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Abstract

In reinforcement learning, temporal difference-based algorithms can
be sample-inefficient: for instance, with sparse rewards, no learning
occurs until a reward is observed. This can be remedied by learning
richer objects, such as a model of the environment, or successor states.
Successor states model the expected future state occupancy from any
given state [ , ], and summarize all paths in the envi-
ronment for a given policy. They are related to goal-dependent value
functions, which learn how to reach arbitrary states.

We formally derive the temporal difference algorithm for successor
state and goal-dependent value function learning, either for discrete or
for continuous environments with function approximation. Especially,
we provide finite-variance estimators even in continuous environments,
where the reward for exactly reaching a goal state becomes infinitely
sparse.

Successor states satisfy more than just the Bellman equation: a
backward Bellman operator and a Bellman—Newton (BN) operator
encode path compositionality in the environment. The BN operator is
akin to second-order gradient descent methods, and provides the “true’
update of the value function when acquiring more observations from the
environment, with explicit tabular bounds. In the tabular case and with
infinitesimal learning rates, mixing the usual and backward Bellman
operators provably improves eigenvalues for asymptotic convergence,
and the asymptotic convergence of the BN operator is provably better
than TD, with a rate independent from the environment. However, the
BN method is more complex and less robust to sampling noise.

Finally, a forward-backward (FB) finite-rank parameterization of
successor states enjoys reduced variance and improved samplability,
provides a direct model of the value function, has fully understood
fixed points corresponding to long-range dependencies (but ignores
small-scale dependencies), approximates the BN method, and provides
two canonical representations of states as a byproduct.
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1 Introduction, Overview of Results

The successor state operator of a Markov reward process is an object that
directly encodes the passage from a reward function to the corresponding



value function. In particular, it expresses the value functions of all possible
reward functions for a given, fixed policy.

Goal-dependent value functions are a related object with many similar
properties. They describe the optimal value functions and policies for a
specific set of tasks: typically, for all rewards located at all possible target
states. In this case, the policy depends on the target state.

Here we offer a formal treatment of these objects in both finite and
continuous spaces. We present several learning algorithms and associated
results. In particular, we focus on proper treatment of the infinitely-sparse
reward problem encountered by TD-style approaches in continuous spaces if
the reward is located at a precise state.

Possible advantages of working with these objects include:

e Contrary to TD, learning starts even before any rewards are observed.
Sucessor state learning extracts information from every observed tran-
sition, by learning how to reach every visited state. Subsequent reward
observations provide an instantaneous update to the value function via
the successor state operator.

This learning is done without reward signals, illustrating an “unsuper-
vised reinforcement learning” approach. Successor state lie in between
model-free and model-based reinforcement learning approaches, provid-
ing a representation of the future of a state without having to synthesize
future states or unrolling synthetic trajectories. Algorithmically, they
rely on having two states as inputs rather than generating a state.

e Successor states and goal-dependent values exploit relationships be-
tween how to reach different states. With function approximation,
generalization occurs between different target states. But even in a
tabular setting with no generalization, these objects satisfy more alge-
braic relations than the usual Bellman equation: a backward Bellman
equation and a Bellman—Newton equation, expressing path composi-
tionality in the Markov process (Fig 1). This leads to quantifiable
asymptotic gains.

e Successor states and goal-dependent values can be used to solve several
problems at once, such as learning to reach arbitrary states. Even for
optimizing a single reward, they can be used for auxiliary tasks such
as going to an arbitrary state, which could be useful for exploration,
or to provide good state representations.

For learning value functions dependent on goal states, an obvious approach
is to apply any standard reinforcement learning algorithm, with reward 1
when the visited state is equal to the goal state (e.g., [ ]). But this
breaks down in continuous spaces, as the reward function becomes infinitely
sparse (a random trajectory is never going to reach any predefined goal



exactly). Even in discrete spaces, the reward becomes exponentially sparse
as the number of components increase.

This problem is avoided by a suitable mathematical treatment. The
intuition behind several of our results is the following: If the goal is to
learn how to reach arbitrary states, then this is not a sparse reward problem,
although straightforward TD implementations treat it as such; it is a problem
with rewards everywhere. Approaches such as hindsight experience replay
[ ] attempt to exploit this intuition by resampling goals a posteriori
in an off-policy algorithm, but it is unclear to us how much of the problem
HER solves in continuous spaces. The mathematical treatment here proves
that finite-variance algorithms exist for such problems, even in continuous
spaces.

Overview of results. In a nutshell, successor states summarize all pos-
sible paths in the environment for a given policy (Section 4.3). For finite
spaces, the entries M,y of the successor state matrix describe the expected
discounted time spent in state s’ by a trajectory starting at s | |:
My =E [> 507" Ls,=s |50 = s]. The entry M,y is also the value function at
s if the reward is 1 at s’ and 0 everywhere else. As such, M contains the infor-
mation about reaching every state in the environment, not just those states
providing a reward. For a fixed policy, the value function depends linearly
on the reward: in a finite state space, for any reward function, represented
as a vector R over states, its associated value function is V = M R.

The goal-dependent value function Vg at state s for goal s’ (another
state) is defined as the value function at s of the optimal policy for reaching
a unit reward located at s’. The difference with M,y is now that the policy
depends on s’ instead of being fixed. Learning this object allows for learning
how to reach different goal states. Contrary to My, Vse does not contain
information on how to optimize dense rewards (mixtures of goal states), only
rewards located at a single state. It is also possible to define V' for more
general types of goals rather just a target state, although the goals must be
predefined and mixtures of goals are not possible a posteriori.

The bulk of the text presents theoretically well-motivated algorithms to
learn these objects directly for any two states s,s’. The main contributions
of this text are the following.

e We formally define successor states and goal-dependent value (and
@) functions in general state spaces (Sections 3 and 5), extending
the discrete case of | ]. For continuous states, this involves some
measure theory (Section 3.2), but the intuition is clear from the discrete
case (Section 3.1).

Successor states are always well-defined for a given policy (Theorem 2).
But goal-dependent value functions are generally not unique in con-



tinuous spaces (Section 5.3); still, there exists a canonical solution
(Theorem 14), smaller than all others.

We formally derive the temporal difference (TD) algorithm for successor
state learning, both for discrete spaces, and for continuous spaces with
function approximation (Theorem 6), beyond the tabular setting of
[ ]. A naive application of TD on a state-goal product space, with
reward 1 when the state reaches the goal, degenerates in continuous
spaces: the reward becomes infinitely sparse (it is 0 with probability
1 and oo with probability 0). Instead, the TD estimators we provide
have finite variance (Section 4.1.4, Proposition 8).

Known convergence results for TD extend to this setting: tabular case
with any sampling policy, linear parameterization on-policy, arbitrary
function approximation assuming reversibility of the Markov process
(Section 4.1.5).

Likewise, we formally derive the TD algorithm for goal-dependent @)
and V functions (Section 5), with finite-variance estimators even in
continuous spaces. The goals may be target states, or target values for
some vector-valued function of the states (Section 5.2).

Algorithmically, successor states and goal-dependent values are repre-
sented by function approximators depending on two states (the current
state and a goal state) instead of one. TD learning works in a black-box
environment by sampling from a set of observed transitions s — s’
between states, and sampling goal states (typically from the same
distribution). No reward signal is needed.

Most variants of TD still apply: V' or @ learning, target networks,
multi-step returns... (Appendix A). Notably, Appendix A.6 describes
relative TD to deal directly with a decay factor v = 1 and to reduce
variance for 7 close to 1.

Successor states and goal-dependent values can be used to learn an
optimal policy for a particular reward, or to learn goal-dependent
policies. Many different options are described in Section 8, such as
Q-learning or policy gradient, with several ways to learn the value
function from successor states.

Successor states satisfy more than one Bellman equation: we introduce
backward TD for successor states (Section 4.2, Theorem 9), and the
corresponding parametric update (Theorem 26, Appendix A.4).

Successor states encode all paths in the Markov process for a fixed policy
(Section 4.3). The usual (forward) Bellman equation M = Id +yPM
adds a newly observed transition at the front of all known paths, while
the backward Bellman equation M = Id +yM P extends known paths



by adding newly observed transitions at the back. This backward equa-
tion exists for successor states but not goal-dependent value functions.
In the tabular setting and with small learning rates, combining forward
and backward TD turns out to improve the eigenvalues of the learning
process (Section 9.2).

We introduce “second-order” methods for learning successor states,
which are to TD what Newton-type methods are to first-order gradient
descent (Section 7). In addition to the usual (forward) and the backward
Bellman equations, there is a third Bellman equation satisfied by M,
which leads to the Bellman—Newton operator M <+ 2M — M?4+~MPM
(Section 7.2). It also enjoys a path interpretation, learning by path
concatenation and doubling the length of known paths (Proposition 20).
The forward and backward Bellman operators only increase the length
of known paths by 1 (Appendix C).

Asymptotically and in the small learning rate limit, the Bellman—
Newton operator converges provably faster than TD (Section 9.3),
with an asymptotic rate independent of the environment and policy.
However, in practice this method is less resistant to sample noise:
smaller learning rates are necessary, so the comparison with TD is
less clear. There is also a parametric version of the Bellman—Newton
operator (Theorem 21), but it is numerically fickle.

We also study the estimation of M by direct inversion of Id —yP using
an empirical estimate P of the transition matrix P in a finite state space.
The resulting update of M when adding each new observation is the
same as a Bellman-Newton update with learning rate 1/¢ (Theorems 17
and 18). In finite spaces, we provide an explicit non-asymptotic bound
for the convergence of M and the value function V' based on these
empirical estimates (Theorem 16).

Representing the successor state operator as a dot product F(s1)'B(s2)
between features of the starting state s; and the target state ss has
many nice properties (Section 6). Here, the “forward” and “backward”
feature functions F and B are both learned to approximate M: this
may have independent interest for representation learning.

First, this method provides a direct representation of the value function
without additional learning (Eq. 47).

Second, when learning F' and B by any of the algorithms above, in
expectation the updates factorize between s; and so (Proposition 15).
This allows for variance reduction, and for purely trajectory-wise algo-
rithms which only use the currently observed transition s — s’ without
sampling an additional target state so (Section 6.2), in contrast to the
general form of TD for M.



Third, this representation keeps some properties of the Bellman—Newton
method without its shortcomings; they actually coincide when the
transition matrix of the process is symmetric (Theorem 41).

Finally, the fixed points of TD for this representation can be fully
characterized in the tabular and overparameterized cases (Proposi-
tions 35-39 in Appendix E, and Section 6.2). They are related to
eigenspaces of the transition matrix P. Notably, in the tabular or
overparameterized case, if forward TD is used to learn F' and backward
TD to learn B, then the fixed points are exactly local minimizers of
the error between the F'B model and the true successor state operator
(Proposition 35). In contrast, for ordinary TD on the value function
and a linear model, the fixed points are not minimizers of the error to
the true value function.

Some related work on successor states. The successor state operator
is linked to various existing objects under various names (fundamental matrix,
occupation matrix, successor representations, successor features...). Successor
states have even been identified in the neurosciences | ].

For discount factor v = 1, the successor matrix M is known as the funda-
mental matriz | , , | of a Markov process (up to subtracting
the invariant measure). ! The fundamental matrix encodes many properties
of the Markov chain, such as value functions (] ], as we use here) or
hitting times | |. In a reinforcement learning context, and with v < 1,
this matrix goes back at least to [ ].

Learning successor states by temporal difference is mentioned in | ]
for the tabular case and with linear approximations; the parametric case has
never been derived as far as we know.

In a deep learning context, several recent works have used the related
successor representations | |, e.g., for transfer | , )

) , , |, hierarchical RL | | or explo-
ration | ]-

In particular, the Deep Successor Representation algorithm | ]
approximates successor states by learning a state representation ¢(s) together
with a successor representation m(s) defined as the expected discounted
representation of future states from s: m(s) = E [Y ;597" ¢(s¢)[so = s]. As
¢ =m = 0 is a fixed point of the method, a reconstruction loss must be
used to prevent collapse. Here we directly learn the successor states My for
every pair of states in the original space.

!Namely, in Markov chain theory, the fundamental matrix is defined with an additional
rank-one term which avoids all problems with v = 1 and is analogous to relative T'D. The
case v < 1 is obtained from it | , §5.1.1]. In this introduction, to stay closer to RL
practice, we take v < 1 and define M without this term. The case v = 1 is treated in
Appendix A.6 (relative TD for M).



Successor states provide the value function for every goal state: this is
related to learning multiple RL tasks | , , , ]
which performs joint V- or Q-learning for a set of goals. To some extent, this
makes it possible to reach or transfer to previously unseen goals | ].

Recently, | | proposed an algorithm to learn a model of eligi-
bility traces; we prove in Appendix D that the expected eligibility traces
at each state is proportional to the transpose of the successor state matrix
(“predecessor” states).

Our second-order algorithms in Section 7 are based on an implicit process
estimation approach. Process estimation is also used in [ | to obtain
convergence bounds for the value function in finite MDPs, under a “syn-
chronous” setting (a transition is observed from every state at every step).
They prove that process estimation is minimax-optimal for this setting.

More generally, successor state learning comes in the context of unsuper-
vised RL, in which relevant features of the environment are learned without
the supervision of a reward signal. Many works have suggested that unsu-
pervised RL improves sample efficiency | ]. Notably, this includes
model-based methods | ]. Contrary to the latter, successor state
learning does not require synthesizing accurate future states; to some extent,
a transition model is implicitly learned via a function m(s, s’) that describes
how much s’ lies in the future of s with the current policy.

2 Notation for Markov Reward Processes

We consider a Markov reward process (MRP) M = (S, P,r,v) with state
space S (discrete or continuous), transition probabilities P,y from s to ¢/,
random reward signal 7 at state s, and discount factor 0 <y <1 | ]
We do not assume that the state space S is finite.

In the finite case, Py can be viewed as a matrix. In the general case, for
each s € S, P(s,ds’) is a probability measure on s’ that depends on s. From
now on, we use the notation P(s,ds’) to cover both cases.

A Markov decision process, with a given policy, with actions a € A,
transition probabilities P(s,a,ds’), and policy 7 (s, a), defines two Markov
reward processes: one on states via P(s,ds’) := ", 7(s,a)P(s,a,ds’), and
another on state-action pairs via P((s,a), (ds’,a’)) := P(s,a,ds’) w(s',d’).
(start at (s,a), get s, then choose the next action at s’). Thus, we work on
states and value functions, but all results extend to state-action pairs and @
functions.

2 Formally, we take the setting from [ ]. The state space S is assumed to be a
complete, separable metric space (Polish space), such as a finite or countable space or R".
It is equipped with its Borel o-algebra (the o-algebra generated by all open sets). This
guarantees that integration behaves as expected. P(s,ds’) is assumed to be a Markov
kernel, namely, a measurable map from S to probability measures over S.



For now the policy is fixed: we deal with policy evaluation and successor
states under that policy. Goal-dependent policies are treated in Section 5.
We denote R(s) := E[rs] the expected reward at s. The value function

Vis V(sg) :=E [Zk 'ykrsk] where sg, s1,...,5; is a trajectory starting at sg
sampled from the process. We denote by 1 the vector equal to 1 at the s
coordinate and 0 elsewhere.

Data model. We assume access to observations from the Markov reward
process, such as a fixed dataset of stored transitions, or some sample trajec-
tories. Each observation is a triplet (s, s’,7s) with s’ ~ P(s,ds’) and r4 the
associated reward. Consecutive observations need not be independent. We
denote by p(ds) be the distribution of states s coming from the observations.
We cannot choose the states s: p is unknown and we do not make any
assumptions on it. For instance, if we have access to trajectories from the
process, obtained by some exploration policy, then p would be the law of
states visited under that policy. If we just have a finite dataset of transitions,
p would be the (unknown) law from which this dataset was sampled.

Markov kernels as operators. Interpreting P and the successor state
as operators on functions over S clarifies the statements of the results
below. We follow the standard theory of Markov kernels | , ]
We denote by B(S) the set of bounded measurable functions on S. P acts
on such functions as follows. If f is a function in B(S), Pf is defined as
(Pf)(s) :=Egp(s,dasy [f(s)]. This is compatible with the matrix notation
Pf in the finite case, viewing f as a vector. In the text, we freely identify
Markov kernels with the corresponding operators.

If P, and P, are two such Markov kernel operators, their composition P P,
is again a Markov kernel operator, and coincides with matrix multiplication
in the finite case. In particular, P" represents n steps of P. The identity
operator Id corresponds to always staying in the same state, namely, a
transition operator P(s,ds’) = d5(ds’) with d5 the Dirac measure at s.

We denote A := Id —yP, the discrete Laplace operator of the Markov
process. Finally, if A is an operator acting on functions over S, we denote
its inverse by A~!, if it exists.

Norms. Both P(s,ds’) and the successor state operator M(s,ds’) are
measures on s that depend on s. We will use the following norms on such
objects: if p(ds) is some reference probability measure on S, and M; (s, ds’)
and Ms(s,ds’) are two such objects, we define

||M1 - MQH% = IEsrv,o, s'~p (ml(S, 5,) - m2(57 3,))2 (1)

where my (s, s’) := M;(s,ds’)/p(ds’) is the density of My with respect to p
(if it exists; if not, the norm is infinite), and likewise for M. We will also
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use the total variation norm
[ M1 — M2||p,Tv i=Egp [[Mi(s, ) = Ma(s, )|l py (2)

with ||p1 — p2||py = supgcs [P1(A) — p2(A)| the usual total variation dis-
tance between two measures.

3 The Successor State Operator of a Markov Pro-
cess

As an introduction before defining successor states over general state spaces,
we start with the case of finite state spaces, for which all the objects can be
seen as vectors matrices. This is the case treated in | .

3.1 The Successor State Matrix in a Finite State Space

Informally, for finite state spaces, given two states s; and s in a Markov
process, the successor state matrix M is a matrix whose entry Mj, s, is the
expected discounted time spent at so if starting the process at sp [ ].

My, s, is also the value function at s; if the reward is located at s
(Rs = ls=s,). Thus, columns of M contain the value functions of all single-
target rewards. For a fixed Markov process (e.g., fixed environment and
policy), the value function is a linear function of the reward. Thus, by
linearity, for any reward, the associated value function is V"= M R. Namely,
M contains information about the value function of every reward.

We gather several equivalent definitions of the matrix M in the following
Proposition. Since this is a particular case of the more general results below,
we do not include a proof.

PROPOSITION 1 (SUCCESSOR STATE MATRIX OF A FINITE MARKOV
PROCESS). Consider a Markov process on a finite state space, with transition
matrix P. The following definitions of the successor state matrix M are
equivalent:

1. M is the inverse of the Laplace operator A = 1d —vP,

M =(Id—yP)~'=> " 4"P" (3)

n=0

2. M is the matrix that transforms a reward function into the correspond-
ing value function: for any reward function R, the associated value
function is

V =MR. (4)

3. For each state s, the column s of the matrix M represents the value
function of a Markov reward process whose reward is 1 when at state
s and 0 everywhere else (R = 15).

11



4. M is the unique fixed point of the Bellman operator
M+ Id—~vPM (5)
or equivalently of the backward Bellman operator

M « Id —yMP. (6)

5. For each state s, the row s of the matrix M represents the expected
occupation time at each state, for trajectories starting at s, with
discounting y:

M,y = nytIP’(st = 5|sg = s) (7)
=0
where sq, ..., S; is a random trajectory in the Markov process.

6. The entry ss’ of the matrix M, is the number of paths from s to s,
weighted by their probability in the process, and with decay v according
to their length:

n

Mss’ = Z Z ’ynHP(Sﬂsifl). (8)

p=(8081..-n) =1
path from
so =5 to sy, =s'

3.2 The Successor State Operator in a General State Space

M 1is also well-defined in general state spaces, using the Markov process
formalism of Section 2, as follows. This extends | | to arbitrary S. (All
proofs are given in the Appendix.)

THEOREM 2. The successor state operator M of a Markov reward process
is defined as

M = nynPn7 M(Sl,dsz) = ZV”Pn(SladSQ)' (9)

n=0 n=0

where PY := Id. Thus, for each s1, M (sy,dss) is a measure on sz, with total

mass % .
-

Then M is a well-defined operator over the set B(S) of bounded measur-
able functions on §. Moreover,
M = (Id —yP)™! (10)
as operators over B(S), and

and V=MR (11)

for any reward function R. (Note that M does not depend on R.)
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M can be interpreted as paths in the Markov process: M (s1,dss) repre-
sents the number of paths from s; to sg, weighted by their probability and
discounted by their length. This will be relevant to compare the algorithms
below. Indeed, in the finite-state case and using matrix notation, P, is the
probability to go from s to s’ in n steps; therefore

Mg = Z ’}/n(Pn)ss’ = Z ol Z Psysy -+ Ps,, s, (12)

n=0 n=0 8=80,81,++ySn—1,5n=5"

_ Z ,y\pl P(p) (13)

p path from s to s’

where, if p = (s0, ..., $n) is a path, P(p) = Psys, - - - Ps,,_,s, is its probability
and |p| = n its length. The same holds with integrals instead of sums in
continuous spaces.

Yet another interpretation of M is via expected eligibility traces: indeed,
when visiting a state s, the expectation of the eligibility trace vector (ey ) is
directly related to My. The details are given in Appendix D; see also the
discussion of “predecessor features” in | ].

Successor states and successor representations. Given a function ¢
over the state space S, the expectation of the cumulated, discounted future
values of ¢ given the starting point sy of a trajectory (s;) is

E > velse)| =D 7" (P'e)(s0) = (Mp)(so)- (14)

>0 >0

Thus, the successor representation (e.g., in the sense of | ]) of a state
s is obtained by applying M to some user-chosen function (.

Representing and learning the successor state operator. With con-
tinuous states, M cannot be represented as a matrix. Instead, we will learn
a function of a pair of states. Namely, we will learn a parametric model of
M via its density with respect to the data distribution p over states (this
choice makes every algorithm samplable from the data). We present two
versions of this. The first version represents M as

M (s1,ds2) = mg(s1,s2)p(dss2) (15)
and the second version as
M (s1,dsg) = dg, (ds2) + mg(s1, s2)p(dss2) (16)

where g, is the Dirac measure at s, and where my and my are functions
over pairs of states, depending smoothly on some parameter #. We will derive
well-principled algorithms to learn the functions m(si, s2) and m(s, sg) from

13



observations of the Markov process. The data distribution p is unknown, but
all algorithms below only require the ability to sample states from p, which
we can do by definition since p is the distribution of states in the dataset.
These two models correspond, respectively, to

V(s1) = Esynplimg(s1, s2) R(s2)] (17)

and
V(s1) = R(s1) + Egynp[mo(s1, s2) R(s2)]. (18)

The first version is simpler. The motivation for the second version is as
follows. In continous spaces, M has a singular part, corresponding to the
immediate reward in V', and to the term Id in the series for M: for each si,
the measure M (s1, -) comprises a Dirac mass at 1. In continuous spaces, this
singular part cannot be represented as m(s1, s2)p(ds2) for a smooth function
m. But since this singular part Js, is known, we can just parameterize and
learn the absolutely continuous part m(si, s2). Thus, the second version
may represent M exactly (at least if P is smooth), while in general the first
version cannot. Still, the first version may provide useful approximations.

The function mg(s1, s2) can be interpreted as a (directed) similarity
measure between s; and so, coming from the structure of the Markov process.

In this text, we define several algorithms for learning myg: the exten-
sion of temporal difference (TD) to successor states (Section 4.1); back-
ward TD for successor states (Section 4.2); and second-order-type meth-
ods (Section 7). The matrix-factorized forward-backward parameterization
mg(s1,s2) = Fy(s1)"By(s2) has many additional properties and is treated in
Section 6.

A learned model of M can be used in several ways:

e M may be used to improve learning for a given reward. For instance,
with a sparse reward located at a known target state Siar, then V(s) =
M (s,dstar). In that case, learning M directly provides the value
function, while ordinary TD would not work because of the sparse
reward. With dense rewards, M can be used in the learning of the
value function (Section 8).

e Objects similar to M may be used to learn goal-dependent policies,
such as learning how to reach any arbitrary state. This does not cover
dense rewards, but extends to reaching states with arbitrary values for
some features. This is covered in Section 5.

Section 8 gives more details about the ways to use M to learn value
functions and policies.
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4 TD Algorithms for Deep Successor State Learn-
ing

4.1 The (Forward) TD Algorithm for Successor States
4.1.1 The Forward Bellman Equation

THEOREM 3 (BELLMAN EQUATION FOR SUCCESSOR STATES). The
successor state operator M is the only operator which satisfies the Bellman
equation M =1d+~vPM.

This Bellman equation makes sense, as operators, on any state space,
discrete or continuous. In finite spaces, each column of the matrix M
contains the value function for a reward located at a specific target state, and
the Bellman equation for M is just the collection of the standard Bellman
equations for every target state; the Id term is the reward for reaching state
s when the target is s.

This Bellman operator on M has the same contractivity properties as
the usual Bellman operator.

PROPOSITION 4 (CONTRACTIVITY OF THE BELLMAN OPERATOR
ON M). Equip the space of functions B(S) with the sup norm | f|| =
supsegs | f(s)|. Equip the space of bounded linear operators from B(S) to
B(8) with the operator norm || M|, := supreps), f2£0 1M flloo / | fll so-

Then the Bellman operator M — 1Id +vyPM is y-contracting for this
norm.

Consequently, for any learning rate n < 1, iterated application of the
Bellman operator M <+ (1 — n)M + n(Id +yPM) converges to the successor
state operator.

4.1.2 Forward TD for Successor States: Tabular Case

Given that the Bellman equation on M is a collection of ordinary Bellman
equations for every target state, an obvious algorithm to learn M in finite
state spaces is to perform ordinary TD in parallel for all these single-state
rewards, as in | |. Let star be some target state and consider the
reward 1,, .. Upon observing a transition s — s, ordinary TD for this
reward updates V by Vs < Vs + ndV;, where 7 is some learning rate and
Vs = Ls=sar + YV (8') — V(s). Performing TD in parallel for every column
of M with target state sta, is equivalent to the following | ].

DEFINITION 5 (TABULAR TEMPORAL DIFFERENCE FOR SUCCESSOR
STATES). The TD algorithm for M, in a finite state space, maintains M as
a matrix. Upon observing a transition s — s’ in the Markov process, M is
updated by M < M + ndM where 7 is a learning rate and M has entries

5M882 = lg=s, + 7M5’82 - M582 Vsg (19)
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In the tabular case and with deterministic rewards, learning M via TD,
then estimating V' via the matrix product V = MR, is equivalent to directly
learning V' via tabular TD (Appendix A.3): tabular TD on M treats all
target states so as independent learning problems, and no learning gain is
achieved.

However, this equivalence does not hold with function approximation,
which introduces generalization between states. Since any target state is
reached with zero probability, applying parametric TD naively in parallel for
every target state would always provide reward 0 in continuous environments.
The parametric TD updates we present below are not equivalent to this naive
TD: they have the same expectation but avoid the zero-reward problem.

4.1.3 Forward TD for Successor States: Function Approximation

In continuous environments, it is not possible to store M as a matrix. But
we can maintain a model my of the density of M, as explained in Section 3.2.
As in usual parametric TD, we learn 6 by defining an “ideal” update given
by the Bellman equation, and update 6 so that M gets closer to it.

THEOREM 6 (TD FOR SUCCESSOR STATES WITH FUNCTION AP-
PROXIMATION). Maintain a parametric model of M as in Eq. 16 via
My, (s1,ds2) = 0s,(ds2) + mg,(s1,s2)p(ds2), with 6; the value of the pa-
rameter at step t, and with mg some smooth family of functions over pairs
of states.

Define a target update of M via the Bellman equation, M** := Id +~P My, .
Define the loss between M and M via J(0) := || My — MtarHi using the
norm (1). Then the gradient step on 6 to reduce this loss is

- aHJ(H)W:Gt = IEsw,o7 s'~P(s,ds’), sa~p [’Y aﬁmat (Sa S/)
+ 89m9t (Sv 52) (’)/’I?’Lgt(sl, 52) — Mg, (87 52))} . (20)

For the model variant in Eq. 15, My, (s1,ds2) = my,(s1,s2)p(ds2), the
gradient step on 6 to reduce the loss J(0) is

- 69‘](9)|0:9t = IEsrvp, s'~P(s,ds’), sa~p [anGt (57 5)
+ Oping, (s, 52) (y11g, (8", 52) — g, (s, 52))] . (21)

This gradient step is “samplable”. Namely, we can define a stochastic
update @T\D with expectation (20): sample a transition s — s’ from the
dataset of transitions, and another independent “destination” state so from
the dataset, then set

@T\D = v pmy(s, s') + Ogmy(s, s2) (yme(s', s2) — me(s, 52)) (22)

or likewise for m (only the first term is different).
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This algorithm uses a transition s — s’ and one additional random state
9, independent from s and s’. The Bellman-Newton update (Section 7.3)
will use two additional random states s; and s2 (but no additional transition).
The law of sy is p, which means so is just another state sampled from the
dataset. For instance, if the dataset consists of a sampled trajectory trajectory
(8¢)t>0, when observing a transition s; — s;+1, additional independent state
samples can be obtained by using states sy at times ¢ independent from
t (such as a random t' < ). This requires maintaining a replay buffer of
observed states.

Several variants avoid having to sample sy independently from s — 5.
In the FB representation of M (Section 6), the expectation over sg can be
estimated online using just the observed transition s — s’, with no additional
state. Appendix G also describes the possibility of using a “cheap” source
for the additional states s9 instead of actual states, as long as the transitions
s — s’ come from the true process. Finally, Theorem 13 makes it possible
to use a joint rather than independent distribution for s and s (such as
choosing a target state sp and following an ss-dependent policy for some
time).

4.1.4 Infinitely Sparse Rewards and Forward TD vs TD on State-
Goal Pairs

Why don’t the Dirac rewards show up in the parametric TD algorithm of
Theorem 67 Why don’t the rewards become infinitely sparse with continuous
states?

The tabular TD algorithm (19) for M features a sparse reward 1s_s,.
Why don’t these sparse rewards vanish completely in the continuous state
limit, where an equality of states never occurs? This is simply because we
know exactly when these terms make a contribution: namely, we know we can
just take so = s. In the continuous case, with a model m(s, s2), the sparse
reward is a Dirac d5(ds2), and it shows up in TD as a term dgmn (s, s2)ds(ds2).
When integrated over ss, this term is just dpm(s, s). Thus the contribution
from the infinitely sparse Dirac term is actually finite and nonzero.

Intuitively, we are solving RL problems with an infinity of infinitely sparse
target states so. But at every time step, when we visit state s, we know that
we just visited the target state so = s: every step brings a reward. This
knowledge is exploited in the expressions we give for TD, resulting in a finite
contribution v dgmy, (s, s’) in (20).

Algorithmically, it is quite important to use this. In algorithms that
sample a target state sy fully independently from s (such as picking a random
goal g in | ]), the contribution from the reward 1,—g, is sometimes
nonzero in the tabular case, but gets infinitely sparse and eventually vanishes
in the continuous case. We provide more details in Section 4.1.4 (see also
Section 5 for a discussion of state-goal resampling strategies such as hindsight
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experience replay | D).

On the other hand, successor states learned via Theorem 6 can in principle
learn an infinite number of infinitely sparse rewards, with every transition
being informative.

The state-goal process. In expectation, one can view forward TD for M
as ordinary TD on the space of pairs (s, s2), as follows. For the tabular case
this holds without expectations, but for the parametric case, this equivalence
holds only in expectation: ordinary parametric TD on pairs (s, s3) would
have infinite variance on continuous spaces due to the Dirac reward d5(ds2),
but the successor state update in Theorem 6 avoids this infinite variance, as
discussed above.

In the tabular case, the equivalence is a direct consequence of the Defini-
tion 5 for tabular forward TD on M.

PROPOSITION 7 (TABULAR FORWARD TD ON M AS ORDINARY TD
ON STATE-GOAL PAIRS). Let P be the transition matrix of the Markov
process on state space S. We call state-goal Markov process the Markov
process on S x S whose transition matrix is P ® Id, namely (s, s2) goes to
(s',s2) with s’ ~ P(ds'|s).

Let S be discrete. Then tabular TD for successor states on S (Definition 5)
is equivalent to ordinary tabular TD on the value function of the state-goal
process for the reward function R(s,s2) = ls—s,.

The parametric case is handled as follows. In discrete or continuous
state spaces, the successor state operator M (s,dss) satisfies the Bellman
equation M (s,dsz) = ds(ds2) + YEyp(as|s)M (', ds2) as measures over sa.
Consider the parameterization (15), M(s,ds2) = my(s,s2)p(ds2) where
mg is some parametric function (the parameterization (16) with my is
similar). The Bellman equation rewrites as mg(s, s2)p(ds2) = ds(ds2) +
YE g~ p(ds|s)6(s, s2)p(dse). If S'is discrete, the ratio of measures J(dsz)/p(ds2)
is an ordinary function and we can rewrite the successor state Bellman equa-

tion as
0s(ds2)

p(dsz)

This is the Bellman equation over state-goal pairs (s, s2) for the reward
function R(s, s2) := ds(ds2)/p(ds2) and transition matrix P®Id. It is similar
to goal-dependent value functions (as in, e.g., | 1), up to the 1/p(ds2)
factor necessary to turn measures into functions. Parametric TD using
this equation is just the average of parametric TD for the individual value
functions associated to each goal ss.

Naive TD on this state-goal Bellman equation does not behave well due
to the sparse reward d5(ds2): most pairs have reward 0 and this induces high
variance. In continuous spaces, TD on this equation degenerates: the reward

me(s, s2) = + YEgpas|s)ma(s, 52)- (23)
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is 0 with probability 1 but its variance is infinite due to the infinite Dirac
function d5(ds2)/p(dss). However, the expected TD update can be computed
algebraically and results in the finite-variance update for successor states.
Thus we have the following result.

PrROPOSITION 8 (PARAMETRIC TD ON M AS FINITE-VARIANCE
VERSION OF PARAMETRIC TD ON GOAL-STATE PAIRS). Let the state
space S be discrete. Then the Bellman equation M = Id +yPM for successor
states is equivalent to the ordinary Bellman equation (23) for the state-goal
process on pairs (s, s3) with reward function R(s, s2) := ds(ds2)/p(ds2).

Moreover, in expectation over state-goal samples (s,s2) ~ p ® p, the
ordinary parametric TD update for the Bellman equation (23) of the state-
goal process is equal to the parametric T'D update for successor states from
Theorem 6, both for the parameterizations mg and myg.

Let the state space S be continuous, with p covering the whole space.
Then ordinary parametric TD for the Bellman equation (23) on the state-
goal process is undefined: the reward term is O with probability 1 but has
infinite variance. On the other hand, its expectation is well-defined, and the
parametric TD update for successor states from Theorem 6 has the same
expectation but finite variance (for smooth and bounded my).

4.1.5 Convergence properties for TD on successor states

Forward TD for M converges in the same conditions as ordinary TD for the
value function. This is obtained by viewing forward TD for M as ordinary
TD on the space of pairs (s, s2), as in Section 4.1.4. Thus, interpreting TD
for successor states as TD on the state-goal process immediately transfers
existing convergence results for ordinary TD to successor states.

We consider three such results: convergence of tabular TD, convergence
of TD on-policy with a linear parameterization, and convergence of TD on-
policy for any parameterization if the random walk is reversible. In each case,
we refer to the original works for additional technical conditions (learning
rates, smoothness...)

e In the tabular case, forward TD on M (Definition 5) converges, with
pairs (s, s2) sampled at each step from essentially any selection scheme
(stochastic or deterministic) that ensures every pair is selected infinitely
often, and with suitable learning rates [ ]

e TD with linear parameterization on discrete spaces is known to converge
on-policy [ ], namely, with states sampled according to a steady-
state distribution of the Markov process (assumed to be nonzero on
every state). For successor states this translates to the following.
Assume S is discrete and the successor state operator is parameterized
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as
(s,dsg) ~ ZHZ vi(s, s2)p(dsa) (24)

or equivalently myg(s, s2) = >, 0; vi(s, s2), where 8 = (61, ...,0;) is the
parameter to be learned, and ¢1, ..., ¢ are fixed functions. Assume p
is a positive steady-state distribution of the Markov operator P, and
let py be any positive distribution over S. Then p ® p2 is a steady-
state distribution of the Markov operator P ® Id over state-goals, and
parametric TD for the Bellman equation (23) with pairs (s, s2) sampled
from p ® po2, is convergent for suitable learning rates. This also covers
the parametric update in Theorem 6, which has the same expectation
by Proposition 8.

For TD with arbitrary parametric families, convergence is known
assuming that the Markov operator P is reversible, namely, that p is
its steady-state distribution and further satisfies the detailed balance
condition p(ds)P(ds’|s) = p(ds’)P(ds|s’), in other words, steady-state
flows from state s to s’ and s’ to s are equal. Then, parametric TD is
a stochastic gradient descent of a global loss between the approximate
and true value function [ ]. This result extends to MDPs which are
“reversible enough” | |. Applying the result of | ] to successor
states via the state-goal process yields the following. Assume that
the space S is finite and that the Markov operator P is reversible.
Let g be any smooth parametric model for successor states. Let m*
be the true value, namely, let the true successor state operator be
M (s, s9) = m*(s, s2)p(dsa). Define the loss function

((0) := (1 =) [[mg —m”||

~ ~ %2
p®p+fYHm9 _m*HDir (25)

where || f|| = Esp, sopf (8, 52)% and the Dirichlet norm is

pSp

1
||f||D1r = SNp, sarvp, s ~P(ds’|s)(f(5/7 s2) — f(s, 52))2' (26)

Then the parametric TD step for M (Theorem 6) is equal to the gradient
of this loss, —29y¢(0). (This is a global loss between the parametric
model and the true value m*, contrary to the loss in Theorem 6 which
uses a loss with respect to the right-hand-side of the Bellman equation,
which depends on the current estimate.)

Thus, in the reversible case with p the stationary distribution, para-
metric TD for M converges to a local minimum of the global loss (25),
under the general conditions for convergence of stochastic gradient
descent.
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4.1.6 Variants of Forward TD: Target Networks, Multi-Step Re-
turns, v = 1, Using Features as Targets...

The variants of TD used in practice also exist for successor states.

In Appendix A we provide the parametric updates for two variants:
using a target network (namely, performing several gradient steps toward
Id +yPM*™ without updating M), and using multi-step returns.

Appendix A.6 describes relative T'D for successor states: this makes it
possible to deal directly with v = 1 and to reduce variance for « close to 1.

Appendix G deals with using different probability distributions for s and
s9 (e.g., using synthetic states for so to have more samples), and using a
different reference measure for the parameterization of M (e.g., representing
M by its density with respect to the uniform measure rather than the
unknown distribution p in (16) and (15)).

Appendix A.5 mentions situations where the reward is known to depend
only on some features ¢(s) of the state s (such as a subset of coordinates
of s). A typical example would be a specific target value for ¢(s). In that
case, it is enough to learn the successor state operator M (s,dg) with the
second argument in the space of features, g = ¢(s). Then M(s,dg) directly
provides the value function of the problem with a reward when ¢(s) is equal
to g. It can be used to express the value function of any reward that depends
only on g. The forward TD updates for M (s,dg) are similar to the case of
M(s,dss).

4.2 Backward TD for Successor States

THEOREM 9. The successor state operator M is the only operator which
satisfies the backward Bellman equation, M = Id +vM P.

This equation has no analogue on V. It is similar to an update of expected
eligibility traces (see Appendix D). The resulting operator has the same
contractivity properties as the usual (forward) Bellman operator.

PROPOSITION 10 (CONTRACTIVITY OF THE BACKWARD BELLMAN

OPERATOR ON M). Equip the space of functions B(S) with the sup norm

| fllo = supses | f(s)|. Equip the space of bounded linear operators from

B(S) to B(S) with the operator norm || M|, := supsep(s), f0 1M flloo / || fll -
Then the backward Bellman operator M +— Id +yM P is «y-contracting

for this norm.

The corresponding parametric update to bring M closer to Id +yM P,
similar to Theorem 6, is

(@E =y Ogmy(s, s') + mg(s1,s) (v Ogme(s1,s") — Dgme(s1, 5)) (27)

for the model (32) using my, and

(% = (997719(8, S) + ﬁl@(sl, S) ('y 897’77,9(81, S/) — 897719(81, S)) (28)
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for the model (33) using my. Here a transition s — s’ and another, inde-
pendent state s; are both sampled from the dataset. A precise statement is
given in Theorem 26 (Appendix A.4).

Backward TD for M is not structurally different from forward TD: it
corresponds to forward TD for the “time-reversed” Markov process (Ap-
pendix D). But since states are typically observed in a time-ordered sequence,
this might produce a difference. In general, the backward TD update (27)
does not look like a time-reversal of the forward TD update (37): (27) in-
volves Bellman gaps of gradients dm while (37) involves Bellman gaps of
m. This difference is superficial and disappears in expectation under the
stationary distribution: if we assume that p is the stationary distribution of
the process, then (27) is equal in expectation to

v Ogmy(s, s') + gmg(s1,s") (yme(s1,s) — mo(s1, ")) (29)

which looks more like a time-reversal of the forward TD update (37), with
(time-reversed) Bellman gaps of m. 3

Moreover, contrary to forward TD, learning M by backward TD then
setting V = M R is not equivalent to learning V' via TD in the tabular case.

Mixing forward and backward TD can change the learning of M in
various ways. In the tabular case and in the infinitesimal learning rate
limit, such mixing substantially reduces the dimension of the subspace of
M where convergence is slowest (Section 9.2). With the matrix-factorized
parameterization of Section 6, using forward, or backward TD, or a mixture
of the two, provides approximations of M using slightly different criteria
(Appendix E).

There is no version of backward TD for the goal-dependent optimal @
function of Section 5.1. Performing a random step on the goal state does
not commute with optimizing an action depending on the goal state. With a
fixed policy, backward TD is forward TD on a time-reversed Markov process,
but when choosing actions, time reversal is not possible: in the expectimax
problem (45), each action choice may depend both on previous actions and
on the goal state, and reversing time is not possible. Similarly, there is no
backward TD for the target-feature version of Section A.5, as the features
do not generally contain full information about the next transition and the
future features.
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Figure 1: Combining paths: forward TD, backward TD, and path composition
(Bellman—Newton).

4.3 Path Combinatorics Interpretation: Incorporating Newly
Observed Transitions

The difference between forward and backward TD for M is best understood
in the path viewpoint on M (Eq. 12). Indeed, the current estimate of My, s,
contains a current estimation on the number of paths from s; to so, weighted
by their estimated probabilities in the Markov process. TD replaces M with
PM, and adds Id, which represents the trivial paths from s to s. Backward
TD uses M P instead. In both cases, the operator P is sampled via an
observed transition s — s’. Thus, PM builds new known paths by taking
all paths contained in M and adding the transition s — s’ at the front of
each path, while M P adds the transition s — s’ at the back of each path
in M (Fig. 1). Forward TD reasons at fixed target states (rewards) | 1,
while backward TD reasons at fixed starting points.

Thus, TD and backward TD on M differ in how they learn new paths
from known paths when each new transition is observed. Arguably, both are
reasonable ways to update a mental model of paths in an environment when
discovering new transitions (e.g., if a new street s — s’ opens in a city).

There is a third way to build new paths when observing a new transition
s — s': take all known paths to s, all known paths from s’, and insert s — s’
in the middle (Fig. 1). This exploits path concatenation, roughly doubling
the length of known paths. This operation is involved in the way that M
actually changes when the process is changed by increasing P(s,ds’) (the
way possible paths actually change when a new street opens). This is the
basis of the “second-order” algorithms we present for M in Section 7.

3The difference between (29) and (27) just lies in shifting terms around along a trajectory
s s — s — ...: in one case, the term mg(s1,s )0eme(s1,s’) is grouped with the
previous transition s — s, in the other case, with the next transition s’ — s’/. Thus the
difference is minor if working online along trajectories, but (27) is valid even if p is not the
stationary distribution.
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5 Multiple Policies: Goal-Dependent () and V func-
tions

The principles above can be used to learning goal-dependent policies and
a goal-dependent value or () function, just by letting the policy be goal-
dependent in the results above. This option only covers rewards located
at a given target state, not dense rewards; it can also cover target features
of states rather than a fully specified target state (Section 5.2), namely,
having target values for some function ¢ of the state. A first application is
to learn all optimal policies to reach any goal state so, either via QQ-learning
(Section 5.1) or V-learning (Section 5.2).

This approach partially solves the well-known sparse reward problem in
goal-dependent learning. For instance, let us consider the goal-dependent
value function V (s, dsg): for every target state so, it solves the sa-dependent
Bellman equation

V(S, dSQ) = 65((182) + ’yEs’NP(ds’\s,SQ)V(S/a dSQ) (30)

with reward when s = sy, and so-dependent policy P(ds’|s,s2). (In the
continuous case, the goal-dependent value function is a measure on so,
because the probability to exactly reach a state is usually 0. We will learn
its density with respect to a reference measure.)

Using TD directly on this equation leads to sparse reward problems: in
continuous state spaces, a reward is never observed (and rarely observed in
large discrete spaces).

However, the contribution of the reward d5(dss) to the TD update can
be computed exactly in expectation. The resulting update does not involve
sparse rewards anymore: every transition is informative because it shows
how to reach the currently visited state (as discussed in Section 4.1.3). This
update is the same as with successor states: the update for 7 in Theorem 6
can be directly used to train goal-dependent policies by seeing m(s, s2) as
the value function at s when the goal state is sy (see the example after
Theorem 13).

Existing workarounds for this sparse reward issue include strategies for
resampling state-goal pairs that more frequently lead to nonzero rewards,
such as Hindsight Experience Replay (HER) | ], which works with any
@-learning method, assuming knowledge of the reward function associated
to each goal. It is not clear to us whether HER actually solves the infinitely-
sparse-reward issue or not. * The results described here are not mutually
exclusive with using HER: HER is a sampling strategy for transitions in

4For instance, with noisy dynamics in a continuous space, the probability to reach a
state exactly is always 0, so if the reward is 1 when reaching the state, the Q-function
computed by HER would be 0. Here we have used infinite (Dirac) rewards when reaching
a goal: this leads to a well-defined, nonzero @ function, but rescaling the reward by an
infinite factor would result in infinite HER updates. On the other hand, in some non-noisy
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the training set, which can be used with any ()-learning method, such as
those presented here; so in principle HER could be used as the state-goal
distribution pgg for @Q-learning in Theorem 13.

We start with learning the optimal @ function for every target state
(Section 5.1). We first describe the precise meaning of goal-dependent Bellman
equations such as (30), and present the resulting parametric update.

Next we turn to a more general statement involving either the V or
@ function, and target features instead of target states (Section 5.2). We
discuss three use cases: Q-learning with any goal feature function, V-learning
conditioned to goal states, and V-learning conditioned to goal features, which
presents some subtleties. The goal-dependent V' function can be used to
train goal-dependent policies by any policy gradient method.

In Section 5.3 we provide mathematical details for the existence and
uniqueness of goal-dependent Bellman equations, in the case of the () function.
Having to work with measures of potentially infinite mass results in non-
uniqueness of the solution, but there is still a “natural” solution, equal both
to the smallest solution and to the limit of the finite-horizon solution.

5.1 The Optimal @Q-function for Every Goal State

Several works have attempted to learn optimal @) functions indexed by an
additional “goal” which encodes a variable reward. The simplest case is when
the reward is located at a single goal state g. Computing the @ function
Q(s,a,qg) for every goal state g fully solves the navigation problem in an
environment, although this function does not provide the optimal policies
for “mixed” rewards, only for single-state rewards.

The viewpoint presented here allows for a more principled approach to
this object @Q); notably, it can avoid the sparse reward problem of algorithms
that sample a state s and a goal state g independently, with reward 1,—,.
This is avoided thanks to the direct algebraic treatment of Diracs or sparse
rewards discussed above.

So far, the successor state operator was defined for a given, fixed policy.
The goal-dependent @ function uses a different (optimal) policy for every
goal. It can be defined through the optimal Bellman operator.

DEFINITION 11 (OPTIMAL BELLMAN OPERATOR FOR SUCCESSOR
STATES). Let Q(s,a,dsy) be a measure on se depending on a state-action
pair (s,a). Define the optimal Bellman operator T via

(TQ)(S7 a, ds?) = 5$(d82) + WES’NP(S’\s,a) Sulp Q(sla alv ds?)' (31)

continuous MDPs with continuous actions, it is possible to reach a state exactly, and in
that instance HER would work without modification. This point needs more investigation.
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In the discrete case, this is just the usual optimal Bellman opera-
tor in parallel for every goal state so, namely, (TQ)(s,a,s2) = ls—s, +
YEgp(s/|s,0) Maxa Q(s', a’, 52). In the continuous case, for each state-action
(s,a), Q(s,a,-) is a measure over the state space, and the supremum sup, Q(s’,a’, dss)
is a supremum of measures over so. °

In the discrete case, a fixed point exists by standard contractivity argu-
ments; however, with continuous states, the situation is tricky, see Section 5.3.
In particular, with continuous states the measure ) may have either finite
or infinite mass; intuitively, the total mass of () indicates how many distinct
policies we can follow to reach different states. The total mass of Q(s,a)
is the total number of distinct points that can be reached from (s,a) by
taking different action sequences, weighted by the probability and discounted
by time. In contrast, the successor state operator of a single fixed policy
(Sections 3-4) always has total mass > ! = ﬁ: there is no choice of actions
so the total probability of states is 1 at each time step.

To see this, consider two extreme examples. In the first, the environment
just ignores every action and sends the agent to a random uniform state at
each time step. Then for any (s,a), Q(s,a,ds2) is d5(ds2) + 75 ds2, with

1

total mass T In the second example, for every state we have an action

that sends us directly to that state. Then Q(s,a,ds2) is a measure for which
every single state so # s has mass ﬁ, and the total mass of Q(s,a,-) is
infinite. This can be arranged even with finite action spaces: generally, at
horizon ¢ the mass may be as large as v!(#A)! if every action sequence
leads to a different part of the state (examples in Appendix B.4). In the
fixed-policy case, the mass at horizon t was always +* and the total mass

was always finite.

Parametric goal-dependent ()-learning. Let us consider parametric
models for ). As before, we consider two models given by

Qo(s,a,dsz2) := d5(ds2) + qo(s, a, s2)p(ds2) (32)
and
Qo(s,a,ds2) := Go(s,a, s2)p(ds2) (33)
respectively, and we will learn gy and gy. For instance, up to the factor p,
the models in | ] correspond to Gy(s,a,s2) = h(pg(s,a),Yy(sz2)). ©

°In general, the supremum of k measures j1,. ..,y is defined as follows: for every
measurable set A, (sup; p1i)(A) := supp,) > p#i(Bi) where the supremum is taken over all
partitions of A = By U By Ul -+ - U By, into disjoint measurable sets (B;). This is also the
smallest measure that is larger than every u;. Each B; is the set where pu; is the largest
measure in the family. This means that at each point in state space, we select the measure
with the highest value; thus, the sup over actions in (31) depends on the goal states ss.

The definition assumes that the set of actions is countable; otherwise, additional smooth-
ness assumptions are required for existence.

5The factor p, or some other measure, is needed to get a well-defined object in continuous
state spaces. In discrete spaces, it results in an sa-dependent scaling of the @) function,
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The resulting parametric update is as follows. The update is off-policy:
we assume access to a dataset of transitions (s, a,s’) in a Markov decision
process. Let pga be the distribution of the state-action pair (s,a) in the
dataset; its marginal over s is p as before. Given a measure-valued function
of (s,a), such as Q(s,a,dss2), we define its norm similarly to (1) as

HQH?)SA,/} = E(s,a)NpSA, SQNp[q(S7 a, 52)2} (34)

where ¢(s, a, s2) := Q(s,a,ds2)/p(dsa) is the density of @ with respect to p,
if it exists (otherwise the norm is infinite).

THEOREM 12 (PARAMETRIC (Q-LEARNING FOR EVERY GOAL STATE).
Consider a parametric model of () given by (32) or (33), where gy(s, a, s2)
or {(s,a, s2) are smooth functions depending on the parameter .

Let 0y be some value of the parameter. Define a target update Q%" of @
via the optimal Bellman operator (31) applied to Qg,, namely, Q" (s, a,ds3) :
(T'Qa,)(5,a,ds2) = d5(ds2) + v Egp(ss,a) SUPw Qo, (s @, ds2). Define the
loss between Qp and Q%" via J(0) = 1 ||Qy — QtarHiSA’p using the norm
(34).

Then the gradient step on 6 to reduce this loss is

- aGJ(H) = E(s,a)NpSA, s'~P(s'|s,a), sa~p [’Y aaqe(S, a, 5/)

+ 69(19(57 a, 52) (7 sup qg, (5,7 CL,, 52) - CJe(S, a, 32)):| (35)
a/
for the model (32) using qp, and

- aGJ(H) = E(s,a)NpSA, s'~P(s'|s,a), sa~p [8969(3) a, S)

+ 89(79(37 a, 82) (7 sup qeo (3,7 CL,, 52) - (70(37 a, 32)):| (36)
a/

for the model (33) using gp.

Here we have presented the update using a fixed “target network” with pa-
rameter 0y (typically a previous value of ), a common practice for parametric
Q-learning.

This update is “samplable”: sample a transition (s, a, s’) from the dataset,
another independent transition (s2, ag, s5) from the dataset (az and s are
discarded), and estimate the gradient by

30 = v Dpqo(s, a,s") + Dpga(s, a, s2) <7 sup a0, (s',d’, s2) — qo(s, a, 82)) (37)

or likewise for ¢ (only the first term is different).

which still has the same optimal policy for each ss.
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This update is perfectly analogous to the successor state updates for my
and MMy in Theorem 6, except that gy and gy depend on the actions, and that
the policy follows a supremum over actions instead of being fixed.

As before, the infinite, infinitely sparse rewards d5(ds2) of the every-goal
problem produce the finite contribution v dpqg(s, a, s’) or dyq(s,a, s) in this
parametric update. Sampling two independent states s and ss is still needed,
but for the Bellman gap term, not for the reward term.

5.2 Value and () Functions with State Features as Goals

We now turn to a general result covering both value and @ functions (Q
functions are obtained as the value function of the state-action Markov
process, as explained in Section 2). We also cover target features rather than
target states: namely, we are given a feature function ¢ on state space, and
the reward is nonzero on states s such that o(s) achieves a particular goal
value g. Target states correspond to ¢ = Id.

Covering V functions requires the ability to work on-policy. Thus, we
assume that goal-dependent policies are given, yielding goal-dependent tran-
sitions s — §'|g defined by their transition probabilities P(ds’|s, g).

Thus we wish to find solutions to the goal-dependent Bellman equation

V(S, dg) - 5(,0(5) (dg) +7 Es’wP(ds’\s,g)V(S/7 dg) (38)

with reward on states such that the features ¢(s) are equal to g. Full target
states amount to ¢ = Id: a nonzero reward when s = ¢g. This can be used
in turn to train the goal-dependent policies, for instance by policy gradient.
(The technical meaning of this equation is similar to the case of @) above.
For a discussion on existence and uniqueness we refer to Section 5.3.)

Here the training dataset is made of triplets (s — s'|g): transitions
indexed by a goal. For the ) function this is not restrictive: working on
state-action pairs, given a state-action (s, a, s') it is always possible to sample
a goal g a posteriori, and to define the next action a’ according to policy g
in state s’. For the V function this is more restrictive: typically, the training
set would be made of trajectories where a goal is selected at random and kept
for some time. This results in some empirical distribution over state-goal
pairs (s, g) in the training set, with s and g not independent.

A major issue is to avoid using the sparse rewards d,(;)(dg). Indeed, the
most obvious approach to the Bellman equation (38) is to view this problem
as an ordinary Markov process on the augmented state space of state-goal
pairs (s,g). The TD update for this problem is

ds(dg
00 = Els oy ~piasiog) [0ra(.9) (200 + y0n(s ) = o(s,9) )|

where pgg is the distribution of state-goal pairs (s, g) in the training set, and
where the V' function has been parameterized as Vy(s,dg) = vg(s, g)7(dg)
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for some arbitrary measure 7(dg) on goal space. In a continuous state space,
no reward would ever be observed.

Sparse rewards can be avoided by just using the goal g = ¢(s) for the
sparse term: Jgvg(s, g) 0s(dg) ~~ Apvg(s, p(s)). The price to pay is computing
the value function only up to a goal-dependent scaling. Namely, there is a
simple sparsity-free TD update for the related problem

V(s,dg) = a(s, ) dys)(dg) + YEgpass,g V (s, dg). (39)

Here the reward is nonzero only if ¢(s) = g, but with an unknown factor
a(s, g) that depends on the solution reached.

If a(s, g) depends only on g, then optimal policies are not affected: for
every goal g, we just compute the correct value function for this goal up to a
g-dependent scaling. This happens in many use cases, notably for Q-learning
or if p =1d (goals are full states), as shown below.

The least favorable use case is V-learning with ¢ # Id. Then the scaling
a may also vary among the states s which achieve p(s) = ¢: this may result
in policies which do solve the problem of finding a state s with ¢(s) = g,
but not necessarily in an optimal way. (In that case, another option is to
explicitly provide a full state s, such that ¢(sy) = ¢g and use the full state s,
as the goal instead, thus going back to ¢ = Id.)

We now turn to the technical, general statement and discuss some explicit
use cases. The theorem is stated for V functions; the case of () functions
follows by applying it to the state-action Markov process.

THEOREM 13 (GOAL-DEPENDENT TD). Let ¢: S — G be a function
from the state space to some goal space G (discrete if S is discrete and
continuous if S is continuous).

Assume that the training set consists of transitions (s — s'|g) indexed
by a goal. Let the joint distribution of state-goal pairs in the training set
be psa(ds,dg). Let ps and pg be its marginals over s and g, namely, the
distributions of states and of goals in the training set. Assume that the
density of psg with respect to psgpg is nonzero everywhere (every state-goal
pair appears with some positive probability).

Parameterize the value function as Vy(s,dg) = vg(s, g9)pc(dg).

Then the parameter update

80 = (s g)mpscs, s'~P(ds'|s,9) | D000 (5,0(5)) + Dovg(s,g) (yva(s', ) — va(s, 9))]
(40)

is the TD update associated with the Bellman equation for the goal-dependent
value function

V(s,dg) = a(s, g) dys)(dg) + Y Eypass,q V (s, dg). (41)

where a(s, g) := ps(ds)pa(dg)/psc(ds,dg). (Note that the value of (s, g)
is used only on states such that ¢(s) = g.)
In the following cases, o depends only on g:

29



e If the distributions of states and goals are independent in the training
set, namely, if psc(s,g) = ps(s)pc(g), then a(s,g) = 1.

o If p = 1Id (goals are full states) then the statement also holds with
a(g, g) instead of a(s, g) in (41).

Concretely, a stochastic update 66 is obtained by sampling from the
dataset a transition (s — s'|g) indexed by a goal g, and then updating by

66 = Dpug(s, (s)) + dgva(s, g) (vve(s', 9) — va(s,g)) - (42)

This is similar to the update of 7y in successor states (Theorem 6), except
here the policy depends on the goal. This can be used in turn to train a
goal-depedent policy (Section 8).

This theorem can work out in three different ways:

e (Q-learning works for any goal features ¢, using an ordinary off-policy
training set of transitions ((s,a) — s’). In that case, there is no need
for transitions to be indexed by a goal. This follows from the theorem
applied to the state-action process, and yields a = 1.

e V-learning works best with full goal states (¢ = Id). This requires
a training set of transitions (s — s'|g) each indexed by a goal state
(such as exploring with a given goal for some time). A goal-dependent
policy can be trained by any policy gradient method. In that case, «
depends only on g, thus, computing the value function for every g up
to a g-dependent scaling that does not affect the optimal policy for g.

e V-learning can be applied with any goal features ¢, but the resulting
algorithm implicitly reweights the rewards among those states which
achieve a given goal. Goal-dependent policies training by policy gradient
will still reach a state such that ¢(s) = g, but not necessarily in an
optimal way, with certain states implicitly preferred.

Let us discuss the first two cases in more detail.

With @-learning, it is possible to pick any goal a posteriori for any
observed transition ((s,a) — s’). So goals and states can be picked indepen-
dently, resulting in o = 1. This plays out as follows: Assume the training
set is made of transitions ((s,a) — s'), that we have a set of goals g € G,
and that we maintain the value function vy((s,a), g) over state-action pairs.
Assume we have g-dependent policies 7, such as the greedy policy obtained
from the Q-function vy((s,a), g). Then the expected TD update (40) can be
realized by picking at random a transition ((s,a) — s’) in the dataset, picking
at random a goal g ~ pg(dg) according to any user-chosen distribution on
goals, picking an action a’ ~ my(s’), and updating the parameter via

00 = 89'09((87607 QD(S, a)) + 39119((& a)ag) ('7'00((5/7 a/)79) - ve((s,a),g)) .
(43)
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With V-learning, it is unreasonable to assume that goals and states are
independent in the training set: this would require an exploration policy
which randomly changes goals at every step. A more reasonable exploration
policy would pick a goal g ~ pg and keep it for some time, using the goal-
dependent policy m,. This results in a set of transitions (s — s|g) indexed by
their goals, with a non-independent distribution of goals and visited states,
thus o # 1. If ¢ = Id the theorem states that a only depends on g so
that optimal policies are not affected. The expected TD update (40) can
be realized by picking at random a transition (s — s'|g) in the dataset and
updating the parameter via

66 = dgvg(s, s) + Ogug(s, g) (yva(s', g) — va(s, g)) - (44)

This update of vy is identical to the update of Mg in successor states (Theo-
rem 6), except here the transitions (or policy) depends on the goal.

There is no variance from sparse rewards in these expressions: the reward
term produces the term Opvy(s, p(s)), namely, a term directly evaluated at
the goal g = ¢(s) associated with the currently visited state s. (But there
is still some variance from the Bellman gap part of the expression.) Thus,
when learning goal-dependent value or ) functions with sparse rewards, it
is possible to avoid the sparse reward problem by directly setting the goal
g = ¢(s) for the reward term in the TD update.

For comparison, algorithms such as hindsight experience replay store a
mixture of state-related and state-independent goals in a training dataset
of transitions, to be used with any off-policy learning algorithm. As in our
setting, they assume knowledge of the reward function (such as d,5)(dg))
and access to a way to build goals from states, such as (. This provides a
strategy for building a relevant state-goal distribution in the training set.
Such an approach is independent from our results, which directly reduce the
variance in the @-learning update. Thus in principle both approaches can
be used simultaneously.

Multi-step, horizon-k versions of TD (Appendix A.2) do not seem to be
available in the goal-dependent setting in a version that avoids the infinitely-
sparse Dirac reward problem.

5.3 Existence and Uniqueness of Optimal Successor States

We now turn to finding a solution to the optimal goal-dependent Bellman
equation TQ) = Q.

For discrete, infinite Markov reward processes, the value function that
solves the Bellman equation is in general not unique; it is unique under
additional constraints such as boundedness. ”

"For instance, consider the simple random walk on the state space Z, which goes right
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For the optimal goal-dependent Q-function, we cannot impose bounded-
ness, since the solution sometimes has infinite mass. ® Instead, we prove that
the solution for the horizon-t problem exists and converges to the smallest
solution of the Bellman equation when ¢ — co.

Let @; be the goal-dependent -function at bounded horizon ¢, obtained
by expanding the expectimax problem at horizon ¢, namely

Q:(s1,a1,dsg) = ds,(dsg) +

ESQNP(SQ\sLal) 5112p ’7682 (dsg) +oe EStNP(st\St—l,at—ﬂ sup [’Ytést (dsg)} o :| .
a at
(45)

This @Q; can also be described via the optimal Bellman operator T" as Q; = 17°0,
with O the zero measure. (In the following, “@ is a measure” is short for “for
every state-action (s,a), Q(s,a,-) is a measure”.)

THEOREM 14. Let T be the optimal Bellman operator of Definition 11.
Let 0 be the measure with mass 0.

Let Q; := T'0 be the goal-dependent Q-function at horizon t. Then
when t — 0o, Q; converges strongly ° to a measure Q*. This limit solves
the Bellman equation TQ* = Q*, and is the smallest such solution. In finite
state spaces, it is the only solution with finite mass.

The solution is never unique: the measure that gives infinite mass to
every set is another. Hence the interest of considering the smallest solution,
where the values come from rewards actually picked at some time t.

6 Matrix Factorization and the Forward-Backward
(FB) Representation

6.1 Advantages of Matrix Factorization for M

In this section we study a specific parametric model for the successor state
operator, which has many advantages: a “matrix-factorized” representation.
We consider the model (15), namely M sy, ds2) ~ mg(s1, s2)p(dsz), with the
particular choice

mo(s1,52) = Fyp(s1) Bop (s2) (46)

or left with probability 1/2. Given v < 1, let ¢ be the solution to ¢ = Z(1 4 ¢*) and
define f(s) := ¢° for s € Z. Then by construction, f(s¢) = VE,,,|s, f(s¢41). Thus, if V/
is any solution to the Bellman equation, then V 4 f is another solution. Such solutions
“believe there is an infinite reward at infinity”.

8For the same reason, contractivity arguments will not work in the proofs, as it is
hard to find a norm that is finite and nonzero in every situation. The arguments rely on
monotonicity of the Bellman operator.

“Namely, for every state-action (s,a) and for every measurable set A, Q.(s,a,A)
converges to Q(s,a, A).
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where F': S — R" and B: .S — R" are two learnable functions from the state
space to some representation space R", parameterized by 6 = (6, 6p). This
provides an approximation of M by a rank-r operator. Such a factorization
is used for instance in | ] for the goal-dependent Q-function (up to
the factor p).

Intuitively, F' is a “forward” representation of states and B a “backward”
representation: if the future of s; matches the past of s9, then M (s1,ds2) is
large. The learning algorithms presented above (forward and backward TD
for M) can be directly applied to this parameterization, leading to explicit
updates for F' and B (Section 6.2).

This representation of M has a number of advantages and some shortcom-
ings. (In this section we deal mostly with successor states; for goal-dependent
value functions, this representation has fewer advantages.) The advantages
are as follows.

e [t provides a direct representation of the value function at every state,
without learning an additional model of V. Namely,

V(s) ~ F(s)'B(R), B(R) := Esp[rs B(s)] (47)

where the “reward representation” B(R) can be directly estimated by
an online average of B(s) weighted by the reward rs at s. This is a
direct consequence of (17). For instance, with sparse rewards, each

time a reward is observed, the value function is updated everywhere.
10

This point applies to successor states, but not to goal-dependent value
functions, which cannot handle arbitrary rewards.

e It simplifies the sampling of a pair of states (s, s2) needed for forward
TD. Indeed, the forward TD update (21) factorizes as an expectation
over s, times an expectation over so (Section 6.2 below), which can be
estimated independently. The same applies to backward TD. This can
potentially reduce variance a lot, and even allows for purely “trajectory-
wise” online estimates using only the current transition s — s’, without
sampling of another independent state s2. (Once more, this works for
successor states but not for goal-dependent value functions, since in
that case the transitions s — s’ depend on ss.)

e It produces two (policy-dependent) representations of states, a forward
and a backward one, in a natural way from the dynamics of the MDP
and the current policy. This could be useful for other purposes.

The model of M using m instead of 7 is less convenient for V, leading to V(s) =
R(s) + F(s)"B(R), thus requiring a model of the expected reward R(s).
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e Even in the tabular case, when the state space is discrete and unstruc-
tured, this provides a form of prior or generalization between states
(based on a low-rank prior for the successor state operator). States
that are linked by the MDP dynamics get representations F' and B
that are close.

e It has some of the properties of the second-order methods of Section 7,
without their complexity. This is proved in Appendix F.1.

The shortcomings are as follows:

e It approximates the successor state operator by an operator of rank at
most r. This is never an exact representation unless the representation
dimension r is at least the number of distinct states.

e The best rank-r approximation of (Id —yP)~! erases the small singular
values of P: thus this representation will tend to erase “high frequencies”
in the reward and value function, and provide a spatially smoother
approximation focusing on long-range behavior. This is fine as long as
the reward is not a “fast-changing” function made up of high frequencies
(such as a “checkerboard” reward).

This can be expected: learning a reward-agnostic object such as M
cannot work equally well for all rewards. For these reasons, it may be
useful to use a mixed model for the value function with the FB model
as a baseline, such as

Vio(s) = F(s)'B(R) + v,(s) (48)

where F' and B are learned via successor states, B(R) is as in (47),
and ¢ is learned via ordinary TD on the remainder. The F'B part will
catch reward-independent, long-range behavior, while the v, part will
be needed to catch high frequencies in a particular reward function.

Why is a matrix-factorized form relevant for M/? Small-rank approx-
imations of a matrix are relevant when the matrix has a few large eigenvalues
and many small eigenvalues (or singular values, depending on the precise
criterion). Since the successor state operator is the inverse of Id —y P, this
means the approximation is reasonable if Id —yP has few small eigenvalues
and many large eigenvalues.

The spectrum of Markov operators is a well-studied topic. For continuous-
time operators associated with random diffusions, possibly with added
drift, the spectrum generally follows Weyl’s law | ]: in dimension d,
the continuous-time analogue of Id — P has roughly k%2 eigenvalues of size
< k, thus, few small and many large eigenvalues.
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The simplest example is a random walk on a discrete torus [1;n]. The
operator P is diagonal in Fourier representation, with eigenvectors e2imkz/n
with k an integer. The corresponding eigenvalue of P is cos(2mwk/n), yielding
an eigenvalue (1 — ) + 2ysin?(7k/n) for Id —yP. The largest eigenvalue
of P is 1 (for k = 0) corresponding to the smallest eigenvalue 1 — « for
Id —yP. For v close to 1, (Id —yP)~! has a very large eigenvalue 1/(1 — 7),
then an eigenvalue of order n?/272, and the next eigenvalues behave like
n?/2k?m?, thus decreasing like 1/k2. In this case, a small-rank approximation
is reasonable. A similar computation holds for periodic grids [1; n]d in higher
dimension.

How general is this example? The best studied case is for continuous-time
diffusions in continuous spaces such as a subset in R%. In continuous time,
the analogue of the operator Id —y P is the infinitesimal generator operator of
the continuous-time Markov process. For the standard Brownian motion, this
operator is the Laplacian A = Y°% , 92/dx2. Its inverse A~! plays the role
of the successor state operator and provides the value function in continuous
time. The spectrum of the Laplacian is well-known and follows Weyl’s law:
there are about k%? eigenvalues of size < k [Wik]. In particular, A has few
small eigenvalues and many large eigenvalues, so that the successor state
operator (given by A~! which provides the value function in continuous
time) has few large eigenvalues and many small eigenvalues as needed.

This applies not only to Brownian motion, but to basically any diffusion
with drift and variable coefficients on a subset of R%: indeed, in this case
the infinitesimal generator is an elliptic operator and also follows Weyl’s law
[ ]. The same law also holds for diffusions on Riemannian manifolds, as

the Riemannian Laplace operator also follows Weyl’s law [ , Chapter
9.7.2]. These continuous estimates are still valid when discretizing the state
space [ ]. So this situation is quite general.

6.2 The TD Updates for the FB Representation of M

We now describe the explicit parametric TD updates for the FB representation
of successor states. These follow directly from the general expressions for
forward TD and backward TD.

However, the particular factorized structure gives rise to more variants:
pure forward (forward TD on F and B), forward-backward (forward TD
update for F' but backward TD update for B), etc. These will lead to slightly
different fixed points and different dynamics for feature learning, as we will
explore later.

PROPOSITION 15 (SUCCESSOR STATE T'D UPDATES IN THE FB REP-
RESENTATION). Consider the parameterization mg(s1, s2) = Fp,.(s1)' Ba (s2)
of the successor state operator M where F' and B are two functions from S
to R", parameterized by 0 = (0p,0p). Abbreviate F for Fy, and B for By,.
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Then the forward TD update (21) for F' is equal to
Esp (005 F (5))B(5) + Egmp srmp(s.as) (Do F(s)) Sp(yF(s') — F(s)) (49)
where Y g is the matrix
Yp = Egynp B(s2) B(s2)". (50)
The forward TD update for B is equal to
Esnp (995 B(5))F(5) + Esymp (95, B(s2)") DrB(s2). (51)
where Dp is the matrix
Dp :=Equp ynp(sas) F()(VF(s') — F(s))". (52)
The backward TD update for F' is equal to
Eavp (09, F(5)") B(5) + Eayep (9, F (51)) DpF (s1), (53)
where Dp is the matrix
Dp = Eqvp ynp(sas) (VB(s") = B(s))B(s)". (54)
The backward TD update for B is equal to
Eurp (90 B8 VE () + By, p(sias) (1 00n BIS) = 90 B(s)T) S B(s)

(55)
where Y g is the matrix

Yp = Egnp F(s1)F(s1)". (56)

Proposition 34 (Appendix E) describes how these updates play out for
finite spaces in the “tabular on FB” setting, in which a value of F' and B is
maintained for each state.

Forward or backward TD may be used separately for F' and B, giving
rise to four algorithms: forward on F' and forward on B (ff-FB), forward on
F and backward on B (fb-FB), backward on F' and forward on B (bf-FB),
and backward on F' and backward on B (bb-FB). These algorithms behave
quite differently on how they learn features and on the fixed points obtained,
as discussed below.

Consequences for sampling and variance. A key feature of the FB
updates is their decomposition as a product of an expectation over a transition
s — &', times an expectation over another independent state sy or sq.

This has important consequences algorithmically for variance reduction
via minibatching. Indeed, a natural way to sample these updates would be
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to sample a minibatch of transitions s — s’, another minibatch of states ss,
and evaluate (49) on the minibatch s — s’ with the value of Xp obtained on
the minibatch so. This would not be possible for other parameterizations of
M: in general, (21) would require to compute a separate quantity for each
(s — s, s2), thus requiring smaller minibatches in practice.

Furthermore, these updates lend themselves to a purely trajectory-wise
online estimation, without even sampling another independent state sg or
s1: indeed, (49) can be estimated at the current transition s — s’, while the
matrices Y etc., may be estimated online by an exponential moving average
over past or recent states.

Fixed points, feature learning. With F' and B of dimension r, each of
the r components of F' and B defines a function F;(s) or B;(s) on the state
space. We call these functions features. The features of F' provide a basis for
approximating the value function V. In addition, the model for V ignores
any part of the reward function that is uncorrelated to the features of B.

More precisely, the kernel of B and the image of F' directly encode which
features of states are ignored. Namely, if R € Ker Bp then the corresponding
value function is estimated to 0: MR = F'BpR = 0. Thus Ker Bp encodes
the subspace of reward functions that is unseen by the model. Ker Bp is
exactly the space of functions which are L?(p)-orthogonal to all the features
in B. Likewise, for any reward function R, the approximate value function
is F'BpR = 0 which lies inside Im F": thus Im F" is the space of features
used to express the value functions.

The four algorithms ff-FB, fb-FB, bf-FB, and bb-FB greatly differ on
how new features are learned:

o ff-FB learns new features by applying the operator P to existing
features in F'. These new features are put into both F' and B. The
fixed points of ff-FB correspond to eigenvectors of the matrix P and
M (Proposition 36).

e bb-FB learns new features by applying the operator P' to existing
features in B, and putting them into both F and B. ' The fixed
points of bb-FB correspond to eigen-probability densities of P and M
(Remark 38, Proposition 37).

e fb-FB learns new features both by applying P to features in F, and P
to features in B. The fixed points of fb-FB are the rank-r truncated
SVD decompositions of the matrix M.

"The action of P on a positive vector v corresponds to the law of a state at time ¢ + 1
if the state at time ¢ is distributed according to v. Thus, P' naturally acts on probability
distributions over states.
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e bf-FB may not learn any features beyond the initialization of F' and B.
For any subspace of features, there is a fixed point of bf-FB which lies
in that subspace.

We refer to Appendix E for precise statements of these properties. In
addition, fb-FB and bf-FB preserve the symmetry with respect to time
reversal of the process, while ff-FB and bb-FB do not.

Relationship with successor representation learning and with lin-
ear TD with learned features. To help interpreting these relations, we
will relate them to objects from the literature. We make two claims. First,
for fixed and orthonormal B, the forward update of F' corresponds to stan-
dard successor representation learning with state representation (features)
B. Second, for fixed F', the forward update of B corresponds to learning the
value function for every target state via linear TD with fixed features F.

To simplify things, in this paragraph we consider the “tabular-FB” setting,
in which F' and B are parameterized just by listing the value of F'(s) and
B(s) on every state s, assuming a finite state space. '?> For instance,
the forward TD update (49) for F, with learning rate n > 0, becomes
F(s) <= F(s) +ndF(s) where

0F(s) = B(s) + Ep(vF(s') — F(s)) (57)

upon sampling a transition s — 5.

If B is a fixed, L?(p)-orthonormal collection of feature functions (namely,
if ¥p = Id), then this forward TD equation to learn F' is identical to
standard deep successor representation learning using B as the representation.
Indeed, standard deep successor representation learning [ | starts
with given features ¢(s) on the state space, and learns the successor features
m as the expected discounted future value of ¢ along a trajectory (s;):
m(s) =Y y50 7' Ele(st)]so = s]. Such an m is the fixed point of the Bellman
equation m = ¢ + yPm. Via identifying m = F and ¢ = B, ordinary TD
for this Bellman equation is equivalent to (57) when X5 = Id. However, this
is not the case if X5 # Id. This is because scalings are different: With the
successor state operator, if B is doubled, then F is halved so that M = F'B
is fixed. With successor representations, if the state representation ¢ is
doubled, then m is doubled as well.

Next, if F'is fixed, we claim that the forward TD update for B corresponds
to linear TD to learn all value functions corresponding to individual reward
1, at all target states so, with F' as the feature basis. Indeed, if the reward
function is R = 1,,, and the corresponding value function is represented
as V = F'w for some learned vector w (this is linear TD with feature

12This is different from a tabular setting for M, which would parameterize M by listing
the values M (s1, s2) for every pair of states.
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basis F'), then the TD update of w when observing a transition s — s’ is
dw = F(s) (]13232 +yF(s")'w — F(S)Tw> . Of course, the resulting w depends
on sg. Thus, if we learn a vector w(sq) this way for every ss, we get an
update dw(sg) = F(s) (15:52 +yF(s") w(sg) — F(S)T’LU(SQ)). By identifying
w(s2) and B(s2), then on expectation over s and sg sampled from p, this is
equal to (51) for tabular B. Thus, for fixed F', the forward TD update (51)
just puts into every B(s3) a representation of the value function for reward
15, as a linear combination of the features F'(s).

Thus, when learning F and B jointly, the “FB-tabular” forward TD
update on F' and B can be seen as a simultaneous learning of all value
functions for all reward 1,,, by linear TD in a learned feature basis F'.

7 Second-Order Methods for Successor States: Im-
plicit Process Estimation and Bellman—Newton

We now turn to more complex, “second-order” algorithms for estimating
successor states and value functions. First, we study the best online estimate
of M and V in the tabular case, obtained by directly estimating the transition
matrix and reward function, and exactly solving the Bellman equation in
this estimated process. We provide a convergence theorem for this method
(Theorem 16).

This provides an explicit online evolution equation for M and V from
observed transitions, in which the transition matrix does not appear (suc-
cessor states via implicit process estimation, Theorem 17). Interestingly,
this “true” update of V' is TD preconditioned by M (Theorem 18). This is
related to viewing M, s as an expectation of the eligibility trace at state s
(Appendix D).

The resulting “true” update of M, taken in expectation, defines a Bellman—
Newton operator (Definition 19), so called because it corresponds exactly to
the Newton method for inverting the matrix M. Intuitively, this operator
proceeds by concatenating known paths of the MDP, thus doubling the length
of known paths, while TD and backward TD just add one transition to the
set of known paths (see intuition in Section 4.3). This intuition is formalized
in several ways (Proposition 20, Appendix C). This also translates as much
better asymptotic convergence in the continuous-time limit (Section 9.3).

All these properties are exact analogues of the convergence properties of
second-order Newton-like methods compared to simple first-order gradient
descent. Thus, online estimation of M and the Bellman—Newton operator
can be seen as “second-order” TD algorithms. Accordingly, they are also
numerically trickier. Strengths and weaknesses are discussed in Section 7.4.

Finally, we derive the parametric version of the Bellman—Newton operator,
extending it beyond full-matrix tabular updates to sampling in arbitrary
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state spaces. However, this update has a large variance unless some kind of
forward-backward (FB) representation is used.

7.1 Estimating a Markov Process Online

We now introduce estimates of M and V' by online estimation of the Markov
process, first in the tabular case, then via function approximation. The
process estimation is #mplicit: it does not appear in the resulting algorithms
for M. (In particular, we never store an estimated transition matrix 15,
which would not make sense for continuous spaces; this excludes solving the
problem by planning via the model ]3)

In a (small) finite state space, an obvious approach to learn M is to
first learn an estimate (15, ]:2) of the transition matrix P and reward vector
R of the Markov reward process, by direct empirical averages; then set
M and V to their true values in the estimated Markov process, namely,
M = > >0 AP = (Id —yP)~! and V = MR.

The empirical averages P and R are updated for each new transition
s — s’ with reward r,, by updating the row s of the transition matrix P,
and the value ]:ZS at s:

Py, — (1= 1/ng) Py + (1/n5)1gy—gy  Vso, Ry (1 —1/ng)Rs + (1/ns)rs
(58)

with ng the number of visits to state s up to time ¢. The initialization
of P and R is forgotten after the first observation at each state (ns = 1),
but to fix ideas we initialize to P = R = 0. The corresponding estimates
M = (Id _7]3)—1 and V = MR converge to their true values, as shown by
the following non-asymptotic bound.

THEOREM 16 (CONVERGENCE BOUNDS FOR PROCESS ESTIMATION).
Consider a finite Markov reward process with S states and E edges ((s, s') is
an edge if Psg > 0), rewards almost surely bounded by Rpyax, and stationary
distribution p. Update P and R online via (58), initialized to P = R = 0.

Then after t i.i.d. observations (s ~ p, s' ~ Psy), with probability 1 — 4,
the estimates M = (Id —yP)~! and V = MR satisfy

2y 2E 2

p TV < ( — log 5 (59)

M—-M —

and

> 0(s) [V(s) = V()| < o log =2 (60)
S

These bounds do not depend on the sampling measure p, although the

norm used to define the error does. Thus, rarely visited points have no

impact on these bounds.
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Direct matrix inversion is inconvenient. But since (58) is a rank-one
update of the matrix ]5, one can compute the update of M resulting from
(58); this update does not explicitly involve P anymore. This will form the
basis for the parametric version.

We call the resulting algorithm successor states via implicit process
estimation (SSIPE).

THEOREM 17 (SSIPE: TABULAR ONLINE UPDATE OF M). When a
transition s — s’ is added to an empirical estimate of a Markov reward
process via (58), the successor state matrix M of the estimated process
becomes M « M + §M with

1 - ]]-32:5 + ’YMS’SQ - MSSQ

oM = — - =
S182 Ng s18 177117(7M3’5*Mss+1)

Vsl, S9 (61)

with ns the number of times state s has been sampled. The estimated value
function V' becomes V < V + 0V with
Vi, = L(rs + 9V — Vi) My,s +0(1/ns) Vs (62)

Ns
where rg is the observed reward.

This describes the “true” change of M when the Markov process changes
by increasing Psy. This update contains a two-sided term M, My ,,: in
terms of paths, this term combines all known paths from s to s, the transition
s — &', then all known paths from s’ to sy (Fig. 1 and Appendix C).

The update of V' has the form §V = M - (Bellman gap at s). The
matrix M can be seen as a “credit assignment” to transfer the Bellman gap
R+ PV —V observed at a state s to “predecessor” states.

The update (61) of M is also its TD update multiplied on the left by M
(compare (61) and (19)). This is most clear when taking expectations over
the next transition s — s’, as follows.

THEOREM 18 (THE TRUE CHANGE OF M AND V 1s TD PRECON-
DITIONED BY M). Estimate the successor matrix and value function of a
finite MRP by M = (Id —yP)~! and V = MR where P and R are estimated
directly by the empirical averages (58).

Consider the updates of these estimates after observing a new transition
s — s'. Then, in expectation over the transition s — s’ sampled at time t,
the update (61) of M is equal to

Esp,s'mp,, [6M] = LM (Id+vPM — M) + o(1/t) (63)

when the number of observations t tends to infinity. The resulting update of
the value function is V <+ V + 6V with

Esep,snp,, [0V] = LM(R+ PV = V) + o(1/t). (64)
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Thus, preconditioning the TD update by M itself produces an update
that tracks the “true” value of M and V given all observations available so
far. The learning rate 1/t is inherited from the direct estimate of P and R
via empirical averages in (58).

This update of V' is consistent with the view of M as an expected eligibility
trace (Appendix D). Indeed, eligibility traces also update the value function
at states s that are connected to s via a trajectory. Actually, in expectation,
these updates are the same: with A = 1, the eligibility trace vector at a state
s is an unbiased estimator of the column M, s (Theorem 31 in Appendix D).
From this viewpoint, learning M via a parametric model, or using TD(1),
are both ways of estimating the “predecessor states” of a state s. Eligibility
traces are unbiased but can have large variance, while the model of M has
no variance but may have bias if not learned well.

Such a preconditioning is analogous to second-order methods in optimiza-
tion using the inverse Hessian, which directly jump to the the location of
the new optimum when one more data point becomes available. However,
in second-order methods, the preconditioning matrix is symmetric definite
positive, while this is not the case here; this can produce numerical problems.

In small-scale experiments, using the full matrix online update of M
resulted in much faster convergence of the value function than TD, consis-
tently with the theoretical prediction of Section 9.3. But with this method,
each update requires O(|S|?) computation time. This is useful only if sample
efficiency is the main concern.

7.2 The Bellman—Newton Operator

Thus, when estimating a Markov process online, in expectation, each new
observation replaces the estimate M with M + E[6M] = M(1 + 1) —
%M(Id —yP)M +o0(1/t) by (63). Interestingly, this expected update does not
depend on the distribution p of sampled states s. This is because the 1/n;
factors behave asymptotically like 1/(¢ps), thus compensating the sampling
probabilities ps. The fluctuations between ns and tps are absorbed in the

o(1/t) terms. We gather this behavior in the following operator.

DEFINITION 19 (BELLMAN-NNEWTON OPERATOR). We call Bellman—
Newton operator with learning rate n > 0 the operator M +— M (1 +n) —
nM(Id —yP)M.

The reason for the name is the following: With learning rate n = 1, this
operator is M — 2M — M(Id —yP)M. Inverting a matrix A by iterating
M + 2M — M AM is the Newton method for matrix inversion, going as far
back as 1933 [ |. The Newton method has superexponential convergence,
squaring the error (doubling precision) at each step. This property translates
as follows in our context.
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In terms of paths, the quadratic term in M realizes the path concatenation
operation in Fig. 1. This is formalized as follows, and proved and further
discussed in Appendix C. In contrast, forward and backward TD only increase
the length of known paths by 1.

PROPOSITION 20 (BELLMAN-NEWTON DOUBLES THE LENGTH OF
KNOWN PATHS). Assumes that M represents exactly the successor states
up to k steps, namely, M = Zf:o 7! P? (as matrices or as operators). Then
after one step of the Bellman—Newton operator with learning rate n =

1, M represents exactly the successor states up to 2k + 1 steps, namely,
2M — M(Id —yP)M = Y2k ~ipr,

Unfortunately, this method does not always converge. In particular, it
is initialization-dependent. For instance, the initialization M = 0 is a fixed
point. In general, the Bellman—Newton operator preserves the kernel and
image of M, so there are many fixed points. Still, M = (Id —yP)~! is the
only full-rank fixed point.

Convergence of the Newton method for matrix inversion is quite well
understood [ | and works if the spectral radius of Id —AM is less than 1 at
initialization. Otherwise, the method can diverge. For instance, A = Id —yP
for successor states, so initializing to M = Id converges.

Learning rates n < 1 improve convergence properties. In Section 9.3
we study convergence with infinitesimal learning rates, proving much faster
asymptotic convergence than with simple TD on M. This is analogous
to the faster convergence of second-order methods with respect to simple
gradient descent. Even with 1 < 1, some initializations still diverge; however,
if the initialization is of the form M = (Id —yPy)~! for some stochastic
or substochastic matrix Py (e.g., Py = 0, initializing M to Id) then the
infinitesimal learning rate version converges.

Sampled Bellman—Newton update. Like the Bellman operator for TD
on M, the Bellman—Newton operator lends itself to sampling the states at
which the values are updated.

This works out as follows. Assume that S is discrete so that M is a
matrix (we deal with the parametric case in the next section). Let as usual
p be the probability distribution from which states are sampled, and let p
be the matrix with diagonal entries p. Set 7 := Mp~! (this corresponds
to the parameterization m in (15)). Then the Bellman-Newton update is
equivalent to m — m(1 + &) — nm(p — ypP)m. In expectation, this update
can be realized by sampling a state s ~ p and a transition s’ ~ P(ds|s).
Indeed, in that case we have E1,1"y = pP and E1,1", = p, and therefore
the update

mslsg <~ (1 + n)mswz - nmsw mSSQ + n7ms1s ms’sz Vs1, 52 (65)
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is equal to the Bellman-Newton update in expectation over (s, s'). '3

This is still a full-matrix update: the value mg, s, is updated for every
s1 and s9, even if (s,s’) is sampled. This is not scalable. It is possible to
sample the states s; and ss from p as well: with this option, the expectation
of the update is multiplied by p on the left and right.

7.3 Parametric Bellman—Newton Update

Perhaps surprisingly, the full-matrix tabular update of M lends itself well to
a parametric version, by following the standard TD strategy of updating the
parameter to bring M closer to its new value.

THEOREM 21 (BELLMAN-NEWTON UPDATE WITH FUNCTION AP-
PROXIMATION). Maintain a parametric model of M via mgy, or my, as in
Section 3.2, with 6, the parameter at step t.

Let s — s’ be the transition in the Markov process observed at step t,
with reward rs. Define a target update of M by M%* := My, + §M with §M
given by the online tabular estimate (61). Define the loss between M and
M via J(0) := L || My — MtarHZ using the norm (1).

Then the grad1ent step on 6 to reduce this loss is

- 69‘](9)|0:0t = % Esy~p, so~p ['V dome, (s, 5,) + 7y my, (1, 5) gmy, (51, 5/)

+(yme, (8", 52) — ma, (s, 52)) (gmg, (s, 52) + M, (51, 5) Dgmg, (51, 52))] +0(1/1)
(66)

for the model (16) using my, and

- aGJ(e)W:Gt = %E S1~p, Sa~p [mGt(Sla )a9m9t (317 S)
(ym

+ 1, (51, 8) (Y170, (8", 52) — 19, (5, 52)) Dpiig, (51, 52)] + o(1/t) (67)

for the model (15) using 1my.

The update of V' via M is discussed in Section 8.

Here the learning rate 1/t is inherited from the direct estimate of P via
empirical averages, but can be replaced with any learning rate. As with TD,
the update was derived from a tabular update, but makes sense in continuous
state spaces. In particular, the parametric gradient does not involve the state
counts ng from (61): a cancellation occurs because ng ~ tps when t — oco.

Implementing this update requires sampling two additional states s; and
s9 from the dataset, in addition to the transition s — s’. See the discussion
after Theorem 6 for possible ways to sample these additional states. TD for

13This is not quite equivalent to the online update (61): using ns ~ tps, the latter yields
Mgy sg ¢ My s + N1sys(Ls=so /Ps — Missy + Y Mgrs,) + 0(n) with n = 1/t. This difference
disappears after taking expectations over s1 and sz in addition to (s, s).
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M required only one: this reflects the full matrix update (61), while TD only
updates the s row of M when observing a new transition s — s’ (Eq. 19).

For parametric Bellman—-Newton, the model my can be initialized to 0
while the model my cannot. Indeed, setting my to 0 corresponds to setting M
to Id, a valid initialization for the Bellman—Newton operator, while setting
g to 0 corresponds to setting M to 0, an unwanted and unstable fixed point
of the Bellman—Newton operator.

7.4 Discussion: strengths and weaknesses of second-order
approaches

In a tabular setting, the full-matrix online update (61) of M (where a
transition s — s’ is sampled, but with the value My, ,, updated for every
state s1 and s3) converges much faster than TD to compute the value function,
empirically. This is in line with the asymptotic convergence properties of
the Bellman—Newton versus ordinary Bellman operator (Section 9.3).

However, this results in an O(|S]?) cost per time step, so it is only
interesting if sample efficiency is the main issue. The alternative is to sample
a few states s; and sy and only update Mg, s, for those states. But in practice,
we have found that this introduces many instabilities and requires reducing
the learning rate so much (typically 7 smaller than 1/|S|?) that the benefit of
second-order Newton convergence is lost. The same phenomenon is observed
for the parametric version of Theorem 21.

This sampling issue can be avoided if using a factorized representation
M = F'B as in Section 6. Namely, there exists an update of F' and B
that is compatible with sampling and that reproduces the Bellman—Newton
update (Section F.2). This decouples the sampling of states s; and so,
thus reducing variance and allowing for larger learning rates. However, this
also exacerbates another issue of the Bellman—Newton update, namely, the
existence of non-full-rank fixed points and the preservation of the kernel
and image of M. The representation M = F'B is usually not full-rank, and
the Bellman—Newton update of Section F.2 preserves the kernels of F' and
B. As a consequence (at least for uniform p), this algorithm computes the
inverse of Id —yP in the subspace spanned by the initializations of F' and B,
but no features are learned. Currently, we have found no fully satisfactory
second-order update beyond the full-matrix update (61).

8 Learning Value Functions and Policies via Suc-
cessor States

There are many possible ways to use a model M of the successor state
operator in policy and and value function learning. Choices include:
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e Using policy gradient versus using @-learning (greedy or Boltzmann
policies, DDPG...).

If the reward is a known goal state, we may directly use the optimal
goal-dependent ) function of Section 5.1.

For Q-learning with other types of rewards, the successor state opera-
tor can be defined on the Markov process over state-action pairs (as
explained in Section 2). The @ function can be computed from this
“successor state-action operator” in the same ways as the V' function
from the successor state operator. Thus, all methods described below
to learn V' can be extended to @), and we do not discuss this option
further here.

e Using the goal-dependent value function as in Section 5 (this leads
to a goal-dependent policy for every goal state, simultaneously for all
single-state reward functions), versus using the successor state operator
of a single policy as in Section 4 (this works for dense rewards but with
a single policy).

e Using the successor state operator directly in the policy gradient formula
without a value function model, versus learning a model of V' from
successor states, then using this model normally in policy gradient.

e If learning a model of V' from successor states, there are several options
to do so. First, the FB representation of M directly yields a V' function.
Second, the V function may be learned from M in a supervised way
based on V. = M R. Third, M may be used only as one component
of the value function (V. = MR + v, with v, learned via TD), or
as an initialization. This is presumably better if M is approximate.
Fourth, V' may be learned via TD “preconditioned by M”, based on
the formula (64) for the true change of V' when new transitions are
observed (Theorem 18).

We now describe these options in greater detail. They have different
bias-variance trade-offs, and the best option may differ based form case to
case.

We recall the general form of the policy gradient estimator for a parametric
policy w

67'(' = ESNPEQNW(als) |:(a lnﬂ-(a’es)) ES/NP(dS’|S,a) [Ts,a + ’YV(S,) - b(Sﬂ] (68)

where 0 1n7(als) is the derivative with respect to the policy parameters of the
log-probability to select action a, where 7 , is the immediate reward received
after action a, and where b is an arbitrary baseline function which reduces
variance of the estimator (typically b(s) = V(s) so that 54 + YV (s") — b(s)
is centered, but we will see other choices below).
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Learning goal-dependent policies. The simplest case is for learning
policies to reach arbitrary target states, using the goal-dependent value
function vy(s, g) of Section 5.2. Here g represents a variable goal, such as a
target state, or a desired value for some function of states (Section 5.2).

This works with a goal-dependent policy 7(als, g) depending on goal g,
and leads to the policy gradient update

om = IE(s7g)fvp5,vc7 a~m(als,g),s'|P(ds’|s,a) (6 In ﬂ—(a‘sv g))(7U9(8/7 g) - b(S, g)) (69)

where vy is the goal-dependent value function model from Section 5.2, where
b is an arbitrary baseline function (such as b(s, g) = vg(s,g)), and where
psa is the empirical distribution of state-goal pairs in the trajectories in the
dataset (typically obtained by choosing a goal and following the associated
policy for some time).

A few comments on this formula: First, with goal states, the reward rs ,
in (68) is a Dirac mass, but it depends only on the previous state, not on a or
s'; so by choosing the baseline b to include this Dirac, this term disappears
in (69).

Second, in the formalism of Section 5.2, the value function is formally a
measure over goals, Vp(s,dg) = vg(s,dg)pa(dg). Thus, the policy gradient
update (68) is goal-dependent and is itself a measure over goals g. This
measure can be integrated over all goals g; for each g we may choose the
distribution s ~ psa(ds|g) of states given this goal. This is how we obtain
the policy update (69) from (68). In the computation, the measures cancel
out between pgi(ds|g) and the pg(dg) appearing in Vp: this results in just
vg in (69), and in the sampling of a pair (s, g) from pgg(s,g)-

Learning V from M. Another option is to learn the value function V
using M, then just use the value function via ordinary policy gradient. We
now consider the case of a single (non-goal-dependent) policy to be learned,
with an arbitrary reward function. There are several options again.

e The FB representation of Section 6 directly provides a representation
of the value function as

V(s) ~ F(s)'B(R), B(R) := Esplrs B(s)] (70)

where B(R) is a “representation of the reward”, which can be sampled
by weighting the representation B(s) of states by their reward. Thus
B(R) can be estimated online. Then the value of V can be plugged
directly in the policy gradient formula (68).

Since the FB representation will focus on low frequencies (long-range)
features, it might be useful to used a “mixed” model for V, with
F(s)'B(R) as one component, and another component learned via
ordinary TD; see (75) below.
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e Another case is if the reward is located at a single known target state
g. Then V(s) = m(s,g) and the policy gradient (68) is equal to

om = Eswp]EaNﬂ’(a|s) [(a ].Il?T(CL’S)) ES’NP(ds/|s,a) [Vm('g/?g) - b(S)H
(71)
(once more, the reward term 7, , does not depend on «a in that case
and can be absorbed in the baseline b). This assumes the model m is
used for M; the model m does not seem to lead to a usable formula in
this case.

This is useful for sparse rewards: contrary to TD methods, M and V'
may be learned without ever seeing the reward, provided the target
state is known. (By “known”, we mean we know the features or input
representation of the target state, as provided to the neural networks
that learn M and V.) This also extends to linear combinations of a
finite number of rewards at known states.

e For general (dense) rewards and without the FB representation, the
simplest option is to learn a model of V based on V = MR. This
becomes a supervised learning problem. No matrix product is necessary:
we can perform a stochastic gradient descent of ||V — M RH%Z( p) With
respect to the parameters of V', just by sampling states, either with
discrete or continuous states.

With V' parameterized as V,,, and with M parameterized by the model
Mg, we have
2 -
0, [V — MRI22(,) = 2B s1p [0,V (51)(re 051, 8) — Vip(51))]
(72)
where 7, is the reward obtained when visiting state s. As for other algo-

rithms presented here, this requires sampling one or several additional
states s in addition to the state s currently visited.

With M parameterized by the model my instead, we have

=0, |V, = MRI[7z(,) =
2Es~p,31~p [rs agovgo(s) + (Ts m(Sl, S) - th(sl)) a@VW(Sl)} : (73)

e Learning V via V = MR assumes that the model of M is reasonably
accurate: any error on M shows up on V. Another option is to just
use M R as a component in the model of V', or as an initialization to
V. For instance, V may be parameterized as

V=V, +V,, (74)

where V,,, is trained to match M R using (72), and V,, is learned via
ordinary TD.
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In the FB representation this would yield
V(s) = F(s)' B(R) + Vs, (s) (75)

where B(R) is estimated online as above, and ¢2 is estimated by
ordinary TD.

This makes particular sense for the FB representation: in Appendix E
we prove that the fb-FB algorithm minimizes a loss producing a trun-
cated SVD of M, thus focussing on large eigenvalues of M (large
eigenvalues of P, long-range dependencies in the environment). Thus
F(s)"B(R) will focus on large eigenvalues of P. The training of F
and B is reward-independent (“unsupervised” reinforcement learn-
ing). Thus, ordinary TD on V,,, may be useful to catch short-range
(high-frequency) behavior in the reward.

Another option is to directly use samples from M R instead of V' in the
policy gradient update. This emphasizes M as a “credit assignment”
for past actions.

Abbreviate sas’ ~ prP for the sampling of a state s ~ p, action a ~
7(a|s), and next state s’ ~ P(ds'|s, a). Starting with the policy gradient
(68) with baseline b =V, substituting V (s') = Eg, ~,m(s, s1)rs,, and
renaming variables so that all rewards are taken at the same point, we
find

or =K sas’ ~pm P [Ts,a (6 lnﬂ—(a‘s) =+ (p)/ms/ls - m518)81n7r(a1’81))]
sia1s)~prP

(76)
where two independent transitions must be sampled from the dataset.
In this expression, the model m serves as a credit assignment to
increase the likelihood of those actions a; at other (past) states that
are estimated to lead to a reward rs, at the current state s. This
is compatible with the view of M as a model of eligibility traces
(Appendix D).
However, this is probably a high-bias, high-variance option, requiring

a good model of M.

Finally, M may be used as a preconditioner for TD on V. Indeed, by
Theorem 17, the “true” change of the value function upon observing a
new transition s — s’ with reward ry is

oV, = n%(rs + AV — VS) Msls +o(1/ng) Vsq (77)

namely, the Bellman gap rs+fyf/s/ —V, is sent back to every “predecessor
state” s with coefficient My, 5. (See Appendix D for M as an expected
eligibility trace.)

The resulting parametric update is obtained as follows.
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PROPOSITION 22 (TD PRECONDITIONED BY M FOR THE VALUE
FUNCTION). Let V,, be a smooth parametric model of the value func-
tion. Define an update of V' by setting V%" :=V,,, + 6V with ¢, the
parameter at step t, and §V given by (77), and taking the gradient of
the loss JY () := 3 ||V, — VtarHiQ(p). Assume M is equal to the model
(16) using mg. Then this gradient is

- anV(SO)Iso=got = % (rs + 'szot(sl) - V%(s)) (&pvsot(S)
+ Eslwp[mO(slv S) &,OV%: (Sl)]) + O(l/t) (78)

where t is the total number of observations. For the model (15) using
™My, this gradient is

_anV(‘P)\<p=got = % (7"5 + ’vat(sl) - Vsot(s)) Esinp mg(s1, 5) a‘PVS@t(sl)
+ o(1/t) (79)

The learning rate 1/t just results from the direct empirical averages
used to estimate the process in Section 7.1, and may be replaced with
any learning rate.

This involves sampling an additional state s; ~ p and applying a TD
update at that point, with weight depending on M. In the model of
M using mg, this appears as a correction to ordinary TD; in the model
of M using g, everything is included in m.

Notably, even if the model of M is wrong, , the true value function
is still a fixed point of (78) and (79) in expectation over s and r; it
is the only fixed point provided M is invertible and p > 0. This is a
theoretical advantage over all other estimates of V described above.
However, the sampling of s; adds variance, and any negative eigenvalues
in the estimate of M will produce divergence.

9 Small Learning Rates and the Continuous-Time

Analysis

This section is a more informal discussion about intuitions coming from a
continuous-time analysis when the learning rate is small. We will not present
formal statements. For simplicity we restrict ourselves to the tabular, finite
state case so that all objects are always well-defined without smoothness
conditions, but in principle the analysis extends to any state space.

We also assume that states are sampled uniformly (p is uniform) so that

the expected updates correspond to the Bellman operators. Introducing
non-uniform p does not fundamentally change the results about the forward
and backward Bellman operators (indeed, the eigenvalues of the matrix
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p(Id —yP) have positive real part, just like those of Id — P, for any positive
p)-

For the Bellman—Newton operator, full non-asymptotic convergence rates
were provided in Theorem 16. Here, we provide a more intuitive asymptotic
analysis that clarifies how the error decreases faster than with TD.

9.1 Continuous-Time Analysis of the Forward and Backward
Bellman Operators

The forward Bellman operator on M with learning rate n > 0 is
M+~ (1 —n)M +n(Id+~yPM). (80)

When 7 is small, after n iterations, the value of M approximates the value
at time t = nn of the solution of the matrix ordinary differential equation
dM,
Wt =Id+yPM, — M; = Id —AM, (81)
where A = Id —+P is the Laplacian associated with the Markov process.
The solution to this equation is

M; =AY e "3 (My — M) (82)

where A~! is the true successor state matrix, My is the initial value, and
e~ tA is the exponential of the matrix tA.

Likewise, the backward Bellman operator on M with learning rate n > 0
is

M+ (1 —n)M +n(Id+yMP). (83)
When 7 is small, after n iterations, the value of M approximates the value
at time t = nn of the solution of the ordinary differential equation
dM;

3 = 1Ay MP — M, = 1d =M, A (84)

process. The solution to this equation is
My, = A~ 4+ (Mo — M)e™tA (85)
where My is the initial value. Letting E} be the error at time ¢:
Ep =M, — A7} (86)

then the errors at time t are E; = e “2Fy and E; = Ege 2 for the forward
and backward operators, respectively.

Thus the forward and backward equations converge at the same rate.
Indeed, assume for simplicity that A is diagonalizable, with eigenvalues \;.
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14 By the spectral properties of stochastic matrices, the eigenvalues of A
have positive real part: R\; > 1 — . (The largest eigenvalue of A is 1 — 7,
with multiplicity 1 if P is irreducible.) This implies that the errors tend to 0.

For a more precise analysis, let u; and v; be respectively the right and
left eigenvectors of A, associated with eigenvalues A;.

Since the u;’s and the v;’s form bases, one can decompose the initial error
Eyas By =), J oz”uZ . Then one checks that the error at time t for the
continuous-time forward Bellman operator is

Z e Zazjuz (87)

for the forward operator, and

Ze Jawul vl (88)

for the backward operator.

The eigenvalues are the same for the forward and backward operator.
Each eigenvalue has multiplicity n (the number of states) over the state of
matrices M, corresponding to all choices of j for a given ¢ or conversely.
Notably, the smallest eigenvalue of A is 1 — «, corresponding to the direct of
slowest convergence. This eigenvalue has multiplicity n when acting on M.

9.2 Mixing Forward and Backward TD Improves Conver-
gence

Interestingly, if one mixes the forward and backward operators, then this
eigenvalue analysis changes. The smallest eigenvalue is still the same, but
its multiplicity decreases considerably, from n to 1. Indeed, assume that
we perform alternatively one step of the forward and backward Bellman
operators, each with learning rate . When 7 is small, the dynamics tends
to that of the continuous-time ordinary differential equation

dM, 1 1 1
j = 5 (A+yPM; = My) + 5 (I +9M, P — My) = 1d = (AM; + My A)
(89)
whose solution is
— A_l + e—tA/Q(MO _ M)e—tA/Z (90)

where A1 is the true successor state matrix. Thus, the error E; := M;— A1
satisfies By, = e tA/2E e~ 1A/2,

YThis occurs for a dense subset of stochastic matrices P. If not, the analysis is
more technical, with polynomials in front of the exponentials of the eigenvalues, but the
conclusions are similar.
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But now, with the same eigenvector decomposition as above, we find

E, = Ze_t(’\i+’\f)/2uiv—]~r. (91)
i?j

In particular, the error in the direction uiv}— decreases fast if at least one of
Ai or Aj has large real part. Notably, the slowest convergence now occurs
ony if both i and j correspond to the smallest eigenvalue 1 — y: this smallest
eigenvalue now has multiplicity 1.

Thus, mixing the forward and backward Bellman operator does produce
a positive effect on convergence speed, bringing the multiplicity of the worst
eivengalue from n (the number of states) to 1, and generally picking the best
eigenvalue in each direction of the error.

9.3 Continuous-Time Analysis of the Bellman—Newton Op-
erator

Remember the Bellman—Newton operator M + (1 4+ n)M — nM (Id —yP)M
(Definition 19) with learning rate . When 7 is small, after n iterations of
this operator, the value of M approximates the value at time ¢t = nn of the
solution of the matrix ordinary differential equation

did, = My — M;AM,; (92)

dt

where A = Id —yP as above. Obviously M = A~! is a fixed point. However,
as with the Bellman—Newton operator, there are other fixed points, such
as M = 0: since the differential equation preserves the kernel and image
of My, there is a (unique) fixed point for every choice of kernel and image,
amounting to computing the inverse of A in the associated subspaces. Still,
A~ is the only full-rank fixed point.

The accelerated asymptotic convergence of the Bellman—Newton operator
compared to TD on M becomes clear on this continuous-time version. Define
the error

E, :=1d-MA (93)

(beware this differs from the definition of E; in the sections above). It evolves

according to

— =—-E+ E;. 4
dt t + t (9 )

This is generally convergent except for some initializations (more on this
below).

When the error is small, the dynamics is B, = —F; + O(E?) ~ —E;. The
same holds for the error My — A™' = —E;A~1. So, in the small error regime,
the error E; decreases at a constant exponential rate, independently of the
Markov process. This contrasts with the forward Bellman equation, whose
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convergence depends on the eigenvalues of Id —yP, and which will converge
slowly if P has eigenvalues close to 1.

In this sense, the continuous-time Bellman—Newton dynamics is to the
Bellman operator what continuous-time second-order gradient descent is to
continuous-time gradient descent: it removes dependencies on the eigenvalues
for convergence close to the solution.

Global initialization and convergence outside of the small-error regime
is best understood by introducing a fictitious value of P associated with
M. Since M; converges to (Id —yP)~!, let us introduce P; such that M; =
(Id —yP;)~', namely, vP; := Id —M, !, assuming M, is invertible. On P;, the
evolution equation of M; becomes

% =-P+P (95)
which is affine, with solution P, = P + e *(Py — P). Thus, the solution for
Mt is

My = (Id—yP +~ve '(Py — P))~*. (96)

Namely, on the variable P, the solution just follows a straight line from
Py to P at a fixed exponential decay rate. P; always converges; however, M;
may be undefined if Id —yP; is not invertible for some ¢t. This depends on
the initialization Py (therefore, on My).

For instance, if Py is equal to any (sub)stochastic matrix, then P; is
(sub)stochastic as well, and Id —~ P, is always invertible, so that M, converges.
This happens for instance: if Py = 0, namely, My = Id; or if My is initialized
to the successor matrix of any Markov process.

More possible initializations appear if considering the dynamics of F;.
Assume E; is diagonalizable (this is the case for random initializations).
Then from (94), the eigenvectors of E; stay the same over time, and each
associated eigenvalue A evolves according to N = —\ + A%, As long as A\ # 0,
this is equivalent to (A™!)" = A=t — 1. So each eigenvalue A~! reaches —oo,
so that each eigenvalue X reaches 0. The exception is when A™! = 0 at some
point, in which case A diverges. Since (A™!)" = A= — 1, this happens if and
only if A™! is initially equal to some positive real value in the complex plane.
So there is a half-line of eigenvalues of Ej in the complex plane which will
lead to divergence.
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A Further Variants and Properties of TD for Suc-
cessor States

A.1 Using a Target Network

In parametric TD, it is possible to get closer to an exact application of the
Bellman operator, by performing several gradient steps to bring the model
My closer to the Bellman operator Id +vP Mgtar for a fixed previous value of
the parameter ', and only update 6'® < 6 once in a while. The formulas
are as follows.

THEOREM 23 (PARAMETRIC TD FOR M WITH A TARGET NET-
WORK). Keep the setting of Theorem 6, but set the target M** to M :=
Id +yPMpar for some value 8% of the parameter. Then the gradient step
to bring My closer to M is

- 89J<9) = IESNp7 s'~P(s,ds’), sa~p [’Y 89m9(37 8,)
+ Dpmg(s, s2) (Ymgear (8, s2) — mg(s, s2))]  (97)

for the model (16) using my, and

- 89‘](9) - IEszvp7 s'~P(s,ds’), sa~p [897719(8, 3)
+ Ogring(s, s2) (Ygrar (8, 52) — mg(s, s2))]  (98)
for the model (15) using 1.

A.2 TD on M with Multi-Step Returns

A multistep, horizon-h version of TD on M can be defined by iterating the
Bellman equation, which yields M = Id4+yP + - -- + 4"~ 1Ph=1 L 4hphpr.
This requires being able to observe h consecutive transitions from the process.
The corresponding parametric update is as follows.

THEOREM 24 (MULTI-STEP TD FOR SUCCESSOR STATES WITH FUNC-
TION APPROXIMATION). Maintain a parametric model of M as in Sec-
tion 3.2 via My, (s1,dsa) = ds, (ds2) + my, (s1, s2)p(dsa), with 0; the value of
the parameter at step t, and with mg some smooth family of functions over
pairs of states.

For h > 1, define a target update of M via the horizon-h Bellman
equation, M*%" = Id 4P + --- + fyhflphfl + 'yhPhMgt. Define the loss
between M and M via J() := % || My — Mtar”i using the norm (1).

Then the gradient step on 6 to reduce this loss is

- 89J<9)|9=0t = ESOprslNP(507d51)y~-~7Sh"‘P(sh—hdsh)ystar"‘P

{7 Do, (50, 51) + v Dgimae, (50, 52) + - - - + 7" Dy, (50, s1)

+ Agme, (50, Star) (V" e, (8h, Star) — me, (0, Star))] . (99)
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For the model (15) using Ty, this update is

- aQJ(H)W:Qz = IEsowp,sle(so,dsl), weey Sp~P(8p—1,dsp), Star~p

[%ﬁlet(so, 50) + 7 Derng, (S0, 51) + - + " Dgrng, (50, 51_1)

+ Dgrig, (50, star) (7" g, (5, Star) — 720, (50, s1ar))| - (100)

A.3 Tabular TD on MR Is Tabular TD on V

In the tabular case, if the reward is deterministic, learning V' via ordinary
TD is equivalent to learning V' via the matrix product V = MR with M
learned via tabular TD, as follows.

THEOREM 25. Consider a Markov reward process with deterministic reward
R. Initialize an estimate V of V to 0 and an estimate M of M to 0. Each
time a transition s — s with reward ry = R is observed, update V via
ordinary TD and M via TD for successor states, with learning rate n, namely

Ve Vot (rs + Ve = T4) (101)
MSSQ — MSSQ + 77 (:H‘S:SQ + VMS/SQ - MSSQ) VSQ' (]‘02)

Then at every time step, V = MR.

Proof. By induction on the time step. This is true at time 0 thanks to the
initialization. If V"= M R at one time step, then the update of M R at the
next time step is

(MR)S = Z MSSQRSQ (103)
52

A Z (M882R82 +n (ﬂs:52 + 7M8’32 - M882) RSQ) (104)
s2

= (VR), +n (Rs + (VM R)y — (VR),) (105)

which is the same update as V,. The values at the other states are not
updated. Therefore, if V' = M R before the update, this still holds after the
update. ]

A.4 The Parametric Update for Backward TD

We now state the analogue of Theorem 6 for backward TD; this provides the
associated parametric update.

THEOREM 26 (BACKWARD TD FOR SUCCESSOR STATES WITH FUNC-
TION APPROXIMATION). Maintain a parametric model of M as in Sec-
tion 3.2 via My, (s1,ds2) = ds, (ds2) + my, (s1, s2)p(ds2), with 0; the value of
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the parameter at step t, and with mg some smooth family of functions over
pairs of states.

Define a target update of M via the Bellman equation, M** := Id +~ My, P.
Define the loss between M and M via J(6) := 5 || My — Mt"“Hi using the
norm (1).

Then the gradient step on 6 to reduce this loss is

- 89‘](9)|0:9t = Eswp, s'~P(s,ds’), s1~p [’7 agmet (Sa 5,)
+ mg,(s1, ) (7 Ogme, (s1,5") — Ogmag, (s1, S))] . (106)

For the model variant in Eq. 15, My, (s1,ds2) = mg,(s1, s2)p(ds2), the gradi-
ent step on 0 to reduce the loss J(0) is

- 89J<6)|9:0t = IEswp7 s'~P(s,ds’),s1~p [aGmHt(S7 3)
+ met(slv s) (v anGt(sla 8/) - 89m9t(517 S))] . (107)

A.5 Having Targets on Features of the State

Learning M is particularly suitable when the reward is located at a single
known goal state g: then, the value function V'(s) is proportional to m(s, g).
For how to exploit M with dense rewards, we refer to Section 8.

Another scenario is to have a target value for some features of the state,
not necessarily the whole state itself: namely, the reward is nonzero when
some known feature ¢(s) of state s is equal to some known goal g. In that
case, it is convenient to learn a smaller object than M, from which the value
function can be read directly. This is also useful if the reward is known to
depend only on ¢(s).

DEFINITION 27. Let p: S — R¥ be any measurable map. The successor
feature operator M¥ is defined as follows: for each state s, M¥(s1,dg)
is a measure on R¥ equal to the pushforward of M(si,dss) by the map

S92 = g = p(s2).

This operator is different from successor representations: here we keep
track of the whole future distribution of values of ¢, not just the expected
future value of .

M?¥ can be used to compute the value function of any reward that depends

only on ¢(s).

PROPOSITION 28. Assume that the reward function at state s is equal to
R(p(s)), namely, it depends only on ¢. Let T be any probability distribu-
tion on features in R*. Assume that M¥ is parameterized as M¥(s,dg) =
m¥(s,g)7(dg). Then the value function of a state s for this reward is

V(s) = Egor[m?(s, 9) R(9)]. (108)
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In particular, if the reward is nonzero exactly when the feature ¢(s) is equal
to some target value g, then the value function is proportional to m¥(s, g).

This is useful only if an algorithm to learn m¥ is available. Forward TD
can be defined on M¥, based on the following Bellman equation.

PROPOSITION 29. M¥ satisfies the Bellman equation M¥#(s,dg) = d,(s)(dg)+
’YES’NP(S,ds’)MsD(S,a dg)

THEOREM 30. Let 7 be any probability distribution on features in R¥.
Assume that M? is parameterized as M} (s, dg) = mj (s, g)7(dg) for some
parametric family of functions mj (s, g) with parameter 6.

Let 6y be some value of the parameter, and define a target operator
M"" by the Bellman equation: M := 6,4 (dg) + YEyp(s.asryMg, (s, dg).
Define the loss between M¥ and M™ via J(0) := Equ,p gor (M (s,dg) —
M*™*(s,dg))/(dg))?.

Then the gradient step to bring M¥ closer to M* in this norm is

- 69‘](9) = Esrvp, s'~P(s,ds’), g~T [397”5(5, (10(5))
+0gmi (s, 9) (ymi (5,.9) — m{(s,9))] . (109)

Once more, the term dpmj (s, ¢(s)) makes every transition informative:
when visiting state s, we increase the probability to reach the goal p(s).

A.6 Taking v Close to 1: Relative TD

For « close to 1, it is known that the value function behaves like a large
constant plus an informative signal, V(s) = 1% + Vrel(s). A similar phe-
nomenon occurs with M. The large constant affects learning in practice,
especially for Bellman-Newton which has terms scaling like M?2.

Vel can be learned directly via relative TD, adapted from relative value
iteration | , §5.3.1], [ , §6.6], just by removing the value of V" at a
reference state from the Bellman equation. Namely, with reference state s,,
the relative TD update upon observing a transition s — s’ with reward ry is

OV = 1y AV = VIV, (110)

This makes it possible to use a v very close to 1, or even v = 1 if the Markov
process is ergodic or “unichain”.

Relative TD can be transposed to M directly. The relative Bellman
equation above rewrites as V™ = R 4 (P — Il]ll—rel)Vrel. Therefore, the
solution is given by

rel T y—1
V¢ = (Id—yP +~11, )" R. (111)

Thus we can set M™ := (Id —yP + 1 ﬂrel)_l-
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More generally, working with a distribution of reference states rather
than a single reference state, we will set

M = (Id =P +y1p}y) " (112)

where p,e is the probability vector for reference states. When v = 1 and
pPrel = p is the invariant distribution of the Markov process, this is exactly
the fundamental matrix of the Markov process | ]

The effect of relative TD is just to replace the operator P with P — ]l,oIel
everywhere. In practice, in the various formulas, for every term involving
the second state s’ of a transition s — s’, a corresponding term is added
with sy instead of s’ and with the opposite sign. Thus, the update (20) for
parametric TD for M becomes

]ESNp, s'~P(5,ds’), s2~p, Srel~Prel ['Y aemet (87 5,> - (%mat (Sa Srel)
+ Opme, (s, 52) (yma, (s', 52) — yma, (Sre1, 52) — Mg, (s,52))] . (113)
The update for parametric backward TD becomes
Eswp7 s'~P(s,ds’), s1~p, Srel™~Prel [’Y 89m9(37 S,) - 89m9(s, Srel)
+ mg(s1,5) (v Ogma(s1,s") — v Dgme(s1, Srel) — Opmg(s1, s))] . (114)
The parametric update (78) of V' via M becomes
Esz7 S/NP(S,dS/),SlN[L Srel™Prel I:(rs + 7V<pi (S/) - fyv(pt (Srel) - Vﬂot (8))
X (0pVio, (5) +ma, (s1,5) 05V, (s1))] . (115)
Finally, the parametric Bellman—Newton update (66) for M becomes
Eswp, s'~P(s,ds’), 81~p, S2~P, Srel~Prel [7 89m9t (57 5/) -7 3em9t (Sa Srel)

+ yme,(s1,8) Ogma,(s1,s") — vmg,(s1,5) Dome, (51, Srel)

+ (ymeg, (s', 52) — ymeg, (Srel, 52) — M, (s, 52)) (Dgme, (s, s2) + e, (s1,5) Dgme, (s1,52))] -
(116)

B Proofs for Sections 3, 4, 5, 7, 8, and Appendix A

In this text we consider two parametric models of M, (15) and (16), given
by mg and my respectively. In most proofs, we only cover the more complex
model myg; the proofs with mg are similar but simpler.

B.1 Proofs for Sections 3 and 4: TD for M

Proof of Theorem 2. By the definition of M in (9), for any measurable
set AC S, for any s € S, M (s, A) is defined as

M(s,A) = Z’y”P”(s,A). (117)

n=0
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Since each P"(s, -) is a probability distribution, P"(s, A) < 1 so that this sum
of non-negative terms is bounded by ﬁ, and therefore the sum converges.
M (s,-) is a positive measure as a convergent sum of positive measures (o-
additivity for M(s,-) follows from the dominated convergence theorem). Its
total mass is M (s,S) = 32,507 P(5,5) =2 207" = ﬁ

As a positive measure with finite mass, M (s,-) acts on bounded mea-
surable functions, just like P, via (M f)(s) = [ f(s')M(s,ds’). Since M
has mass ﬁ for any s, this integral is bounded by T— Sup f, so that
sup M f < ﬁ sup f for any function f € B(S). Thus, M is well-defined as
an operator from B(S) to B(S).

As an operator, one has YPM = yP 3, - oy"P" = 3,51 7" P". There-
fore, Id—yP)M = M — yPM = Y ,07"P" — Y51 7" P" = 1°P° = 1d
(the sums converge absolutely by the same boundedness argument as before,
thus justifying the infinite sum manipulations). This proves that M is a
right inverse of Id —v P as operators. The computation is identical for the
left inverse; therefore, M and Id —yP are inverses as operators on B(S).

Finally, let R be any (bounded, measurable) reward function. Since
(Id—yP)M = Id, one has (Id —yP)M R = R namely MR = R+ vPMR.
This proves that V' = M R satisfies the Bellman equation V = R+~PV, and
so M R is the value function of the Markov reward process.

Proof of Theorems 3 and 9. An operator M’ satisfies the left Bellman
equation M" = Id +yPM’ if and only if M/ —~vPM’ =1d, or (Id —yP)M' =
Id, namely, M’ is a right inverse of Id —yP. By Theorem 2, Id —yP is
invertible and its inverse is M. Therefore, the only right inverse of Id —yP
is M.

The proof is identical for the backward Bellman equation, with left
inverses instead of right inverses.

Proof of Propositions 4 and 10. By definition of the operator P, for
any function f we have ||[Pf||,, = sup, [ f(s')P(s,ds’) < supy f(s') =
| fllo» so that P is 1-contracting. Therefore, for any bounded operator
M and function f, one has [[PMf||, < [M [, < M|, [1flls, so that
|[PM]||,, < [[M]|,, for any M. Therefore, given two operators M and M’, one
has || (14 +PM) — (1 +PM')||,, = |P(M — M), <~ | M — M|,

For the backward Bellman operator, M +— Id +yM P, the proof is similar,
using that for any bounded operator M and function f, one has ||[MPf|| <
IM [y 1Pl < 1Mo, 1f s 50 that [P, < [[M]],, for any M.

Proof of Theorem 6. In this proof, we freely go back and forth between
M or M'™ as measure-valued functions, and M or M as operators on
bounded functions. Notably, the operator Id corresponds to the measure
s, (ds2).
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We start with the statement for the first model, My, (s1,dsa) = ds, (ds2) +
my, (s1, 52)p(ds2).

By definition of M*™ = Id +yPM,,, and by definition of the action of
the operator P, we have

M (s, dsg) = 64(dss) + ’y/ P(s,ds") My, (s, ds) (118)
= 05(ds2) + // P(s,ds")dy(dsg) + ’y// P(s,ds"Ymyg, (s, s2)p(ds2)
(119)
= 68(d82) + ’YP(‘S? d52) + ’)/ES/NP(S,dS,) [met (5/7 52)p(d32)]
(120)

by the definition of the Dirac measure dy. Therefore,
M™(s,dsg) — My(s,dsz) = M™ (s,dsy) — 05(dsa) — myg(s, s2)p(ds2)
= yP(s,ds2) + v Eyp(s,as)[me, (s's s2)p(dsa)] — my(s, s2)p(ds2) (121)

By definition of J(0) and of the norm ||-|| ,, we have

50) = 5 [[ 5,52 plas)plase) (122)

where jg(s, s2) := (M™% (s,dss) — My(s,ds2))/p(dss) (assuming this density
exists). 16 Consequently,

0pJ (0 //Je s, 52) Ogjo(s, s2)p(ds)p(dsa) (123)

assuming jy is smooth enough so that the derivative makes sense and com-
mutes with the integral. From the definition of jy and from (121) we have

P(s,ds2)

] = — ’ / ! -
oo, 2) = 7= P It 2]~ mo(s, ) (124

and
Dojo(s, s2) = —0pmy(s, 52) (125)

(and consequently, jy is smooth if my is smooth). Therefore,

—0pJ (0 / Domy(s, s2) ( (?djs)Q) + Y Ey o p(s,ds) Mo, (s, 52)] — m(i;;2)) p(ds)p(dsz2)

This proof involves P(s,dsz2)/p(dss), but this quantity only appears as
(P(s,ds2)/p(ds2))p(ds2) in the final result (126). Therefore, the argument extends by
continuity to the case when P(s, ) is not absolutely continuous with respect to p: in that
case the norm J(0) is infinite but its gradient 9pJ(0) is still well-defined by continuity.
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The first term [[ Ogmyg(s, s2)7y ]D;)(féizf)p(ds)p(dSQ) rewrites as y [ Ogmyg(s, s2)P(s,ds2)p(ds)

namely YEs,Eq,p(sds,)Pome(s, s2). Renaming sz to s” in this term ends
the proof.

Let us now turn to the model My, (s1,ds2) = g, (s1, s2)p(ds2). Here,
there is a hidden mathematical subtlety with continuous states. Indeed,
in that case, My, is absolutely continuous with respect to p, while M'™*
is not, due to the Id term, as discussed in Section 3.2. (With the other
model, the Id terms cancel between My, and M) This makes the norm
J(0) = 1| Mp— MtarHi infinite (see its definition in (1)). However, the
gradient of this norm is actually still well-defined. There are at least two
ways to handle this rigorously, which lead to the same result: either do the
computation in the finite case and observe that the resulting gradient still
makes sense in the continuous case (which can be obtained by a limiting
argument), or observe that the loss J(6) is equal to 3 ||M9Hi — (Mp, M), +
3|M tarHi and has the same minima and the same gradients as the loss
J0) =1 HMgHi — (Mp, M), for a given M'*. Namely, J and J' differ by
a constant in the finite case, and by an “infinite constant” in the continuous
case. We will work with the loss J’, which is finite even in the continuous

case.

Here (My, Ma), = [, M;((s;‘isf) ME((S’SCSQ) p(ds)p(dss) is the dot product

associated with the norm (1). Since the integrand can be rewritten as

Mp(ds)Mg(s, dsa), it is well-defined as soon as at least one of M; or
p(ds2)

Ms> is absolutely continuous with respect to p. Namely,

gy = [ M)

o p(ds) p(ds) Ma(s,ds2). (127)

Let us compute J'(0) = 1 ||M0Hi — (My, M) ,. By definition of M =
Id +~yP My, , and by definition of the action of the operator P, we have

M (s,dsg) = d4(dsa) + 7/ P(s,ds’")My,(s', dsz) (128)

= 58((152) + /VES’NP(S,ds’) [met (5,7 82)p(d82)] (129)

by definition of the model My, (si,dss) = mg,(s1,s2)p(ds2). Therefore,
by (127),

(My, M), = / (s, 52) p(ds) M (s, dsy)

s,82
— [ ol s) plds) 7y [ dia(s,2) i, (' 52) p(ds) P(s, ds') p(ds2)
s s, s, 82
(130)

thanks to (129). Next, since My(s,ds2) = my(s, s2)p(dsz2), the definition of
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the norm (1) yields

1 1 -
SIMGI2 = 5 [ igls,52)° p(ds) pldsa). (131)

2 5,82

Collecting, and rewriting the integrals as expectations, we find

1_ -
Jl(e) = Eswp, s2~p [2m9(87 52)2 - m,g(S, S):|
- ’YEswp, s'~P(s,ds’), sa~p [7719(8, 82) me, (8/7 82)] (132)
hence
0pJ" (0) = Egp, somp [0M9(5, 52) g (s, 52) — Omng(s, s)]
- PYEswp, s'~P(s,ds’), sa~p [8T7L9(8, 32) me, (3/7 32)] (133)

which is the expression given in Theorem 6 for § = ;. This ends the proof.

B.2 Proofs for Appendix A: Further properties of TD for M
Proof of Theorem 23. The proof is identical to that of Theorem 6, but

with 0% instead of #' and no substitution § = 6, in the last step.

Proof of Theorem 24. Exactly as in Theorem 6, setting jy(s,s’) :=
(M*®™(s,ds") — My(s,ds"))/p(ds’), we have

001(6) = [[ do(s. ) duias. 8 )o(ds)p(ds) (134)

= /[ i, ptcks) (s ) () (135)

— /[ o, p(cds) (M (5, ds') = My(,d) (136)

and since M depends on #; but not on 0,
dpjo(s,s') = —0y (W) = —0ymy(s, s'). (137)
From the definition of M we have
M (s, ds") = 04(ds’) + hf v Pi(s,ds’) +y"(P" My, )(s,ds") (138)
i=1

and since Moy, (s,ds’) = d5(ds’) + mg, (s, s")p(ds’) we have (P"My,)(s,ds’) =
Ph(s,ds") + [ P"(s,ds")mg,(s",s")p(ds") so the above rewrites as

h—1
M™(s,ds’) = 5S(ds’)+z 7 P(s,ds' )+ P (s, ds’)—Fyh/Ph(s,ds")mgt(s”, s )p(ds’)

i=1
(139)

67



and so

M (s,ds") — My, (s,ds’) =
h

—mg, (s, 5 )p(ds') +>_ 7' P(s,ds) + 4" / P(s,ds")mg, (5", s")p(ds").
i=1
(140)

Let us plug this into (136) for § = 6;, and study each contribution in
turn. The term —mg, (s, s')p(ds’) produces a contribution

7/ Dgja, (s, 5" )p(ds)meg, (s, s )p(ds’) = ]ESNP’S/Npmgt(s,s') Ogme, (s, 8')

by (137). Each term ~*P? produces a contribution )
7 [ [ uols. s p(ds) (s, ds) (142)

which by definition of P?, can be rewritten as
v Egpmp, 1 P(50,d81), oory si~P(s5_1,ds) 076 (S05 81)- (143)

For the same reason, the term ~" P"my, produces a contribution

7h Esowp, s1~P(s0,ds1), ..., sp~P(si—n,dsp), s’Np[mGt (8117 8/) 89j9(807 8/)] : (144)

Collecting all terms and using (137) to replace 9pj with —dpm leads to the
expression in the theorem.

For the case of the model (15) using my, proceed as for Theorem 6 and
use the loss J'(0) = 1 ||M9Hi — (Mg, M*"),, which has the same minima as

the loss J but makes sense in a more general setting. In this case we have

h—1
M™(s,ds") = 05(ds’) + Z A Pi(s,ds’) + A" / P"(s,ds")me, (5", s")p(ds")
i=1

(145)
The dot product (My, M**), is given by (127). Expand the value of M'*
into (127), and proceed as above.

Proof of Theorem 26. As in the proof of Theorems 6 and 24, set
Jo(s,s') == (M (s,ds") — My(s,ds’))/p(ds’). Then

00(0) = [[ jals. ) (s, p(cds)plds (146)
— / Dngo(s, s )p(ds) (o (s, ') p(ds')) (147)

:/ Opjo(s, s )p(ds)(M™ (s,ds’") — My(s,ds")) (148)
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and since M'* depends on 6; but not on 6,

My(s,ds’)
p(ds’)

From the definition of M*'*" and the composition of operators, we have

gJo(s, 8,) = —0y ( ) = —0pmy(s, 8/). (149)

M (s, ds') = 8,(ds’) + / My, (s, ds") P(s", ds') (150)
= 05(ds’) + vP(s,ds’) + "y/mgt(s, s p(ds")P(s",ds") (151)

thanks to the parameterization My, (s,ds”) = d5(ds”) + mg, (s, s”)p(ds”).
Thus

M™(s,ds)—Mp,(s,ds’) = yP(s,ds")+yEg~,[me, (s, s")P(s",ds")]—mg,(s, s') p(ds').
(152)

and plugging this into (148) at 6 = 6, substituting —dymy for dyj as per

(149), and rewriting the integrals as expectations under p and P, we find

- aQJ(e)W:Gz = ’YESNP, s'~P(s,ds’) 89777,91 (87 3/)

+7Es~p, s'~p, s'~P(s",ds") [mgt (37 3”) 89m9t (57 3/)] _ESNp, s’wp[met (37 3/) 30m9t (57 5/)]
(153)

which yields the expression in the theorem after renaming variables. The
proof for 7 is similar, using the loss J’ instead of J as in the proof of
Theorem 6.

Proof of Propositions 28 and 29. The pushforward by ¢ of a mea-
sure p is the unique measure p¥ such that, for any function f, one has
I f(g)p#(dg) = | f(p(s))u(ds).

For Proposition 28, assume that the reward function at a state s is equal to
R(¢(s)). By definition of the successor state operator M, the corresponding
value function satisfies V(s) = [, R(p(s'))M(s,ds’). By definition of the
pushforward measure, the latter is equal to [, R(g)M?(s,dg). If M¥#(s,dg)
is equal to m¥(s, g)7(dg) for some probability distribution 7, this rewrites
as Egrm?(s,g)R(g). This proves Proposition 28.

For Proposition 29, just start with the Bellman equation for M: M (s, dsg2) =
ds(ds2) +YEgps|syM(s',dsz). Then take the pushforward by ¢ on both
sides, using that the pushforward of measures is linear. Finally, use that the
pushforward of the Dirac mass at s is the Dirac mass at ¢(s). This provides
the Bellman equation for M*¥.

Proof of Theorem 30. The proof is entirely analogous to the proof of
Theorem 6 for the model m.
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B.3 Proofs for Section 5: Goal-Dependent Methods

Proof of Theorem 12. The proof is very similar to that of Theorem 6
and is omitted. Theorem 12 can also be obtained as a particular case of
Theorem 13 applied to the state-action process.

Proof of Theorem 13. Proceed similarly to Theorem 6. Define a norm
on V(s,dg) similarly to (1), as the L? norm of its density with respect to
pG:

V(s,dg)*

2
IV (s, d9) 56,0 = Es.g)mpsc [pg(dg) 1 : (154)

Let vg(s,g) be any smooth parametric model, and set Vy(s,dg) :=

ve(s, 9)pc(dg).
Let 0y be some value of the parameter 6, and define a target update V'

via the Bellman equation (41):

Vtar(s7 dg) = OJ(S, g) 64,0(5) (dg) + VES’NP(dsﬂs,g) ‘/90 (3/7 dg) (155)

For any parameter 6, define the loss

2

7(6) = % [vs - ver (156)

PSGHP

Then, as in Theorem 6 one finds

B OgVy(s,dg) V(s ,dg) — Vy(s,dg)
~ 9 J(0) = //s,g psc(ds,dg) pc(dg) pa(dg)

= ] et st (S5

+ VB P |.g) 000 (5' dg) = va(s,dg) ) (157)

The second part of this equation matches the Bellman gap part of the
TD update in the statement of the theorem, with 8y = #. (This also provides
the TD update with an arbitrary target network defined by 6y.)

For the first part with the Dirac term, remember that a(s, g) = ps(dg)pa(dg)/psa(ds,dg).
Thus,

//Sg psc(ds,dg) 9eva(s, g) a(S’Z)G(EgS)) (d9)

= /Sps(dS)/gf%ve(S’g) dp(s)(dg) = /sps(ds) Dpve(s, (5)) = Esnps Dgvg(s, ¢(s))
(158)

as needed. This proves that the TD update is as announced in the statement.
Obviously, « = 1 when s and g are independent.
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For the statement about ¢ = Id, note that the Bellman equation only
depends on the value of a on pairs (s, g) such that ¢(s) = g. Therefore, if
the statement holds for some function «, then it also holds for any other
function o such that o/(s,g) = a(s,g) when ¢(s) = g, because this will
define the same V%, With ¢ = Id, this means that the statement holds
for any other function o/ with o/(g,g) = a(g,g). Define o/(s, g) := a(g, g).
Then &/(g,9) = a(g, g), and o only depends on g. This completes the proof.

Proof of Theorem 14. Assume the action space A is countable. Let Q
be the set of measurable functions from S x A to the set of measures on S.

For Q1 and @2 in Q, we write @1 < Q2 if Q1(s,a,X) < Q2(s,a, X) for
any state-action (s,a) and measurable set X C S. The Bellman operator
of Definition 11 acts on Q and is obviously monotonous: if Q1 < Q2 then
TQ1 <TQs.

Since the zero measure 0 € Q is the smallest measure, we have 70 > 0.
Since T is monotonous, by induction we have T**10 > T*0 for any t > 0.
Thus, the (T%0);>0 form an increasing sequence of measures. Therefore, for
every state-action (s,a) and measurable set X, the sequence (1T%0)(s, a, X) is
increasing, and thus converges to a limit. We denote this limit by Q*(s, a, X).
We have to prove that Q* € Q, namely, that for each (s,a), Q*(s,a,-) is a
measure. The only non-trivial point is o-additivity.

Denote Q; := T%0. If (X;) is a countable collection of disjoint measurable
sets, we have

Q*(s,a,U; X;) = tlglolo Qi(s,a,U; X;) = tl_i)TgloZQt(SyaaXi)

= Ztlggo Qi(s,a, X;) = ZQ*(s,ani) (159)

where the limit commutes with the sum thanks to the monotone convergence
theorem, using that ); is non-decreasing. Therefore, Q* is a measure.
Let us prove that TQ* = Q*. We have

TQ*(Su a, ) =05+ ’VES’NP(S’|S,(L) sup Q*(S,7 CL/, ) (160)

by definition. For any s', denote Q(s',-) := supy Qi(s',d’,-) where the
supremum is as measures over S. Since (J; is non-decreasing, so is Q.
For any state s’, we have

sup Q*(s',d’,-) = supsup Q;(s', d’,-) = supsup Q4(s', a', -) = sup Qt(8/7 )
a’ a’ t t a’ t
(161)
since supremums commute. Now, since (); is non-decreasing, thanks to the
monotone convergence theorem, the supremum commutes with integration

71



over s’ ~ P(s'|s,a) (which does not depend on t), namely,

ES/NP(S/|S,U,) sup Q*(8/7 a/7 ) = I['z's/fvP(s/|s,a) Sl}/lp Qt(sla )
a/

= Sltlp Es’wP(s’\s,a)Qt(Sly ) = Sltlp Es’rvP(s’\s,a) sup Qt(slv alv ) (162)
a/

and so TQ* = sup, TQ;. Now, since Q' = T*0, we have TQ* = T'"'0, so
that sup,>o TQ" = sup;; TP0 = Q*. So Q* is a fixed point of T'.

Let us prove that Q* is the smallest such fixed point. Let @’ such that
TQ = @'. Since 0 < Q" and T is monotonous, we have 70 < TQ' = Q'. By
induction, T'0 < Q' for any t > 0. Therefore, sup, 70 < @', i.e., Q* < Q.

The statement for finite state spaces reduces to the classical uniqueness
property of the usual @ function, separately for each goal state.

B.4 Examples of MDPs with Infinite Mass for Q*

Here are two simple examples of MDPs with finite action space, for which
the mass of the goal-dependent Q-function Q*(s,a, s2) is infinite. The first
has discrete states, the second, continuous ones.

Take for S an infinite rooted dyadic tree, namely, S = {@,0,1,00,01,...}
the set of binary strings of finite length k£ > 0. Consider the two actions “add
a 0 at the end” and “add a 1 at the end”. Then, for every state s, Q*(s,a, )
is a measure that gives mass v* to all states so that are extensions of s by a
length-k string that starts with a. Thus, its mass is 1+ ) ;-4 A#2F=1 . This
is infinite as soon as v > 1/2. This extends to any number of actions by
considering higher-degree trees.

A similar example with continuous states is obtained as follows. Let
S =10;1) x [0;1). Let C ={2,0,1,00,01, ...} the dyadic tree above. For
each string w € X, consider the set B,, C S defined as follows: B,, is made
of those points (z,y) € S such that the binary expansion of x starts with
w, and y € [1 — 1/2%;1 — 1/2%+1) where k is the length of w. Graphically,
this creates a tree-like partition of the square S, where the empty string
corresponds to the bottom half, the strings w = 0 and w = 1 correspond
to two sets on the left and right above the bottom hald, etc. Define the
following MDP with two actions 0 and 1: with action 0, every state s € By,
goes to a uniform random state in By, and with action 1, every state s € By,
goes to a uniform random state in B,1. The goal-dependent @)-function Q*
is similar to the dyadic tree above, but is continuous. Its mass is infinite for
the same reasons.

B.5 Proofs for Sections 7 and 8: Second-Order Methods

Proof of Theorem 17. Define M := (Id —715)*1 where P is updated by
(58). The update (58) can be rewritten as P < P + (1/ns)15(1], — 11P).
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This is a rank-one update of P. The update of Id —'yﬁ is —v times the
update of P, and is still rank-one: it is equal to uv' with u := —(v/mns) 1,
and v = (1], — 1.P). The Sherman-Morrison formula gives the update of
the inverse of a matrix after a rank-one update. By this formula, the update
of M = (Id—yP) ! is
N enr - MM 1 MGy =y L DM (163)
1+v™Mu ns1— - (y1L,—~y1[P)M1,

Now, since M = (Id —yP)~!, we have yPM = M —Id. Therefore, the terms
('y]l—sr, — y1LP)M are equal to WILI,M — 1IM + 1, and the update is

o~ 1 ML(TM — 1M 1T
M(—M—Ff 15(7 S _ sA + s) (164)
Ns 1 — o-(y1L, M — TIM + 1)1
~ 1 M1y(1 M — 1M + 17
_ M+ L 5(1'7 s _ SA + s) (165)
ns 1— n—s(yMS/s — Mss +1)

which is the exact update of M. This provides the update (61).

The value function V of the estimated process is (Id — vﬁ)_lﬁ = MR.
When M < M+6M and R <+ R+6R one has V < V+M SR+MR+5M SR.
From (58) we have dR = nis(rs —R)1, = nl—s(rs]ls —1,1[R). Plugging in the
value of M from (165), keeping only first-order terms in 1/ng, and using
1IMR = 11V = V,, provides the update of V in (62).

Proof of Theorem 18. First, note that the expectation in the statement
is averaged over the next step, but conditional to all quantities M, V, etc.,
computed in the previous steps. In this proof, we will just write E for short.
Since the the denominator in (165) is 1 + o(1/ns), the update (165) of
M is M < M + 0M with
1 - ~ ~
SM = —M1y(y1L M — 1IN + 17) + o(1/ny). (166)
Mg
We want to compute the expectation of this update when s is sampled from
p and s’ from P,y. This yields

1. . .

E[M] =" psPss/n—M]ls(vﬂI,M — 1M + 1)) + o(1/n,) (167)
1 . . .

=< > Poy M1(y1y M — 1IM + 1)) + o(1/t) (168)

8,8’
where the last equality holds because ng = tps + o(t) by the law of large

numbers (since s is sampled from p). Now, we have 3, , Psy1 s]lz, = P and

Ses Pow 151 =3, 1,1] = Id. Thus,
1. N
E[6M] = ;M(fyPM — M +1d) + o(1/t) (169)
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as needed.
To compute the update of V = MR, let us first compute the update of
R. By (58), the latter is R +— R 4 dR with

SR=(ry = Rl = o (ry ~ R)Lo+o(l/t).  (170)
S Ps

Now, the update of V = MR is 6V = SM R+ M §R+ 6M 5R. The last term
SM SR is O(1/t?), so we can drop it. We find

E[6V] = E[MR] + E[M 6R] + o(1/t) (171)
= E[6M]R + ME[§R] + o(1/t) (172)

since the expectations are averaged over the next step but conditional on
the previous steps, which comprises the previous values of R and M. Next,

~ 1 - ~ ~ ~
E[0M|R = - M(yPNI — M +1d)R + o(1/%) (173)

= %M(vPV ~V+R)+o(1/t) (174)

since V = MR. Next,

NIEIGR) = 313 po - (Blr] = R)L +0(1/1) (175)
_ %M(R ~R) 4 o(1/t) (176)

since Y, E[ry]ls = R and Y, R,1, = R. Summing, we find E[§V] =
TM(yPV =V 4+ R+ R — R) 4 o(1/t) as needed.

Proof of Theorem 21. First, note that we expressed this theorem for
a single transition s — s’, while we expressed the similar theorem for TD
using the Bellman operator M%' = Id +yPM, which is the sum of the
single-transition update for all values of s.

This is because the single-transition update is more informative in this
case, especially given the exact update of M in Theorem 17. (At first, we
worked at the operator level, and found a parametric expression which was
the same in expectation over transitions s — s’, but did not correspond to a
single-transition update, had a larger variance, and performed much worse
in practice.)

However, the single-transition updates (58) and (61) only make sense in a
discrete-state setting. Thus, to best preserve the information from observing
a single transition, we state and derive Theorem 21 in a discrete-state setting.
The resulting parametric update makes sense for continuous states.
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(In Appendix H we rigorously derive this same update for continuous
states, in expectation over s — s’, as we did for TD. The analogue of the
Bellman operator 6 M = Id +yPM — M for implicit process updating is the
Newton-Bellman operator 6 M = M — M (Id —yP)M of Definition 19.)

Thus, let us work in a discrete setting, using matrix notation. Let us
consider dM and 6V given by (61)—(62). For simplicity we omit the o(1/ny)
terms in (61)—(62): they are absorbed in the o(1/t) of the final statement
of the theorem, because ngs ~ p(s)t by the law of large numbers. (Indeed,
p(s) is defined as the probability to sample a transition from s in our data
model.)

With M := My, + 0M and from the definition (1) of |-[| ,, we obtain

(M0 _ Mtar)
p(s2)?
—Z” - MR, (178)

51, 52

:E

My — M i 3152 (177)

S1~p, S2~p

so that the gradient step on the loss is

— 9] (0) = —0 (; |y — arte

Z) (179)

S
- Z P 1 Mtar M9)51828 <M9)8152 (180)
=, 0(82)

and we compute the gradient step at 0 = 6; since M — My, = M, we get

—0pJ (0)g=0, = Z p )s1s0 Op(Mp)sys,- (181)

S1, 32

Now, remember that the parameterization is (Mp)s,s, = Ls,=s, +mg(s1, 52)p(52).
We obtain
0p(Mp)s, s, = Ogmig(s1, 52)p(s2) (182)

and from the expression (61) for 6 M, up to O(1/n?) terms, we have

—0pJ (0)9=0, = p

M9t)818 ( sp=s T V(Met)S’Sz - (M9t)882) 69m9t (517 32)p(82)

(183)
so that p(s2) cancels out. Now let us expand (Mp, )s,s, = Ls;=s, +m0, (51, S2)p(s2)
into this expression. We have

51, 52

IL82=8 + ’Y(MGz)S’Sz - (Met)ssz = 15’252 + 'ymez(sla 52)/)(32) — me, (Sv 52)[)(52)
(184)
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and after tediously collecting all terms, we arrive at

— 09 J(0)o=0, = Z Pl Lsy=s Lyr—s, Ogmyg, (51, S2)

51,52
+ Z Pl (s1,8)p(8) Ly=s, Ogme, (51, 52)
81,89
p(sl) /
+> Ly, —s (yme, (8', s2) — my, (s, 52)) p(s2) Dgmg, (1, 52)
51,82 s
P(Sl) /
+> me, (s1,5) p(s) (yme, (s', s2) — me, (s, 52)) p(s2) Dgme, (51, 52).
51,82 $
(185)
The first term rewrites
s s
Z pls1) Tg,=s Ly—s, Ogmg, (s1,52) = o )(%'mgt(s,s’). (186)

81,52 $

The second one rewrites

S S
3 2 (51, 8)005) Ly Do (51, 52) = L Byl (51, 5) B, (o, )

S

51,52
(187)

Similarly, the third term in (185) rewrites as

p(s) ' _
ESQNP <7m9t (5 ) 52) me, (87 52)) 89m09t (5’ 82) (188)
and the fourth as
p(s) by

EslNP: sor~p (’Ymgt (‘9 ) 82) me, (57 82)) a97n9t (81’ 52)' (189)

s

Now, by definition of p in our data model, p(s) is the frequency with which
a transition starting at s is sampled. Therefore, by the law of large numbers,
ns ~ tp(s) when t — oco. Therefore,

p(s)

S

=1/t +o(1/t) (190)

when ¢t — oo. (This is the advantage of defining all norms with respect to p;
anyway, in a general setting, p is the only available measure on S to define
norms with.)

Thus, when t — oo,

1
N (69m9t(87 3/) + ESlNP[m9t (817 5) 89m9t (317 5,)]

+E82NP (’Ymet(8/7 32) — My, (5’ 82)) aemgt(s, 52)
+E51N07 S2r~p (Vmet (8/7 82) — Mg, (37 82)) 8.9m9t (817 82)) + 0(1/t) (191)

— 89J(9)9:9t =
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which is the expression (66) given in Theorem 21.

This ends the proof of Theorem 21 for discrete states, which is the only
setting in which the single-transition update dM makes sense. Yet the
expressions obtained also make sense for continuous states. Appendix H
contains a rigorous derivation for continuous states, in expectation over
s — s, as we did for parametric TD.

Proof of Proposition 22. Given a parametric model V,, with parameter

¢, at each step ¢, define a target V¥ := V,,, 4+ §V with §V given by (62).

As for Theorem 21, the update (62) is defined via a single transition s — s’
and only makes sense in a discrete space, as does V%, So we work with a
parametric model on a discrete space and observe that the resulting update
is well-defined in continuous spaces. (As with Theorem 21, continuous spaces
can be treated rigorously by considering the expectation over s — s, see
Appendix H.)

The loss function on ¢ is JV (p) := 1 ||V, — V“"rHQL2 (»)- Then
AR Zp 51) (Vi (1) + 0V, — Vio(51)) 0pVip(1) (192)
and so
_anV(SD)Iso=sot = Z p(s1) 6Vey 0oV, (s1). (193)
S1

Plugging in the expression (62) for §V (with Vi = V,,(s) and My, =
My, (s1, s2)) yields, again omitting the o(1/n) terms,

p(s

_a‘P‘] ( )|SD Pt (T8+7V90t

817 )8<PVSOt (81)

(194)
and plugging in the parametric model My, (s1,5) = Ls;=s + ma,(s1,5)p(s)
yields

~0dV () jpmn = (s + Vg (' Zp (Loy—s + Mg, (51,9)p(5)) DpVip, (s1)

(195)

= (V) = VD) (B2 0,03 (5) + sl (51,90, Vi 51)

S S

(196)

and as above, p(s)/ns = 1/t + o(1/t) when t — oo, so this yields the
expression (78) in the theorem.

Proof of Theorem 16. This convergence analysis is partially inspired by

[ |. The main differences are the data model and the metrics computed.
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We assume that p is an invariant probability measure of P, and that
the reward is bounded by Rpax with probability 1. We define the empirical
distribution of states p; as: (p)s = 2=, with ng the number of visits to state
s up to time t. We also consider P, and R; as defined in (58).

The initialization of P and R does not matter, as it is erased the first time
a state is visited. To fix ideas, we initialize P and R to 0; this helps ifp=0
for some states. (In particular, P may be substochastic: 0 < 3, Pza < 1 for
all 7.)

We define pP, as the empirical distribution of transitions: (pP,)s,s, =
%122 where ng,s, is the number of observations of a transition (sg,s2) up
to time t. We have (]5t)5182 = % if ng1 > 0, or 0 if ng; = 0. Hence
(th> 5150 = sy (Pt) 5155

The proof strategy is to bound the errors || M — M||, v and |V — Vll, by
€rrors on ,oP and R. The error on pP can then be controlled by concentration
inequalities on empirical distributions, and the error on R can be bounded
via the Hoeffding inequality.

The successor state operator estimate M is (Id —yP)~'. By the Bellman
equation for M and M,

M — M =~PNM —yPM (197)
=yP(M — M) +~(P — P)M (198)
and therefore
(Id —P)(M — M) =~(P - P)M (199)
and thus A A A
M—-M=~M(P—-P)M (200)
by definition of M.
Therefore,
IV = M|prv = Y| M(P = P)M| v (201)
7 sz ZMzk P P)klMl] (202)
i,J k.l
S % Z pzMZk‘p — P‘klMlj' (203)
,9,k,l
We know that (1 — )M is a stochastic matrix, and p is an invariant
probability measure. Therefore, Y, p; M, = E'y pr- Moreover, if P is sub-

stochastic, 7 Mlj < ﬁ (with equality if P is stochastic). Therefore,

187 — M

v ——|P-P
’ (1—7)2H

pTV- (204)

78



We define (pP) as the matrix Diag(p)P. We now bound the error |[P —
P||,Tv by the error ||pP — (pP)||Tv, in order to use standard concentration
inequalities on empirical distributions:

. 1 .
1P = Pllprv = 5 [IDiag(p) P — (pP)l1 (205)
- 1 .

< P = (pP)lirv + 5 [|Diag(p — p) Pl (206)
<|lpP = pPllrv + [Ip — pllTv (207)
- 1 .
< ||pP = pP|lTv + 3 SO by — piby (208)
i J
- 1 .
<llpP = pPlirv + 5 3 1piPij — piPy] (209)
i?j
< 2||pP = pP|1v (210)
Therefore,
« 2y —
[M — Ml[,rv < WHPP — pP|1v. (211)

‘We now consider the error on V. We have:

IV =V, = MR~ MR, (212)
< (M = M)R|[, + [|M(R = R)|, (213)
~ 1 .
< 2Rmax||M — M||prv + ﬁHR*RHp (214)
4Rmax = 1 fa
< —||pP — pP|ltv + —||R — R||; 215
TGP = pPllry + IR =Rl (215)

We now bound [[pP — pP||py and |R — R e

We can bound the error Hﬁ — R||, with the Hoeffding inequality. R, is
the average of ns independent samples of expectation Rs. Since the reward
is bounded by R4, with probability 1, we can use Hoeffding’s inequality.
For any s with ng > 0, we have:

2

~ nsu
_ < —_
P(|R— R|s > u) < 2exp ( SR? ) (216)

max

Hence, for any s with ns > 0, we have with probability 1 — %:

(217)

—~ 2
|Rt - R‘s g Rmax - log N
g )

and since ps = ny/t, this rewrites as

o Rmax 25
ps|Rt — R|s < : HQnslogT. (218)
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For - states with ng = 0, ps = 0 and the inequality still holds. If for all s,
P(|R; — R|s > €5) < g, then

ng ZP@S‘E — R[5 > &) (219)
<Y 9 _ ) (220)
~X . S -

Thus, with probability 1 — 6,

D Rmax
IR - Rlly < = 21g5zm (221)

ma",/21 0g 2 5 Znsxf (222)
Rma
< 251 22
\/{e =1/28 og 22 5 (223)
since ) . ns = t.

We now bound ||pP — pP||ry. pP is the empirical distribution over all
possible transitions. The set of all possible transitions is of size S?. However,
if (pP),,,, = 0, then with probability 1, pP, ,, = 0. Therefore, if E is the
number of edges of the MDP ((s, s') is an edge if Py > 0), ||pP — pP|l1rv
can be bounded by an inequality on the total variation error of the empirical
measure on a set of size E. We use Theorem 2.2 from | ]'7, and have
with with probability 1 — §:

— 2
[oPy — pPllTv < \[ 2Elog < (224)

By plugging equation (224) into (211), with probability 1 — 4,

N 2
M — M| ,1v < 2F log 5 (225)

2
(1—7)2Vt

Finally, by plugging (223) and (224) into (215), with probability 1 — 4,
we obtain

. 2R 1 4 1 R / 48
V-V omax 2F lo + —— X, 19S1log — 226

— log 5 (227)

which ends the proof.

17We use the trivial bound (m) > 2 with the notation of the original paper.
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C The Bellman—Newton Operator and Path Com-
position

In Section 4.3, we explained the link between learning successor states
and counting paths in a Markov process. Here, we formalize that link,
by studying how updating M via the Bellman equation (or the backward
Bellman equation) updates the paths represented in M. We will prove that
after ¢ steps, the estimate of M via Bellman—Newton exactly contains all
paths up to length 2 — 1 with their correct probabilities in the Markov
process, while forward and backward TD exactly contain all paths up to
length t.

Thus for each algorithm (forward TD, backward TD, and Bellman—
Newton), we consider the exact (deterministic, non-sampled) update: we
set My = Id and then define at step ¢t + 1 the update My as the target
update given by the corresponding fixed point equation. For forward TD,
the operator update is defined as:

MR =1d+yPMP. (228)
For backward TD, the operator update is defined as:
MEP = 1d +yMPTPP. (229)
The Bellman-Newton update (Definition 19) with learning rate 1 is
MEN = 2MPN — MPN(1d —yP)MPN. (230)

In expectation over the transition s — s’, the expected exact online update
is M = }(M — M?* + yMPM) (Eq. 63). Here for the corresponding
deterministic operator we use a learning rate 1 instead of 1/¢, which yields
OM = M — M(Id—~P)M, hence the update (230). The successor state
operator M = (Id —yP)~! is a fixed point of this update. '® This corresponds
to the Newton method M <+ 2M — M AM for inverting a matrix A | ].

We now relate the forward TD, backward TD, and Bellman—Newton
updates to path composition. For each algorithm, we prove by induction that
at step t, there exists an integer n; such that (M;)ss is equal to the number
of paths from s to s’ with length at most n;, weighted by their probability
and discounted by their length, namely,

ne

(Mt>ss’ = Z 'Y‘pup(p) = Z '7k Z Psosl T Psnflsnt

p path from s to s,|p|<n: k=0 S=80,.+,8k_1,5k =8’

(231)

181t is not the only fixed point; for instance, M = 0 is another. But it is the only
full-rank fixed point.
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where as in Section 2, |p| denotes the length of a path p and P(p) =
Pys, - Ps, s, its probability in the Markov process. Equivalently,

My= > AP (232)

0<k<ne

The three algorithms will differ by the value of n;.

For t = 0, My = Id, and the induction hypothesis is satisfied.

If the end point of a path p; corresponds to the starting point of a path
p2, we denote p;1 - po the concatenation of the two paths.

For forward TD, we have M|} = Id +yPM/P. By induction, if M P =
ZogkgntTD ~* Pk then we find MER =Id+~P Zogkgn?D yk Pk = ZogkgntTDH vk Pk,
Equivalently, looking at paths we have

(ME&-?)SS’ = Og—sg +’Y(PMtTD)SS’ (233)
= 0s=s' + Y Z P Z 7|p‘]P><p) (234)

s’ p path from s’ to ¢/, |p\<n;rD

= e + Y > YPHP((s,5") - p) - (235)

5" p path from s to s’, |p|<n?D

= 5=y + Z fy|P|[P>(p) (236)
p path from s to s’, 1<|p|<nfP

= 3 VPP (p) (237)

p path from s to s/, |p|<nfP+1

Thus the induction hypothesis is satisfied with ntT+Dl = nyP +1. By induction,
n;FD = t: at step t, MtTD is the weighted sum of paths of length at most
t. MtTJE is obtained from M'P by adding a transition to the left to every
known path (and re-adding the length-0 paths via the Id term).

Likewise, with backward TD we have

(MEEID)SS/ = Os=s’ + 'Y(MtBTDP)ss’ (238)
= e + Y > AP - (57, 5')) (239)

8" p path from s to s/, \p|§n?TD

= 3 VPP (p) (240)

p path from s to s/, \p|<nFTD+1

Contrary to forward TD, MBFTID is obtained from MPTP by adding a transi-
tion to the right to every known path. This still leads to ntBTD =1t.
We now consider the Bellman—Newton operator update. We have

MPEN = 2MPN — MPN(1d —yP)MPN. (241)
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Let us first compute (Id —yP)MPEN. By the induction hypothesis and by the
same reasoning as for forward TD, we have

Id —yP)MPN),o = MBN — v PMBN 242
t t t
= > YHB(p) - > P (p)
p path from s to s/, |p|<ntBN p path from s to s/, 1<|p|<n?N+1
(243)
BN BN
= §yy — A (P"t H)ss/ . (244)
Therefore,
MEN = 2MPN — MPN(1d —yP)MPN (245)
= 2MPN — MPBN(1d —ym (246)
— MBN ¢ ,yn?NHMPNPn?NH (247)
= 3 YPIP(p) + > YPIP(p)
p path from s to s/, |p\<nf‘N p path from s to s/, ntBNJrlg\pKan‘NJrl
(248)

_ Z ~PIp(p) (249)

p path from s to s/, |p\<2n?N+l

Therefore, n?ﬂ = 2nPN + 1. At every step the Bellman-Newton operator

update is doubling the maximal length of all known paths.

The efficiency of the operator Bellman—Newton update can also be ex-
plained from properties of the Newton method. Indeed, the Bellman—Newton
update in (230) corresponds to the Newton update M <« 2M — M AM for
inverting the matrix A, applied to A =1d —yP | ]. With this method,
the error Id —AM gets squared at each iteration: Id —AM <« (Id —AM)?
[ |. Here at each step, if M; exactly contains all paths up to length
ng, then the error Id — AM; contains all paths of length n; + 1, namely, if
My = Y pcp, Y¥P* then Id —AM,; = ™+ P+ Thus squaring the error
corresponds to doubling n; + 1.

D Successor States, Eligibility Traces, and the Back-
ward Process

In this section, we relate the update equation (78) for the value function
using M, to the algorithm TD(\) and eligibility traces. We also prove the
statement that backward TD is forward TD on the time-reversed process
(Theorem 33).

More precisely, we prove (Theorem 31) that the expectation of the TD(1)
update (expectation over the eligibility traces given the current state) is
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the update (78) of the value function using the successor state operator.
Thus, updating V' via (78) using a learned model my of M is equivalent to
estimating the true M via a model, while eligibility traces are an unbiased
Monte Carlo estimator of the true M. This suggests the possibility of using
mixed estimates, such as eligibility traces over a few past steps, and a model
my for the older past.

Eligibility traces require access to an arbitrarily long trajectory (s;)iez
(which, for convenience, we index with both positive and negative integers,
with sp the state at the current time). Thus, contrary to the rest of this
text, we assume that the Markov process is ergodic and that the data are
coming from a stationary random trajectory of the process. In this case,
the sampling measure p is the stationary distribution, and the law of any
sequence of consecutive observations (si,...,Si+n) from the trajectory is
p(dsy)P(sy,dsiy1) -+ - P(St4n—1,dSt4n)-

We also assume that for every s, P(s,ds’) is absolutely continuous with
respect to p(ds’). This is not necessary but leads to nicer expressions. In
that case, M(s,ds’) = d5(ds’) + m(s, s')p(ds’) for some function m.

In the tabular setting, TD(\) maintains a vector e; over states; e; is
updated by

et(3)

5) =15, + yAer—1(3) Vs (250)
oV (3)

et(5)(re + YV (si+1) — V(se)) V3. (251)

This can be generalized to continuous environments and to a parametric
model V,, of V, by formally defining e as the discounted empirical measure
of the past:

ei(d8) == S (YN, (d3) = 84, (d5) + YAes—1(d5) (252)

n>0

corresponding to the parametric update of V, by

0 = (re + YV (se41) — Vio(st)) /ga@vw(g) e (d3) (253)
= (re +Wplst41) = Vio(50)) D (YA) "0V (51-n).- (254)
n=0

We have the following statement:

THEOREM 31. Let p be the invariant measure of the Markov process, and
M, := (Id —yAP)~! the successor state operator with discount factor Y.
Let myy be the density of (M) — Id) with respect to p: M,x(5,ds2) =
d5(ds2) + myx(3, 52)p(dsa).

Then, the expected eligibility trace e;(d§) knowing s; = s is:

A(8,ds)p(d3)
p(ds)

E [e(d8)[s; = 5] = 85(d8) + mon (5, 8)p(ds) = 21

(255)
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Moreover, the expectation of the parametric TD(\) update (254) when a
transition (s, s') is observed is equal to the update (78) of V' using m:

E[0¢|(st, st+1) = (s, 3/)] = (r¢ + 'yV<p(s’) - V¢(s)) (Q@Vw(s) + Es~p [m%@? s) 8¢V¢(§)])
(256)

with p-probability 1 over s;.

The proof of this theorem involves the time-reversal of the Markov process;
indeed, eligibility traces are a Monte Carlo estimate of the discounted measure
of predecessor states.

Define the backward process Poaek(s',ds) by reversing time: it is the law
of s given s’ in a transition s — s’. More precisely, let (s, s’) be a random
pair of states distributed according to p(ds)P(s,ds’), and define P, (s’,ds)
to be the conditional distribution of s given s’ under this distribution. (This
exists by the general theory of conditional distributions | , Thm. 8.1],
and is well-defined up to a set of p-measure 0.) Since p is the invariant
measure of the process, the law of both s and s’ is p, and one has

p(ds)P(s,ds’") = p(ds”) Phack (s, ds) (257)

by definition of conditional probabilities.

Then, given s;, the distribution of s;_, follows the backward process
from s;. Namely, the law of any sequence of observations (s;—p, ..., $;) from
the stationary distribution of the process satisfies

p(dst—n) P(8t—n,dst—nt1) - P(st-1,dst) = p(dse) Poack (s, dse—1) - - - Poack (St—n+1,dSt—n)-
(258)

LEMMA 32. Let m be the density of M, namely, M(s,ds’) = d5(ds’) +
m(s,s")p(ds’). (This exists under the assumption above that P is absolutely
continuous with respect to p.)

Let MYk := (Id —yPyaa) ' be the successor state operator of the
backward process, and let mP** be the associated density, M (s, ds') =
8s(ds’) + mPaK(s, s")p(ds’). Then p(ds')MP2% (s’ ds) = p(ds)M(s,ds’) and

mPak (s’ s) = m(s, s) (259)
for p-almost every (s, s’).

Proof. By induction from the definition of the backward process, we have
p(ds") P 4 (s',ds) = p(ds)P"(s,ds’). Then by definition of MPack,

plds) MR ds) = p(ds') 3 7" Plegopara(s's ds) = 3 77p(ds) P" (s, ds")
n=0 n=0

(260)
= p(ds)M (s,ds’) (261)
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Since M (s,ds’) = 0,(ds’)+m(s, s')p(ds’), and likewise for MP2 this implies
p(ds )Pk (s 5)p(dls) = p(ds)m(s, 8)p(ds) (262)
as needed. O

Proof of Theorem 31. By definition of eligibility traces, one has e;(d3) =
> ns0(YA)"ds,_,, (d3). Therefore, the expectation of e; over the past of s;
knowing s; is:

Ele/(ds)|sy =s] =E Z(*y)\)"éstfn(dE)\st =s (263)
n=0
= > ()" Plac(s, d3) (264)
n=0
= MP%(s,d3) (265)

where M baCk = (Id =—yAPpack) ™ 1 is the successor state operator of the back-
ward process By Lemma 32, this is

Elet(ds)|st = s] = d5(ds) + m(8, s)p(d3) (266)

as needed.
Therefore, the expectation of the update (254) of V' with TD(\) is

E [0¢lst = s, 5141 = 8] = (re + Vi (s141) — Vip(s1) /8 V(3) Ele(d3)|sy = s, 8041 = 5]
(267)
= (re + YV (se41) — Vip(se) /8 Vo ds) + m(3, s)p(ds))
(268)
= (re + 7V (s") = Vio(5)) (9 Vip () + B [0 Vip (8) 11192 (3, 5)])
(269)
O

Finally, the backward process provides a simple proof that backward
TD is forward TD on the backward process. Remember that the forward
and backward successor state operators are linked by p(ds;)M (s1,dss) =
p(ng)MbaCk(Sg, dSl).

THEOREM 33 (BACKWARD TD 1Is FORWARD TD ON THE BACK-
WARD PROCESS). Let M and M be measure-valued functions such that
MP2ak js the time-reverse of M, namely p(dsy) M (s1,dss) = p(dsg) MP2¥(sy, dsy).
Then the backward TD update

M « Id+yMP (270)

is equivalent (p-almost everywhere) to

MK 1d 4y B M. (271)
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Proof. Let D,(ds1,dsg) be the diagonal measure with marginal p, namely,
D,(ds1,ds2) = p(ds1)ds, (ds2) = p(ds2)ds,(ds1). Remember that the opera-
tor Id corresponds to the process Js, (ds2). By multiplying the backward TD
update by p(ds;) one gets

p(ds1)M (s1,ds2) < D,y(ds1,ds2) +yp(dsi)(MP)(s1,ds2) (272)
= D,(ds1,ds2) + fy// p(ds1)M(s1,ds")P(s',dsg) (273)

= D,(ds1,ds2) —1—7/ MP2E (s dsy)p(ds’)P(s', dsg)

= Dp(d81, dsz) + ’}/p(dSQ)(PbaCkaaCk)(Sg, dSl) (276
and since p(ds;)M (s1,dss) = p(dsy) MP2K sy, dsy), this rewrites as

p(ds2) M (52, ds1) 4= p(ds2)s, (ds1) +yp(ds2) (Poack M ™) (s, ds1)

(277)

namely (p-almost everywhere),
MbaCk(SQ, dsy) + 0s,(dsy) + *y(PbaCkaaCk)(SQ, dsq) (278)
which is forward TD on M2k for the time-reversed process. O

E Fixed Points for the FB Representation of M

Here we state precisely, and prove, the fixed points properties for the four
variants of successor state learning in the FB representation (Section 6), in
the tabular and in the overparameterized case. The “tabular” case for F' and
B means that the state space is finite and the values of F(s) and B(s) are
stored explicitly for every state s.

We fully describe the fixed points of the four algorithms ff-FB, bb-FB,
fb-FB, and bf-FB, which have quite different properties.

We state these properties for the tabular case; by a simple argument the
fixed points are the same for overparameterized F and B.

In this section, we abuse notation by considering F' and B both as
functions from the state space to R” (as in Section 6), and as r x #S-matrices.
The model M (s1,dss) = F(s1)"B(s2)p(dss) rewrites as M = F'B diag(p) or

19Namely, parameterizations Fjp » and By, such that any function F' can be realized for
some Or, and moreover the map Js,. Fy,. is surjective for any 0, and likewise for B. In
short, any F' and B can be realized, and any small change of F' or B can be realized by a
small change in 0r and 6p.
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m = F'B, viewing everything as matrices with entries indexed by the state
space.

We also assume that ps > 0 for every state s: every state is sampled with
nonzero probability.

By direct identification in Proposition 15, in the tabular case we find the
following expressions for the updates of F' and B.

ProOPOSITION 34 (TABULAR FB UPDATES). Assume the state space
is finite and let F' and B be two r x #S-matrices. Let the parameter O of
F be the matrix F itself and likewise for B.
Abbreviate p for the diagonal matrix with entries ps for each state s.
Then the updates 0 and §6p of Proposition 15 for the F'B representation
of M are equal to

OF = Bp — SgFA'"p, 6B =Fp— FpAF'B) (279)
for forward TD on F and B respectively, and to
6F = Bp— B(pA)'B'Fp, 6B =Fp—XpBpA (280)

for backward TD on F and B respectively. Here A is the matrix Id —vP,
Yp = BpB', and Xy = FpF'.

PROPOSITION 35 (THE FIXED POINTS OF FB-FB APPROXIMATE M
IN L?(p) NoRM). The fixed points of the tabular fb-FB algorithm are the
local extrema of the error

UF, B) = Eqyp,symp (F1(51)B(s2) —(s1,52)) (281)

where m(s1, s2) := M(s1,dsa)/p(ds2) is the value of v for the true successor
state operator M. ?°

In that case, F'B) is a truncated singular value decomposition of the
operator M acting on the space of functions over S equipped with the L?(p)
norm.

PROPOSITION 36 (FIXED POINTS OF FF-FB CORRESPOND TO EIGENSPACES
OF M). The set of approximations F'Bp of M that appear as a fixed point

of the tabular ff-FB algorithm is exactly the set of operators such that there

exists an L?(p)-orthogonal decomposition R#S = E@ E’ of functions over the

state space such that E is stable by M (namely, ME C FE), E has dimension

at most r, and F'B)p is equal to M on E and to 0 on E'.

29This is the Hilbert-Schmidt norm of the difference between M and its approximation
F'Bp, as operators on the space of functions over S equipped with the L2(p) norm
(Appendix I).
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ProrosITION 37 (FIXED POINTS OF BB-FB). The set of approxima-
tions FTBp of M that appear as a fixed point of the tabular bb-FB algorithm
is exactly the set of operators such that there exists an L?(p)-orthogonal
decomposition R#S = E @ E' of functions over the state space such that
E’ is stable by M (namely, ME' C E’'), E has dimension at most r, and
F'B) is the projection of M onto E, namely, F'Bp = IlpM with Ilg the
L?(p)-orthogonal projector onto E.

REMARK 38 (FIXED POINTS OF BB-FB CORRESPOND TO EIGEN-PROB-
ABILITY DENSITIES OF M). Stability of E' by M is equivalent to stability
of E by p~'M"p. This corresponds to the Markov operator acting on proba-
bility densities: if the state at time ¢ has probability distribution fp for some
vector f, then the state at time ¢+ 1 has probability distribution (p~'P'pf)p.

Thus, in bb-FB, the space E is a stable space of probability densities for
P and M.

In contrast, the bf-FB algorithm can stabilize on any subspace of features.
For instance, in rank 1, set F' to any vector, then set Bl = oF" where
o =1/(Fp(Id —yP)F") (assuming this is nonzero). In fact, fixed points of bf-
FB just compute a weak inverse of p(Id —yP) in an arbitrary r-dimensional
subspace.

ProrosITION 39 (FiXED POINTS OF BF-FB). The set of approxima-
tions F'Bp of M that appear as a fixed point of the tabular bf-FB algorithm
is exactly the set of operators such that there exists a subspace E of L?(p)
of dimension at most r such that F'Bp has image E and kernel E*, and
F'B) is the inverse of TI(Id —yP)II as operators from E to E, where II is
the L?(p)-orthogonal projector on E.

Moreover, if p is an invariant probability distribution of the Markov
process, then every subspace E of L*(p) of dimension at most r provides
such a fixed point F'B).

Proof of Proposition 35. Viewing m, F' and B as matrices, the loss is

2
B) =Y p(i)p(j) (Z Fli By — mij) (282)

so that
Ol(F, B) -
T OFn <

which is the ki entry of the matrix 2Bp(B'F — ml)p.

Now, F'is a local extremum of this loss if and only if this derivative
is 0 for every ki, namely, if and only if the matrix Bp(B'F — m')p is 0.
Now, by definition of m we have M = mp, namely, n = A"1p71 So
Bp(BTF m")p = 0 is equivalent to BpB'Fp — B(A™1)"p = 0. Since p and
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A are invertible, by multiplying by p~'A"p on the right, this is equivalent to
BpB'FA"p — Bp = 0. This is equivalent to §F = 0 in (279), namely, to F
being a fixed point of forward TD.

A similar computation with B proves that 0¢(F, B)/0B = 0 if and only
if 6B =0 in (280), namely, if and only if B is a fixed point of backward TD.
Therefore, F' and B are a local optimum of £ if and only if they are a fixed
point of the fb-FB algorithm.

Let us turn to the statement about singular value decompositions. Gen-
erally speaking, we know that the matrices of a given rank which are local
extrema of the matrix norm of the difference with m are truncated singular
value decompositions of m; however, here these matrices are parameterized
as F'B, and a priori this parameterization might change the local extrema,
so we give a full proof.

By Lemma 46, the matrix F'Bp is a truncated SVD of M if and only if
F'Bp and M coincide on (Ker F'Bp)* and M (Ker F'Bp) L Im F'Bp. Here
all orthogonality relations are defined with respect to the L?(p) inner product,
namely, (z,y) = z'py.

If Fis a fixed point of (279), then 0 = Bp — XpFATp. Since p is
invertible and since Y5 = BpB', this rewrites as B(Id —pB'FAT) = 0.
Taking transposes, this is (Id —AF'Bp)B" = 0. By definition, M is the
inverse of A; multiplying by M, we find (M — F'Bp)B" = 0. This implies
that M and F'B) coincide on the image of B'. A fortiori, they coincide on
the image of B'Fp, which is included in the image of B

In general, for an operator A on a Euclidean space, Im A = (Ker A*)*
with A* the adjoint of A. Here, with the inner product from L?(p), the adjoint
of Ais p~1A"p (Appendix I). So the adjoint of B'Fp is F'Bp. Therefore,
Im B'Fp is (Ker F'Bp)*. So M and F'B) coincide on (Ker F'Bp)*. This
was the first point to be proved.

Next, if B is a fixed point of (280), then 0 = Fp—FpF BpA. Multiplying
on the right by M = A~ this is equivalent to Fp(M — F'Bp) = 0. This
states that the image of M — F'Bp is p-orthogonal to the image of F'. So for
any z, (M — F'Bp)z L Im F'. Take x € Ker F'Bp. Then Mz 1 Im F'. Since
Im F'Bp C Im F', we have Mz Im F'B) as well. Therefore, the image of
Ker FTBp by M is orthogonal to the image of F'Bp. This was the second
point to be proved. ]

Proof of Proposition 36. In this proof, we denote
f=Fp'?,  b:=Bp%  D:=p"2Ap71/2, (284)

using that p is invertible. Then the fixed point equations 6 F = 0 and 6B =0
for the forward TD updates (279) rewrite as

0=b—bbfD, 0=f—fDfb. (285)
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This change of variables cancels the p factors and maps L?(p)-orthogonality
to usual orthogonality.

(=). Assume that F'B) is a fixed point of ff-FB, so that the fixed point
equations above are satisfied.

The first fixed point equation yields D fTbb" = b'. Let ¥’ be the Moore-
Penrose pseudoinverse of b' (equal to (bb")~'b if invertible). By the general
properties of the Moore-Penrose pseudoinverse, b'b’ is the orthogonal pro-
jector onto Im b', and bb'd’ = b. Thus, multiplying D f'bb" = b" by b on the
right, we find D f'b = II where II is the orthogonal projector onto Im b'. This
rewrites as f'b = DI, so that f'b is equal to D! on ImIT and to 0 on its
orthogonal.

The second fixed point equation reads fDf'o = f. Since Df'b = II this
means that fII = f, or fT =1IIf'. Consequently, Im f' C Im1II, and a fortiori
Im f'b € ImII. Thus, Im D~'TI C ImII, namely, ImII is stable by D~!.

Note that ImIT = Imb', so its dimension is at most the rank of b which
is at most 7.

Unwinding the change of variables with p!/2, we see that Il := p~1/211p1/2
is an L?(p)-orthogonal projector, whose image F := Im Il is stable by A~!,
and such that F'Bp is equal to A~ IIg. Thus F'Bp is equal to A~ on F
and to 0 on its L?(p)-orthogonal.

(«<). Let E be a stable subspace of M, of dimension at most r, such that
F'Bp is equal to M on E and to 0 on the L?(p)-orthogonal E’ of E.

Let IIz be the L?(p)-orthogonal projector onto E. Since E is stable by
M, we have MTIp = IIpMTIg. Moreover, the condition that F'Bp is equal
to M on F and to 0 on E’ is equivalent to saying that F'Bp = M.

Define H = p'/2E and H' = pY/2E’, so that H and H' are orthogonal in
the usual sense. Note that H' is stable by [)1/2M[)_1/2 = D~!. The property
MIlp = IIpMIlg rewrites as D~'II = IID I with II the orthogonal
projector onto H. Moreover, F'Bp = MIIg rewrites as f'b = D™II.

Let b be any matrix such that Im b" = H (e.g., made of a basis of H padded
with 0’s up to dimension 7). Let &’ be its Moore—Penrose pseudoinverse.
Define f := b'(D~1)'. Then bb'fD" = bb' = b so that the first fixed point
equation 0 = b — bb' fD' is satisfied.

Since D' = IID I, we have II(D~1)" = II(D~1)TI, thus ¥TI(D~!)T =
VII(D~1)I. As above, IT = b'b. Therefore, 'b'6'(D~1)" = v'b"0/(D~1)TI.
Now, the Moore Penrose pseudoinverse of b' satisfies 'b'6 = ¥. Thus
V(DY) =o' (D~Y, namely, f = fII. Since f'b = D' this rewrites as
f = fDf"b, namely, the second fixed point equation is satisfied.

This proves that F'Bp satisfies the fixed point equations. Moreover,
given E, many such fixed points exist: a fixed point can be built using any
matrix B which spans F, then defining F' from B. O

Proof of Proposition 37. Denoting
fi=Fp 20 bi=BpY% D= (pPApTA)T (286)
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the fixed point equations 6 F = 0 and § B = 0 for the backward TD updates
(280) rewrite as

0=f—ffD", 0=0b—0bDb'f. (287)

These are the same equations as (285) with f and b swapped. Therefore,
the same proof yields the following. Let II be the orthogonal projector on
Im f7, we obtain that b f is equal to D~'II, and that ImII is stable by D~!.

Equivalently, f'b is equal to II(D~1)" and KerII is stable by (D~!)".

Set Il := p~/211p'/2. Then KerIlg is stable by p~/2(D~1)Tp!/2. More-
over, Il is an L?(p)-orthogonal projector.

Here (D~1)T = p'/2M p=1/2. Therefore, Ker I is stable by M. Moreover,
the relationship f'b = II(D~!)" rewrites as F'Bp = lIgM. O

LEMMA 40. Let p be an invariant probability distribution of P. Then for
any vector f,

fT/\)(Id _PYP)f = (1 - V)Eswp[f(s)z] + lEswp, s’NP(s,ds’)[(f(S) - f(sl))Q]

2
(288)
and in particular, this is positive for any nonzero f.

Proof. The proof is left as an exercise. The second term is known as the
Dirichlet form of a Markov chain | ], and plays an important role in
the convergence analysis of TD in some situations | ]. O

Proof of Proposition 39. Denoting again
f=Fp'?  b:=Bp'?  D:=p'2Ap71/2, (289)

then the fixed point equations 6F = 0 and 6B = 0 in (279)—(280) for
backward TD for F and forward TD for B rewrite as

0=f—fDf'b, 0=b—0bD'b'f. (290)

Moreover, if p is an invariant probability distribution of the Markov process,
then Lemma 40 implies
z'Dz >0 (291)

for any nonzero vector x.

We will work on f, b, and D; the statements on F'Bp follow by unwinding
the change of variables.

(«). Assume that X is an operator with image H and kernel H*,
such that X and IIDII are inverses as operators from H to H, with II the
orthogonal projector onto H. Let O be any isometry from H to R". Set
f=OIl and b = OX, so that f'b =IIX = X. Note that Im fT=Imb" = H.
Moreover, fII = f, and bIl = b because XII = X. So f'b and ILDII
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are inverses as operators on H. Therefore, for any x,y € H, we have
2 (IDI)(f'b)y = 2’y and 2'(f'b)(IIDI)y = z'y. Since  and y lie in H
and Im fT = H, we can write z = f'z and y = II2/, with z and 2’ not
necessarily in H. Then z"(IIDII)(f"b)y = =z fHDHfTsz =zx'y = 2 fII/
for any z and 2’ in the whole space. Since fII = f and bII = b this rewrites as
2T fDfbz' = 2"f2 for any 2 and 2’ in the whole space. Therefore, fDf'b = f,
namely, the first fixed point equation is satisfied. The second ﬁxed point
equation b" = fTbDb' is similar, starting with z'(f'b)(ILDII)y = 2’y and
substituting « = Iz, y = b'2’.

(=). Assume that the two fixed point equations are satisfied. Since
f = fDf"b we have Kerb C Ker f. Using the other equation proves that
Ker f C Kerb, thus f and b have the same kernel. Therefore fT and b" have
the same image. Let H be this image, and let II be the orthogonal projector
onto H.

The second fixed point equation is b' = f'bDb'. Thus H = Imb' =
Im f'6Db" C Im f'b € Im fT = H. Therefore the image of f'bis H. Likewise,
the first equation f = fDf'b implies that the kernel of f'b is H*.

Let us prove that f'b and IIDII are inverses as operators from H to H.
This is equivalent to proving that for any z,y € H, we have 2" (ILDII)(fTb)y =
z'y and z'(f'b)(ILDI)y = z'y. Since Im fT = H, we can write z = f'z.
Hence z"(IIDIT)(fTb)y = 2" fIIDII fTby. Since Im fT H we have HfT fr
and fII =TI, so 2" fIIDIIf by = 2" fD fby, which is 2z fy = a: y by the first
fixed point equation. Therefore, we have (HDH)( fTb)y = 2y. For the other
equality, since Imb" = H, we can write y = b'2. Hence z'( fTb)(HDH)y =
z' fToIIDIIb 2. Again, 1" = b7 and bIl — b, so fTbHDHb TfTbDb' 2.
By the second fixed point equation, this is '’z = z'y. ThlS proves the
claim.

Finally, let us turn to the statement about realizing any subspace E this
way. Let E be an arbitrary subspace of R#S of dimension r. Let H := [)1/ ’E.
Let II be the rectangular orthogonal projector onto H (namely, its range is
H only; its transpose II" is the inclusion map from H to R#S ), and let A be
any invertible linear map from H to R". Set f := AIl.

First, we claim that the square matrix fDfT is invertible. Indeed, assume
there exists a vector z € R” such that fDf'z = 0. Then z'fDfTz = 0.
By (291) this implies fz = 0, or II"A'x = 0. Since A'x € H we have
MI'ATz = ATz, so ATz = 0. But since A is invertible this implies z = 0.
Therefore, fDfT is invertible.

Then we set b:= (fDf")~1f. Let us check that the fixed point equations
are satisfied. Obviously, f = fDf'b, so the first fixed point equation holds.
For the second one, we have

bD'' f = (fDf) DI (fD' N f = (fDFHY T f =0 (292)

Therefore, the second equation holds as well, so that f and b are a fixed
point of the bf-FB algorithm. O
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F The FB Representation and Bellman—Newton

F.1 The FB Representation Coincides With Bellman—Newton
for Symmetric P

Here we prove that the tabular FB updates (all four versions) coincide with
the Bellman—-Newton update in the small-learning-rate (continuous-time)
limit, on-policy, with suitable initializations, and provided that the transition
matrix P of the Markov process is symmetric.

On a finite space, if P is symmetric then the uniform measure is an
invariant distribution of the process. Therefore, being on-policy means that
p is uniform.

THEOREM 41 (THE FB UPDATE 1S BELLMAN-NEWTON FOR SYM-
METRIC P). Assume that the state space S is finite, and that the transition
matrix P is symmetric.

Let p be the uniform distribution on S, which is invariant under the
Markov process. Let p = ﬁ Id be the diagonal matrix with entries p.

Let Fy and By be two r x #S-matrices Consider the continuous-time

equation AF 4B

t t

E T

initialized at Fy and By, where 0F and 0B are the tabular FB updates of

Proposition 34, computed at F; and B;. Any of the four variants fi-FB,

fb-FB, bf-FB, bb-FB of Proposition 34 may be used.

Assume that Fy = By. For the ff-FB, {b-FB, and bb-FB variants, further-

more assume that A commutes with Fg By (e.g., initialize to Fy = By = 1d).

Let M; := FQ— Byp be the resulting estimate of the successor state matrix.
Then M; evolves according to the Bellman—Newton update

dM;

T nMy — nM;(Id —yP) M, (294)

with learning rate n = 2/#5S.

= 6B (293)

This bears some discussion with respect to feature learning. As discussed
elsewhere, the Bellman—-Newton update does not learn features (the kernel
and image of M; are preserved), and neither does the bf-FB variant in the
case of uniform p. All other variants (ff-FB, bf-FB, bb-FB) learn features by
changing the kernel of F' or B, and have fixed points corresponding to various
eigenspaces of A (Appendix E). Thus, how is it possible that these FB updates
coincide with Bellman—Newton? This is where the assumption [A, Fj Bg] = 0
comes in: this commutation occurs, broadly speaking, if FOTBO] is already
aligned with the eigenspaces of A. In that case, the FB updates will coincide
with Bellman—Newton and enjoy its improved asymptotic convergence. If
not, they will avoid the shortcoming of Bellman—Newton and learn features,
stabilizing to such an alignment.
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Proof. We abbreviate F for dF;/ dt and likewise for all other quantities.
According to Proposition 34, the forward-TD equations for F' and B are

F| = Bip — BipB[F;A'p,  Bj = Fip — F,pAF, Byp (295)
and the backward-TD equations are
/o \ T ANT T s ’ N T s
Ft = Btp — Bt(pA) BtFtp7 Bt == Ftp - Ftht BtpA (296)

Here we have p = % Id. Moreover, since P is symmetric, we have A = AT

Let us start with the bf-FB variant (backward-TD on F' and forward-TD
on B). In that case, the evolution equations are symmetric between F' and
B, because A = AT, Therefore, if F' = B at startup then F' = B at all times.
Thus, we have M; = F]Fyp. Since p is proportional to Id, it commutes with
all other terms. Thus, using F} = By and A = AT, we find

M{ = (F))'Fip+ F/F/p (297)
= 2F/F,p? — 2F] F,AF]Fp? (298)
= 2M;p — 2M;AM;p (299)

2
= ——(M; — MyAM 300
#S( ¢ — MAM) (300)

as p= # Id. This is the Bellman—Newton update.

In the other cases there is one more argument, after which the computation
is similar. At startup, by assumption we have F' = B and A commutes
with F'B. Assume that, at some particular time ¢, we have F; = B; and A
commutes with I B;. Then, since A = A" and p commutes with everything,
all the updates of F' and B at that time ¢ amount to just

F| = F;p — F,FF AP (301)

Therefore, at that time ¢, the derivative of the commutator between A and
F;Bt is

(A, F/ B = A, (F[F)'] (302)
= [A 2 Fyp — IR F R AD — AFFF Fyp°) (303)
=0 (304)

since A commutes with F] F; and p commutes with everything.

Thus, if at some time ¢ one has F; = B; and A commutes with FQ— By,
then F} and B; have the same derivative at time ¢, and the derivative of
the commutator of A and F/B; is 0. Therefore, if these conditions hold
at startup, they hold at all times t. In that case, the evolution equations
become identical to the bf-FB case, and the conclusion holds as above. [
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F.2 The BN-FB update

Here we introduce Bellman—Newton FB (BN-FB), a variant of the FB updates
that coincides with Bellman—-Newton in the tabular case for arbitrary P, not
only symmetric P. It is compatible with sampling, without the sampling
issues of the Bellman—Newton update, and admits a parametric version.

However, it still keeps the main shortcoming of the Bellman—Newton
update, namely, that the kernel and image of the estimate of M are fixed
(no features are learned).

In the tabular case, let F' and B be two r x #S-matrices, and define the
updates

SF":=F'— F'BpAF', 6B =B - B)AF'B (305)

where as usual p is the diagonal matrix with entries p, and A = Id —yP.

The updates with learning rate 7 lead to a Bellman—Newton udpate on
the model M = F'Bp:

F «+ F+ndF, B+ B+néB
= M — (14 n)M —nMAM + O(n*) (306)

at first order in 7. In particular, the continuous-time dynamics will be an
exact Bellman—Newton update.

The parametric version is obtained as before, by approximating these ideal
updates in p-norm, and by sampling A using pA = E,_, S/Np(ds/‘s)(ﬂs]l—sr—
~1 SILI,). Letting 0 and 0p be the parameters of F' and B respectively, this
yields

Esimp (80, F(51))(F (1) = D'F(s1)) (307)

for the update of the parameters of F', and
Esi~p (9, B(s1)")(B(s1) — DB(s1)) (308)

for the parameters of B. Here D is an r x r matrix (even for continuous
states) given by

D := Eswp7 s'~P(s,ds’) B(S)(’YF(S,) - F(S))T (309)

It is possible to use a single sampled transition s — s’ for D (this option
requires no storage of D since the updates simplify), or to estimate D online
using a moving average over a number of past transitions s — s’. This second
option reduces variance but introduces some bias due to old values in the
moving average.

G Sampling Simplified States for s; and s,

This section addresses two potential shortcomings of the parametric TD and
Bellman—Newton algorithms for M.
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e The parametric updates for TD and for Bellman—-Newton involve sam-
pling additional states s; and ss unrelated to the states s — s’ currently
visited (and actually use every state s; and s for the tabular case).
A simple option is to sample s; and sy at random among a dataset
of past visited states. But if actual states and transitions are few, or
complicated to come by, or if it is inconvenient to store many states
(pure online setting), sampling additional states according to the data
distribution p may be a limitation.

7

We show that s; and so can be sampled according to any “simple
distribution pgimple. This could help learning by making it possible to
use many samples of s; and sy for each observed transition s — &/,
thus bringing the parametric updates closer to the tabular updates
(which use every s; and s3).

e Defining my as a density with respect to the unknown distribution p
may pose numerical problems: In regions where M is not small but p is
small, this attributes a large value to myg, which may perturb learning.

Here, we show that using simplified states s1, s2 ~ psimple in the paramet-
ric updates, and defining my with respect to an arbitrary reference measure
Pref ON S, just amounts to using different learning rates on different parts
of the state, and different norms to define the parametric updates. Thus,
these simplified algorithms still make sense; however, proper factors must be
included, given in (310)—(312) below.

We consider three different measures on states: the main “data” measure
p(ds) from which we obtain observations s — s’, and which we do not
control; a “simple”, user-chosen probability measure pgimple from which we
can cheaply sample states, real or synthetic (such as a uniform distribution,
or a Gaussian with the same mean and variance as real states, or real
states with added Gaussian noise); and a user-chosen reference measure
pref used to parameterize M via M (s1,ds2) = 05, (ds2) + mg(s1, $2) pret(ds2).
The measure pyet is not necessarily of mass 1, and may for instance be the
Lebesgue measure.

We assume that the ratio pemple/pref is known; this is the case for
instance if we take pref := Psimple, OF if pref is the Lebesgue measure and
Psimple 18 Gaussian. The simplest case is to use an arbitrary pgimple and set
Pref = Psimple: 1N that case all expressions are the same as before, but they
correspond to different learning rates at different states depending on psimple
(since pgimple controls how we sample states), and to learning the density mg
of M with respect to psimple N0t p.
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The parametric TD update for M becomes

’ psimple(dsl)
Esvp, s'~P(s,ds’), s2~Psimple {7 dome, (s, s") m

+ 89m9t<8, 82) (’Ymgt (8/7 52) - m0t<87 SQ))] : (310)
The parametric update (78) for V' becomes

psimple (d3>

(rs + YV, (8) = Vipr () (6¢V@t(3) Pret(ds)

(311)
The parametric Bellman-Newton update (66) for M becomes

Psimple (ds) psimple(dsl)
E ~Psimple ~Psimple |:’Y 89m9 S, S/
$1~Psimple; $2™Psimpl t( ) pref(ds) pref(dsl)

Psimple (ds,)
Pref(ds’)
Psimple (ds )
Pref (dS )

+ vy mg, (s1,8) Ogmy, (s1,5")

e (' 52) = mo,(5,5)) (o (5,)

We now justify each of these updates in turn, by deriving them in the
same way as above, but using different norms and learning rates.

On the other hand, for various reasons this does not work for backward TD
(even if p is the invariant distribution from the Markov process). Reversing
time changes the parameterization of M: instead of Id +m(s1, $2)pref(ds2)
with a user-chosen factor on s, one gets a user-chosen factor on s;.

Given three measures pi, p2, and prer (not necessarily of mass 1), and
two measure-valued functions M (s,ds’) and My (s,ds’) on S, we define the
norm

10 = M, = [ Oma(s) = (s, )2 pr(ds) pafds’)  (313)

where mi (s, s) := Mi(s,ds’)/pres(ds’) is the density of M; with respect to
pret (if it exists; if not, the norm is infinite), and likewise for My. This
generalizes the norm (1).

THEOREM 42 (TD FOR SUCCESSOR STATES WITH FUNCTION AP-
PROXIMATION AND SIMPLE SAMPLE STATES). Maintain a parametric
model of M via My, (s1,ds2) = s, (ds2) + me,(s1, 52) pref(ds2), with 6; the
value of the parameter at step t, and with mgy some smooth family of functions
over pairs of states.

Define a target update of M via the Bellman equation, M** := Id +~P My, .

Define the loss between M and M via J(0) := 1 | My — M*r|>
2 PsPsimple;Pref

using the norm (313).
Then the update (310) is equal to the gradient step —.J(6) 9, -
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For the updates of V and M, we will assume that we learn the implicit
Markov process P and R with state-dependent learning rates inversely
proportional to prt. (The standard case has 1/ng for the learning rates;
since ng ~ tps, this produces learning rates inversely proportional to p.)

Namely, let n; — 0 be an overall learmng rate schedule. Upon observing
a transition s — & with reward g, learn P and R via

Pu, ¢ Pogy + — 1 (1y,y — Prsy) Vs (314)
pref(s)
A A T’t A
Rs; +— Ry + rs — Rg). 315
S S pref(s) ( S S) ( )

Thus, different states learn at different speeds, but this still converges to the
true values when t — oc.

THEOREM 43 (VALUE FUNCTION UPDATE VIA SUCCESSOR STATES
WITH SIMPLE SAMPLE STATES). Consider the empirical estimates P and
R of a finite Markov reward process. Let s — s’ be the transition in the
Markov process observed at step t, with reward rs. Let 0V be the update of
the value function (Id —yP)~'R of the estimated process when P and R are
updated by (314)—(315).

Given a parametric model V,, of the value function, define a target
update of V' via V%' :=V,, + 6V with ¢, the parameter at step t. Define
the loss between V and V%' via JV (¢) := 1 ||V, — VtarH;
M = (Id —yP)~! is given by (16).

Then, up to O(n?), the gradient step —0,J" (p)p=p, is n; times (311).

. Assume
(psimple)

THEOREM 44 (SUCCESSOR STATES VIA ONLINE INVERSION, WITH
FUNCTION APPROXIMATION AND SIMPLE SAMPLE STATES). Maintain
a parametric model of M via My,(s1,dss) = 05, (ds2) + mg,(s1, $2) pref(ds2),
with 0; the value of the parameter at step t, and with mgy some smooth family
of functions over pairs of states.

Let s — s’ be the transition in the Markov process observed at step t,
with reward rs. Let 0M be the update of (Id —15)_1 corresponding to the
update (314) of P.

Define a target update of M by MY := My, + M. Define the loss
between M and M'™ via J(0) = % ||Mp— M using the

norm (313).
Then, up to O(n}) the gradient step —8yJ (0)9—g, is ¢ times (312).

Psimple;Psimple;sPref

The proofs of these theorems are identical to their analogues with a
single measure p, up to tracking where psimple and prer appear instead of p
at suitable places; they are omitted.
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H Formal Approach to Theorem 21 for Continu-
ous Environments

Contrary to TD on M, for Theorem 21, we have defined the update for a
single transition s — s’. The resulting parametric update makes sense in any
state space. But strictly speaking, this restricts the statement of Theorem 21
to discrete spaces, since it is defined via the tabular update (61) which is
defined only in discrete spaces.

For TD on M in general spaces (Theorem 6), we directly defined the
Bellman operator on any space; the Bellman operator does not depend on a
single transition s — s, but it updates all states s at once.

It is possible to proceed analogously for Theorem 21: this provides a
rigorous proof of Theorem 21 for general state spaces, in expectation over
the transition s — .

We first have to define the analogue of the Bellman operator. We do
this by going back to discrete states and averaging the updates §M and 6V
over transitions s — §’. Averaging (61) and (62) yields (omitting again the
o(1/ns) = o(1/t) terms)

ESNP: SINPss/ 6Msls2 = Z Z %PSS/MSIS(]]‘SQZS + FYMSISZ - MSSQ) (3]‘6)
Sl

s S

and

Esp, sinp, 0Vsy = Z Z %Pss’ (rs + 7‘7s’ - ‘A/;’)Msw- (317)
S/

s S
Once more, since ns ~ tps when s — oo, we have £¢ = 1/t + o(1/t). Thus,

up to o(1/t) terms, the above rewrite as

IEsrvp7 s/~ Py 5M8182 = % Z Z PSS/M81S(H82:S + 7M5’52 - MSSQ) (318)
S /

A, A

Es~p, s'~P, 5‘/;1 = %Z Z Pss’(rs + 7‘75’ - V;)Msw' (319)

Since > o Psy = 1 and > My, sPsg Mgy, = (MPM),,,, and likewise
S, My, M, = (M?),,s,, the update of M rewrites as

Esp,simp,, OM = (M + yMPN — M?). (320)

A

Likewise, for the update of V, since Ery = R, and Yoo Pssr (’yVS/ Vi) =
(yPV —V)s, we have

Esp,snp,, OV = tM(R+~yPV V). (321)

Thus, in the continuous case, we can define target updates at step ¢ by
1

MY = My, + ;(Met — M, (Id _'YP)MGt) (322)
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(well-defined for continuous states as an operator on functions) and
1
VR =V, + ;Mgt(R +yPV,, — Vi) (323)

and define, as before, the losses

2

J(6) = = | My — bt (324)
2 p
and
IV (g) == v, - veerl? 325
@) =5 [V =V u - (325)

From now on we only work with M, as the computation for V' is similar
but simpler.

As in the proof of Theorem 6, by definition of J(0) and of the norm |[-[| ,,
we have

70) = 5 [[ o1, 52)? pldsi)otcdss) (326)
and
007(0) = [[ do(s1,52) Duio(s1,s2)p(cds1)p(ds:) (327)
where
Jo(s1,82) = (Mtar(sl, dse) — Mp(s1,ds2))/p(ds2) (328)

Since M does not depend on 6 (it depends on 6, but we optimize with
respect to 0 for fixed M%), we have

My(s1,ds2)
p(dsz)

in the parameteriation Mpy(s1,ds2) = Id +myg(s1, s2)p(ds2).
Consequently, by (327), (328) and (329), at § = 6; we have

_8€J(0)‘9:9t — // (Mtar(sl,dS;()dSQJ)MQt(Sl,dSZ)> E)gmet (51752)p(d51)p(d52)

agjg(sl, 82) = 89 (— ) = —(9.97719(81, 82) (329)

(330)

— // (Mtar(31,d82) — Mgt(sl,d32)> Ogme, (s1, s2)p(dsy)
(331)

Define Ay := My—1d. By definition of the parameterization My (s, dss) =
Id +mg(s1, s2)p(dsz2), we have

Ag(s1,ds2) = my(s1, s2)p(dsa). (332)

By a direct but tedious substitution of My, = Id +A4,, in the expression
(322) for M we find

M"™ — My, = Y(yP +~vAp, P +vPAg, — Ag, + Ag,vPAg, — Aj,) (333)
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as operators, with the product of operator denoting composition. (For in-

stance, for a function f, the operator PA acts by (PAf)(s) = [ P(s,ds")A(s',ds2) f(s2).)
Let us study the contributions of all the terms of M®™ — Mp, to the

gradient step (331). The P term provides a contribution

// YP(s1,ds2) Dpmag, (s1,52)p(ds1) = YEgmp, smp(s,as) Domg, (s,8'). (334)

Next, by (332) we have

(A9, P)(s1,dss) = / Ay, (s1,ds) P(s, dso) (335)
- / m, (51, 5)p(ds) P(s, dss) (336)

and therefore, the yAp, P term provides a contribution

//’y(AgtP)(Sl,d82> 89m9t(81,82)p(d81)

-7 /// my, (s1,5)p(ds) P (s, ds2) Dgma, (s1, 52)p(ds1)
— ’YEstp, Ss~p, SINP(&dS/) [mat (81, 8) 89m9t(81’ S,)]. (337)

Next, by (332) we have

(PAGt)(Sa ds?) = /P(S7 dS/)AQt(Sla ds?) = IEs’wP(s,ds’) my, (S,’ 82)p(d52)
(338)
and therefore, the yP Ay, term provides a contribution

// ’Y(PAet)(Sl? ds?) agm@t (81? SQ)p(dsl) = ’YESN/), s'~P(s,ds’), sarp 00, (8/7 82) 89m9t (87 82)
(339)
and by (332), the term —Ay, provides a contribution

—/ Ay, (s1,ds2) Ogme, (s1,52)p(ds1) = —Egp, so~p Me, (S, 52) Ogmeg, (s, 52).

(340)
Next, the term —Agt provides a contribution

_ //(Agt)(sl,d@) gy, (81, s2)p(ds1)
T /// Ag, (s1,ds)Ag, (s, ds2) Dgma, (51, 52) p(ds1)

= [[[ a1, 5)p(dsyma, (5, s2)p(clso) Buma, (1, 52)p(ds)

= —Esp, s1~p, so~p Mo, (51, 5) Mg, (5, 52) Ogmg, (51, 52). (341)
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For the final tem yAp, PAyp,, observe that
(Ao, PAg,)(s1, dss) = / A, (s1,d5)P(s,ds') Ag, (s asy) (342)

- / [ m0,(51,5)p(05) P55, .y plds2) - (343)
s~p s'~P(s,ds’) ™0, (317 )m9t (3,7 82)p(d82) (344)

and therefore, the contribution of the term vAy, PAy, is

7 [[ (A0 P9, (51, ds2) Qg (51, 2)p(ds1)
= 7E31~p, sa~p, s~p, s'~P(s,ds’) T, (317 S)mat(s/,sz) an@t (817 32)' (345)

Collecting everything, we find

*89!](9)|9:0t = IE51~p, sa~vp, s~op, s'~P(s,ds’) [’Ya@met (Sa 5,) + yme, (317 5) 8m6’t (Sla 5,)
+ ymeg, (s, 52) Omg, (s, s2) — ma, (s, 52) Omg, (s, s2)

—mp, (51, 8)me, (s, s2) Ogmae, (s1, s2) + yma, (s1,8)me, (s, s2) Dgmy, (s1, 52)] -
(346)

This is the expectation over s ~ p, s’ ~ P(s,ds’), of the update (66). This
formally proves Theorem 21 for general state spaces, in expectation over

(s,8).

I Background on Singular Value Decompositions

In the text, we often work with the space of functions over S equipped
with the L?(p) norm. Since p # Id, we include here a reminder on how
the usual notions of Euclidean vector spaces play out in non-orthonormal
bases. We also include details on what constitutes a “truncated singular
value decomposition”.

A Euclidean vector space F is a finite-dimensional vector space equipped
with a dot product; the dot product is given by some symmetric, positive
definite matrix ¢ in some basis, namely, (x,y)g = z'qy for any vectors 2 and
.

If A: By — E5 is a linear map between two Euclidean spaces, its adjoint
A* is the map from E3 to E; such that (y, Az)g, = (A*y,z)g, for any
vectors x € E1 and y € Fy. Expressed in bases of F7 and FEs, its matrix is
A* =q; L ATgs, or just AT if the bases are orthonormal.

Such a map A is orthogonal if AA* =1dg, and A*A =1Idg,.

The Hilbert—Schmidt norm for an operator M on a Euclidean vector
space is Tr(M*M) where M* is the adjoint of M. In an orthonormal basis
this is Tr(M M) viewing M as a matrix, but in a non-orthonormal basis
this is Tr(¢~'M'q¢M) where ¢ is the matrix defining the norm in the basis.
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A singular value decomposition of such a map A is a triplet of linear
maps U: Rim(E2) _ gy p. RAmE) _; Rdim(E2) apd . RAmE) 5 By
such that A = UDV*, U and V are orthogonal, and D is rectangular
diagonal. Equivalently, a singular value decomposition can be written as
Az = Y, u;d;i(v;,x)p, where each d; > 0, the u;’s make an orthonormal
family in E5, and the v;’s make an orthonormal family in E; (or equivalently,
an orthonormal family of linear forms on E; by identifying v; with the map
x = (Vi ) By )-

DEFINITION 45 (TRUNCATED SVD). A linear map B is a truncated
singular value decomposition of a linear map A: E1 — FEs if there is a
singular value decomposition A = UDV™* of A and a rectangular diagonal
matrix D’ such that D’ is obtained from D by replacing some elements with
0, and B=UD'V*.

LEMMA 46. A linear map B: Ey — FE5 is a truncated singular value
decomposition of A: Ey — Fy if and only if A and B are equal on (Ker B)*
and the image of Ker B by A is orthogonal to the image of B.

Proof. (<) Define E} = Ker B and E} = (Ker B)* so that £y = E} @ E.
Let A" and A” be the restrictions of A to E] and E{ respectively, so that
A= A"+ A”. Define B’ and B” likewise.

Since E] is Ker B, we have B’ = 0 so B = B”.

By assumption, A and B are equal on E}. Therefore, A” = B", so
B=A".

By assumption, the image of E] by A is orthogonal to the image of B.
The former is Im A’ while the latter is Im A”. Therefore, Im A’ L Im A”.

Consider singular value decompositions of A" and A” as A" = 3", uld;v]
and A" = 37, uldjvY, where the d are positive real numbers, the u; are an
orthonormal basis of Im A’; the v} are an orthonormal set of linear forms on

1, and likewise for A”. (Any zero singular values have been dropped in this
decomposition.)

Since Im A’ L Tm A", the u;}’s are orthogonal to the u} ’s. Likewise, since
the decomposition Ey = E] @ EY is orthogonal, the v]’s are orthogonal to
the vg ’s as linear forms on Fj.

It follows that 3, uidjv; + 3°; ujdjv} is a singular value decomposition
of A (with the zero singular values omitted). Since B = A", 37, u/d;v] is a
singular value decomposition of B, so that B is a truncated SVD of A.

(=) Let A=UDV* and B = UD'V* as in Definition 45. Up to swapping
rows and columns, we can assume that the nonzero entries of D and D’
are located in the first rows. Let k be the number of nonzero entries in D’.
Then Ker D' is spanned by the last dim(E;) — k basis vectors in RIm(F1),
and (Ker D')! is spanned by the first k basis vectors. Thus, by construction,
D and D’ coincide on (Ker D’)L. Moreover, Im D' is spanned by the first
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k basis vectors, and D(Ker D’) is spanned by the last dim(E;) — k basis
vectors, so Im D" and D(Ker D’) are orthogonal.

Since A =UDV* and B = UD'V*, and since U is invertible, A and B
are equal on (Ker B)* if and only if DV* and D'V* are equal on (Ker B)*.
Since V* is invertible, this happens if and only if D and D’ are equal on
V*((Ker B)1). Since V* is orthogonal, the latter is (V*(Ker B))= .

Since U and V are orthogonal, hence invertible, one has Ker B =
Ker(UD'V*) = Ker(D'V*) = V(Ker D’). Hence V*(Ker B) = Ker D'. Thus,
we need D and D’ to be orthogonal on Ker D’, which we have established
above.

Next, let us prove that A(Ker B) L Im B, namely, that UDV*(Ker B) L Im(UD'V*).
Since U is orthogonal, this is equivalent to DV*(Ker B) L Im(D'V*). We
have seen that V*(Ker B) = Ker D’; moreover Im(D'V*) C Im(D’), so it is
enough to prove that D(Ker D') L Im D’, which we have established above.
This proves the first part of the equivalence. O
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