that accomplish particular outcomes. To do so, DiSPOs
pair the outcome model with a readout policy� (ajs;  ) that actualizes a desired long-term outcome
 into the actiona to be taken at states. Along with the outcome modelp� ( js), the readout policy
� � (ajs;  ) can be optimized via maximum-likelihood estimation:

max
�

E(s;a;s 0) �D [log � � (ajs;  = � (s) + 
 s0)]

s.t  s0 � p� (:js0)
(2)

Figure 2: DiSPOs for a simple environment. Given
a state feature function� , DiSPOs learn a distribution
of all possible long-term outcomes (successor features
 ) in the datasetp( js), along with a readout policy
� (ajs;  ) that takes an actiona to realise starting at
states.

This update states that if an actiona at a states
leads to a next states0, thena should be taken
with high likelihood for outcomes , which are
a combination of the current state feature� (s)
and future outcomes s0 � p� (�js0).

The outcome distributionp( js) can be under-
stood as a natural analogue to a value function,
but with two crucial differences: (1) it represents
the accumulation of not just a single reward func-
tion but an arbitrary feature (with rewards being
linear in this feature space), and (2) it is not
speci�c to any particular policy but represents
the distribution over all cumulative outcomes
covered in the dataset. The �rst point enables
transfer across rewards, while the second en-
ables the selection of optimal actions for new
rewards rather than being restricted to a partic-
ular (potentially suboptimal) policy. Together
with the readout policy� (ajs;  ), these models
satisfy our desiderata for transfer, i.e., that the
value for new tasks can be estimated by simple
linear regression without requiring autoregres-
sive generation, and that optimal actions can be
obtained without additional policy optimization.

4.2 Zero-Shot Policy Optimization with Distributional Successor Features

To synthesize optimal policies for novel downstream reward functions using DiSPOs, two sub-
problems must be solved: (1) inferring the suitable linear reward weightswr for a particular reward
function from a set of(s; r ) tuples and (2) using the inferredwr to select an optimal actiona� at a
states. We discuss each below.

Inferring task-speci�c weights with linear regression. As noted, for any reward functionr (s),
once the linear reward weightswr are known (i.e.,r (s) = wT

r � (s)), the distribution of returns in
the datasetp(Rjs) is known through linearity. However, in most cases, rewards are not provided in
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functional form, makingwr unknown a priori. Instead, given a dataset ofD = f (s; r )g tuples,wr can
be obtained by solving a simple linear regression problemarg minw r

1
jDj

P
(s;r )2D kwT

r  (s) � r k2
2.

Generating task-speci�c policies via distributional evaluation. Given the inferredwr and the
corresponding future return distributionp(Rjs) obtained through linear scaling ofp( js), the optimal
action can be obtained by �nding the with the highest possible future return that has suf�cient
data-support:

 �  arg max
 

wT
r  ; s.t p( js) � �; (3)

where� > 0 is a hyperparameter to ensure suf�cient coverage for . This suggests that the optimal
outcome � is the one that provides the highest future sum of rewardswT

r  � while being valid under
the environment dynamics and dataset coverage.

Figure 3:Zero-shot policy optimization with DiSPOs.
Once a DiSPO is learned, the optimal action can be
obtained by performing reward regression and searching
for the optimal outcome under the dynamics to decode
via the policy.

This optimization problem can be solved in a
number of ways. The most straightforward is via
random shooting [53], which samples a set of 
from p( js) and chooses the one with the high-
estwT

r  : Sec. 5 bases our theoretical analysis
on this technique. Sec. 4.3 shows that for out-
come models instantiated with diffusion models,
the optimization problem can be simpli�ed to
guided diffusion sampling.

Once � has been obtained, the action to exe-
cute in the environment can be acquired via the
readout policy� � (ajs;  � ). Fig. 3 shows the
full policy optimization procedure, and we refer
the reader to Appendix. F for the pseudocode.
As described previously, DiSPOs enable zero-shot transfer to arbitrary new rewards in an environment
without accumulating compounding error or requiring expensive test-time policy optimization. In
this way, they can be considered a new class of models of transition dynamics that avoids the typical
challenges in model-based RL and successor features.

4.3 Practical Instantiation

In this section, we provide a practical instantiation of DiSPOs that is used throughout our experimental
evaluation. The �rst step to instantiate DiSPOs is to choose an expressive state feature that linearly
expresses a broad class of rewards. We choose the state feature� to bed-dimensional random
Fourier features [52]. Next, the model class must account for the multimodal nature of outcomes
and actions since multiple outcomes can follow from a state, and multiple actions can be taken to
realize an outcome. To this end, we parametrize both the outcome modelp( js) and the readout
policy � (ajs;  ) using a conditional diffusion model [23, 47]. We then train these models (optimize
Equation 1, 2) by denoising score matching, a surrogate of maximum likelihood training [48].

Remarkably, whenp( js) is parameterized by a diffusion model, the special structure of the opti-
mization problem in Eq. 3 allows a simple variant of guided diffusion [14, 25] to be used for policy
optimization. In particular, taking the log of both sides of the constraint and recasting the constrained
optimization via the penalty method, we get a penalized objectiveL = wT

r  + � (log p( js) � log � ).
Taking the gradient yields

r  L ( ; � ) = wr + � r  logp( js): (4)

The expression forr  L ( ; � ) is simply the score functionr  logp( js) in standard diffusion
training (Section 3), with the linear weightswr added as a guidance term. Planning then becomes
doing stochastic gradient Langevin dynamics [57] to obtain an optimal � sample, usingr  L ( ; � )
as the gradient. Guided diffusion removes the need for sampling a set of particles. As shown in
Appendix E, it matches the performance of random shooting while taking signi�cantly less inference
time. In Appendix B, we show that the guided diffusion procedure can alternatively be viewed as
taking actions conditioned on a soft optimality variable.
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5 Theoretical Analysis of Distributional Successor Features for Zero-Shot
Policy Optimization

To provide a theoretical understanding of DiSPOs, we conduct an error analysis to connect the error
in estimating the ground truthp0( j s) to the suboptimality of the DiSPO policy, and then study
when the DiSPO policy becomes optimal. We start our analysis conditioning on� > 0 estimation
error in the ground truth outcome distributionp0( j s).

Condition 5.1. We say the learnt outcome distributionp̂ is an� -good approximation if8 s 2 S,
kp̂( j s) � p0( j s)k1 � �:

Since DiSPOs capture the outcome distribution of the behavior policy� � , we need a de�nition to
evaluate a policy� with respect to� � .

De�nition 5.2. We say a state-action pair(s; a) is (�; � � )-good if over the randomness of� � ,
P� � [Q� � (s; a) <

P 1
t =1 
 t � 1r (st ) j s1 = s] � �: Furthermore, if for all states; (s; � (s)) is (�; � � )-

good, then we call� a (�; � � )-good policy.

We proceed to use De�nition 5.2 to characterize the suboptimality of the DiSPO policy. Let� denote
the sampling optimality of the random shooting planner in Sec. 4.2. Speci�cally, we expect to sample
a top� outcome from the behavior policy inO( 1

� ) samples, whereP� � [wT
r  �

P
t 
 t � 1r (st )] � � .

The following result characterizes the suboptimality of the DiSPO policy. The proof is deferred to
Appendix. A.

Theorem 5.3(main theorem). For any MDPM and� -good outcome distribution̂p, the policyb�
given by the random shooting planner with sampling optimality� is a (� + �; � � )-good policy.

From Theorem 5.3, we can obtain the following suboptimality guarantee in terms of the value function
under the Lipschitzness condition. The corollary shows the estimation error inp0( j s) will be

ampli�ed by anO
�

1
1� 


�
multiplicative factor.

Corollary 5.4. If we have� -Lipschitzness near the optimal policy, i.e.,Q� (s; a� ) � Q� (s; a) � ��
when(s; a) is (�; � )-good, the suboptimality of output policy�̂ is V �

0 (s0) � V �̂
0 (s0) � �

1� 
 (� + � ):

Lastly, we extend our main theoretical result to the standard full data coverage condition in the of�ine
RL literature, where the dataset contains all transitions [51, 60, 44]. The following theorem states
that DiSPOs can output the optimal policy in this case. The proof is deferred to Appendix A.

Theorem 5.5. In deterministic MDPs, whenjA �Sj < 1 , and8(s; a) 2 S �A ; N (s; a;T (s; a)) �
1, DiSPOs are guaranteed to identify an optimal policy.

6 Experimental Evaluation

In our experimental evaluation, we aim to answer the following research questions. (1) Can DiSPOs
transfer across tasks without expensive test-time policy optimization? (2) Can DiSPOs avoid the
challenge of compounding error present in model-based RL? (3) Can DiSPOs solve tasks with
arbitrary rewards beyond goal-reaching problems? (4) Can DiSPOs go beyond the of�ine dataset,
and accomplish “trajectory-stitching" to actualize outcomes that combine different subtrajectories?

We answer these questions through a number of experimental results in simulated robotics problems.
We defer detailed descriptions of domains and baselines to Appendix D and C, as well as detailed
ablative analysis to Appendix E.

6.1 Problem Domains and Datasets

Antmaze [15] is a navigation domain that involves controlling a quadruped to reach some designated
goal location. Each task corresponds to reaching a different goal location. We use the D4RL dataset
for pretraining and dense rewards described in Appendix D for adaptation.

Franka Kitchen [15] is a manipulation domain where the goal is to control a Franka arm to interact
with appliances in the kitchen. Each task corresponds to interacting with a set of items. We use the
D4RL dataset for pretraining and standard sparse rewards for adaptation.
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