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A BSTRACT
We study the problem of Bellman residual minimization with nonlinear function
approximation in general. Based on a nonconvex saddle point formulation of Bellman residual minimization via Fenchel duality, we propose an online first-order
algorithm with two-timescale learning rates. Using tools from stochastic approximation, we establish the convergence of our problem by approximating the dynamics of the iterates using two ordinary differential equations. Moreover, as a
byproduct, we establish a finite-time convergence result under the assumption that
the dual problem can be solved up to some error. Finally, numerical experiments
are provided to back up our theory.

1

I NTRODUCTION

Reinforcement learning (RL) (Sutton & Barto, 1998) studies the problem of sequential decision
making under uncertainty. In these problems, an agent aims to make optimal decisions by interacting
with the environment, which is modeled as a Markov Decision Process (MDP). Thanks to the recent
advancement of deep learning, reinforcement learning has demonstrated extraordinary empirical
success in solving complicated decision making problems, such as the game of Go (Silver et al.,
2016; 2017), navigation (Banino et al., 2018), and dialogue systems (Li et al., 2016).
However, when nonlinear function approximation such as neural networks are utilized, theoretical
analysis of RL algorithms becomes intractable as it involves solving a highly nonconvex statistical
optimization problems. Whereas in the tabular case or in the case with linear function approximation, using tools for convex optimization and linear regression, the statistical and computational
properties of the reinforcement learning algorithms are well-understood under these settings. In
consequence, although RL algorithms with nonlinear function approximation great empirical success, their theoretical understanding lags behind, which makes it difficult to design RL methods in a
principled fashion.
Moreover, from a statistical perspective, with nonlinear function approximation, RL methods such as
fitted value iteration (Munos & Szepesvári, 2008), fitted Q-iteration (Antos et al., 2008a), and Bellman residual minimization Antos et al. (2008b) can be cast as nonlinear regression problems. Using
nonparametric regression tools, statistical properties of batch RL methods with nonlinear function
approximation are established (Farahmand et al., 2016). However, when it comes to computational
properties, due to the fundamental hardness of nonconvex optimization, theoretical understanding
of the convergence of RL methods remains less explored, which is contrast to the case with linear
function approximation, where the convergence of online algorithms based on temporal-difference
(TD) learning are well studied.
In this work, we we make the first attempt to study an online algorithm for Bellman residual minimization, with nonlinear function approximation. In the batch form, Bellman residual minimization
is formulated as a bilevel optimization, which cannot be solved with computational efficiency. To
tackle this problem, we formulate the Bellman residual itself as the optimal value of another maximization problem. In this way, Bellman residual minimization becomes a saddle point problem,
1
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where the value function is the primal variable, and the dual variable tracks the TD-error of the
primal variable. By also parametrizing the dual variable using a parametrized function class, we
propose a primal-dual subgradient method which is an online first-order method for Bellman residue
minimization.
Furthermore, since the saddle-point problem is not convex-concave, the order between the inner
maximization and outer minimization problems plays a significant role. Similar to the batch algorithm, ideally we would fix the primal variable and solve the inner maximization problem to its
global optima, and then updated the primal variable. However, in the online setting, this approach
is not tractable. To achieve computational efficiency, we apply the two-timescale updates to the
primal and dual variables. Specifically, we update the primal and dual variables using two sets of
learning rates, where the learning rate of the dual variable is much larger than that of the primal variable. Using stochastic approximation (Borkar, 2008; Kushner & Yin, 2003), two-timescale updating
rules ensures that we could safely fix the primal variable when studying the convergence of the dual
variable. In this case, the dual variable converges to a local maximum of the inner maximization
problem. Moreover, the dynamics of the iterates are characterized by two ordinary differential equations (ODE) running at different timescales.
Our contributions are three-fold. First, we formulate the problem of Bellman residual minimization
as a nonconvex saddle point problem, for which we propose an online first-order algorithm using
two-timescale learning rates. Second, using stochastic approximation, we show that the online algorithm converges almost surely to the asymptotically equilibria of an ODE. Third, assuming the
existence of an optimization oracle which solves the dual problem up to some error, we show that the
stochastic gradient method in the primal step converges to a stationary point of the squared Bellman
residual up to some fundamental error.
Related Work. The statistical properties of Bellman residual minimization is studied in Antos et al.
(2008b); Maillard et al. (2010); Farahmand et al. (2016) for policy evaluation, where the problem
is solved using least-squares regression under the batch setting. Moreover, in these work, Bellman
residue minimization is an intermediate step of least-squares policy iteration Lagoudakis & Parr
(2003). These work are not comparable to our work since our study an online algorithm for Bellman
residue minimization and its convergence.
In addition, our work is related to the line of research on the online algorithms for policy evaluation
with function approximation. Most existing work focus on linear function approximation. Specifically, Tsitsiklis & Van Roy (1997) study the convergence of the on-policy TD(λ) algorithm based
on temporal-difference (TD) error. To handle off-policy sampling, Maei et al. (2010); Sutton et al.
(2009; 2016); Yu (2015); Hallak & Mannor (2017) propose various TD-learning methods with convergence guarantees. Utilizing two-timescale stochastic approximation in Borkar (2008) and strong
convexity, they establish global convergence results for the proposed methods. The finite-sample
analysis of these methods are recently established in Dalal et al. (2017b;a). More related works
are Liu et al. (2015); Du et al. (2017), which formulate minization of the mean-squared projected
Bellman error as a saddle point problem using Fenchel duality. However, since they consider linear function approximation, the corresponding saddle point problem is convex-concave, whereas
our objective is nonconvex. When it comes to nonlinear function approximation, to the best of our
knowledge, the only convergent algorithm is the nonlinear-GTD algorithm proposed in Bhatnagar
et al. (2009). Their algorithm depends on the Hessian of the value function, and thus might be costly
in practice.
Moreover, it is worth noting that Dai et al. (2017b) apply the same saddle point formulation to soft Qlearning. However, they consider a batch algorithm with the assumption that the inner maximization
can be solved to the global optima. Due to nonconvexity, this assumption could stringent.
Furthermore, Chen & Wang (2016); Wang (2017) propose primal-duality of reinforcement learning
based on the Lagrangian duality of linear programming for MDP (Puterman, 2014). These work
establish convergence results in the tabular case. Applying neural networks to the same duality
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formulation, Dai et al. (2017a); Cho & Wang (2017) propose variants of the actor-critic algorithms
(Konda & Tsitsiklis, 2000), which does not have convergence guarantees.
Notation. We use the following notations throughout this paper. For any vector x ∈ Rn , we use
kxk2 and kxk∞ to denote the Euclidean norm and the `∞ -norm of x, respectively. For a finite set M,
we use |M| to denote its cardinality. We denote by P(M) the set of all probability measures on M
and we write B(M) for the set of all bounded functions defined on M. For a function f ∈ B(M),
we define the `∞ -norm of f as kf k∞ = supx∈M |f (x)|. Moreover, for any
R probability measure
µ ∈ P(M), we write kf kµ for the `2 -norm with respect to µ, i.e., kf kµ = [ M |f (x)|2 dµ(x)]1/2 .
Finally, we use [n] to denote the set of integers {1, · · · , n}.

2

VALUE F UNCTION E STIMATION IN RL

In this section, we introduce some background on reinforcement learning that will be used in the
presentation our main results.
In reinforcement learning, the environment is often modeled as a Markov decision process (MDP)
denoted by a tuple (S, A, P, r, γ), where S is the set of states, A is the set of all possible actions,
P : S × A → P(S) is the Markov transition kernel, r : S × A → R is the reward function, and
γ ∈ (0, 1) is the discount factor. More specifically, an agent interacts with the MDP sequentially in
the following way. At the t-th step for any t ≥ 0, suppose the MDP is at state st ∈ S and the agent
selects an action at ∈ A; then, the agent observes reward r(st , at ) and the MDP evolves to the next
state st+1 ∼ P (· | st , at ). Here P (· | s, a) is the probability distribution ofPthe next state when taking
action a at state s. The discounted cumulative reward is defined as R = t≥0 γ t · r(st , at ).
In addition, a policy π : S → P(A) specifies a rule of taking actions. Specifically, π(a|s) is the
probability of selecting action a at state s under policy π. We note that π induces a Markov chain
on S × A with transition probability p(s0 , a0 | s, a) = π(a0 | s0 ) · P (s0 | s, a). We define the (action)
value function of policy π as Qπ (s, a) = E(R | s0 = s, a0 = a, π), which is the expected value
of the discounted cumulative reward when the agent takes action a at state s, and follows policy π
afterwards. Moreover, we define the optimal value function Q∗ : S × A → R by letting Q∗ (s, a) =
supπ Qπ (s, a) for all (s, a) ∈ S × A, where the supremum is taken over all possible policies. By
definition, Q∗ (s, a) is the largest reward obtainable by the agent when starting from (s, a). It is
well-known that Qπ and Q∗ are the unique fixed points of the Bellman evaluation operator T π and
the Bellman optimality operator T ∗ , respectively. Specifically, Bellman operators T π : B(S ×A) →
B(S × A) and T ∗ : B(S × A) → B(S × A) are defined respectively by


(T π Q)(s, a) =r(s, a) + γ · E Q(st+1 , at+1 ) st = s, at = a, at+1 ∼ π(· | st+1 ) ,
(2.1)


∗
(T Q)(s, a) =r(s, a) + γ · E max Q(st+1 , a) st = s, at = a ,
(2.2)
a∈A

where st+1 ∼ P (· | st , at ). The problems of estimating Qπ and Q∗ are usually referred to as policy
evaluation and optimal control, respectively. Both of these problems lie at the core of reinforcement learning. Specifically, policy evaluation is the pivotal step of dynamic programming methods.
Moreover, estimating Q∗ by applying the Bellman optimality operator in (2.2) repeatedly gives the
classical Q-learning algorithm (Watkins & Dayan, 1992), based on which a number of new algorithms are developed.
In this work, we propose a saddle framework for stochastic fixed-point problems in general.

3

A S ADDLE P OINT F ORMULATION OF B ELLMAN R ESIDUE M INIMIZATION

In this section, we formulate the problem of estimating the value functions introduced in §2 as saddle
point optimization problems. Before going into the details, we first introduce a standard assumption
on the MDP.
Assumption 3.1 (MDP Regularity). The MDP (S, A, P, r, γ) satisfies the following conditions.
3
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(i). The action space A is a finite set, and there exists a constant Rmax > 0 such that |r(s, a)| ≤
Rmax for any (s, a) ∈ S × A.
(ii). For policy evaluation problem, we assume that the Markov chain on S × A induced by
policy π has a stationary distribution dπ ∈ P(S × A). For estimating Q∗ , we consider the
off-policy setting where we collect data using a behavioral policy πb : S → A. Moreover,
we assume that πb induces a stationary distribution dπb over S × A. Moreover, we assume
that it is possible to draw i.i.d. samples from dπ and dπb .
The first condition in Assumption 3.1 ensures that both Q∗ and Qπ are bounded by Rmax /(1 − γ).
The stationary distributions dπ and dπb in the second condition is are the natural measures to evaluate
the error of estimating Qπ and Q∗ . This condition holds if the Markov chains induced by π and πb
are irreducible and aperiodic. Moreover, when these two Markov chains possess the rapid mixing
property, the observations are nearly independent, which justifies the assumption of i.i.d. sampling
from dπ and dπb .
In the following, we first focus on estimating Q∗ ; the results for Qπ can be similarly obtained by
replacing T ∗ by T π in (2.1). To simplify the notation, we denote dπb by ρ. When the capacity
of S is large, to estimate Q∗ efficiently, we estimate Q∗ using a parametrized function class F =
{Qθ : S × A → R, θ ∈ Rd }, where θ is the parameter. Then the problem is reduced to finding a
parameter θ ∈ Rd such that Qθ is close to Q∗ .
Since Q∗ is unknown, it is impossible to minimize the mean-squared error kQθ − Q∗ k2ρ . Since Q∗
is the unique fixed point of T ∗ , a direct idea is to minimize the mean-squared Bellman residual

(3.1)
minimize J(θ) = kQθ − T ∗ Qθ k2ρ = E(s,a)∼ρ [Qθ (s, a) − (T ∗ Qθ )(s, a)]2 .
θ∈Rd

via (stochastic) subgradient descent. By definition, the subgradient of J(θ) is


∇θ J(θ) = E(s,a)∼ρ [Qθ (s, a) − (T ∗ Qθ )(s, a)] · (∇θ Qθ )(s, a) − [∇θ (T ∗ Qθ )](s, a) , (3.2)
where ∇θ (T ∗ Qθ )(s, a) is the subgradient of T ∗ Qθ (s, a) with respect to θ, which is given by


(∇θ T ∗ Qθ )(s, a) = γ · E ·∇θ Qθ (st+1 , a0 ) st = s, at = a ,
(3.3)
where a0 = argmaxb∈A Qθ (st+1 , b). Although combining (3.2) and (3.3) yields the closed form of
∇J(θ), there exists a fundamental challenge when applying gradient-based methods to (3.1). Specifically, notice that both (T ∗ Qθ )(s, a) and (∇θ T ∗ Qθ )(s, a) involves conditional expectation given
(s, a) ∈ S × A, and these two terms are multiplied are together in ∇θ J(θ) in (3.2). Thus, to construct an unbiased estimator of ∇θ J(θ), given an observation (s, a) ∼ ρ, we need to draw two independent samples from P (· | s, a) to ensure that the estimators of (T ∗ Qθ )(s, a) and (∇θ T ∗ Qθ )(s, a)
constructed respectively using these two samples are conditionally independent given (s, a). Such
an issue is called the “double sampling” problem in reinforcement learning literature (Baird et al.,
1995).
To resolve this issue, inspired by the saddle point formulation of soft Q-learning in Dai et al. (2017b),
we formulate the objective function J(θ) as

J(θ) = maximize Eρ −1/2 · [µ(s, a)]2 + [Qθ (s, a) − (T ∗ Qθ )(s, a)] · µ(s, a) ,
(3.4)
µ∈B(S×A)

where the maximization is taken over all functions µ : S × A → R. In particular, for any fixed θ, the
solution of the optimization problem in (3.4) is δθ (s, a) = Qθ (s, a)−(T ∗ Qθ )(s, a), which is known
as the temporal-difference (TD) error in the literature. Moreover, we parametrize µ in (3.4) using
function class G = {µω : S × A → R, ω ∈ Rp }. Then combining (3.1) and (3.4), we formulate
Bellman residual minimization as a stochastic saddle point problem

min max L(θ, ω) = Es,a,s0 −1/2 · [µω (s, a)]2 +
θ∈Rd ω∈Rp


Qθ (s, a) − r(s, a) − γ · max
Qθ (s0 , a0 ) · µω (s, a) ,
(3.5)
0
a ∈A
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where (s, a) ∼ ρ and s0 ∼ P (· | s, a) is the next state given (s, a). Here θ and ω can be viewed
as the primal and dual variables respectively. The gradients of L(θ, ω) with respect to θ and ω are
given by



∇θ L(θ, ω) = Es,a,s0 µω (s, a) · ∇θ Qθ (s, a) − γ · ∇θ Qθ (s0 , a0 ) ,
(3.6)



0
∇ω L(θ, ω) = Es,a,s0 ∇ω µω (s, a) · Qθ (s, a) − R(s, a) − γ · max Qθ (s , b) − µω (s, a) , (3.7)
b∈A

where a0 in (3.6) satisfies that a0 = argmaxb∈A Qθ (s0 , b). From (3.6) and (3.7), replacing
∇θ L(θ, ω) and ∇ω L(θ, ω) by the stochastic gradients based on one observation (s, a, s0 ), we establish an stochasitc subgradient algorithm, whose details are given in Algorithm 1. Since the saddle
point problem (3.5) is nonconvex, in the algorithm we project the iterates onto compact sets Θ ⊆ Rd
and Ω ⊆ Rp respectively. Moreover, notice that ideally we would like to solve the inner maximization problem in (3.5) for fixed θ. To achieve such a goal in an online fashion, we perform the primal
and dual steps in different paces. Specifically, the learning rates αt and βt satisfy βt /αt → ∞ as t
goes to infinity. Using results from stochastic approximation (Borkar, 2008; Kushner & Yin, 2003),
such a condition on the learning rates ensures that the dual iterates {ωt }t≥0 asymptotically track the
sequence {argmaxω∈Rp L(θt , ω)}t≥0 , thus justifying our algorithm.
Algorithm 1 A Primal-Dual Algorithm for Q-Learning
Input: Initial parameter estimates θ0 ∈ Rd and ω0 ∈ Rp , primal and dual learning rates
{αt , βt }t≥0 .
for t = 0, 1, 2, . . . until convergence do
Sample (st , at ) ∼ ρ, observe reward r(st , at ) and the next state s0t .
Let a0t = argmaxa∈A Qθt (s0t , a).
Update the parameters by



ωt+1 ← ΠΩ ωt + βt · ∇ω µωt (st , at ) · Qθt (st , at ) − r(st , at ) − γ · Qθt (s0t , a0t ) − µωt (st , at ) ,
(3.8)



0
0
θt+1 ← ΠΘ θt − αt · µωt (st , at ) · ∇θ Qθt (st , at ) − γ · ∇θ Qθt (st , at ) .
(3.9)
end for
Furthermore, for policy evaluation, we replace T ∗ by T π in (3.4) to obtain



min maxp Es,a,s0 ,a −1/2 · [µω (s, a)]2 + Qθ (s, a) − r(s, a) − γ · Qθ (s0 , a0 ) · µω (s, a) , (3.10)
θ∈Rd ω∈R

where (s, a) ∼ dπ , s0 ∼ P (· | s, a), and a0 ∼ π(· | s0 ). Here dπ is the stationary distribution on
S × A induced by policy π. Similarly, by computing the gradient of the objective in (3.10), we
obtain a stochastic gradient algorithm for policy evaluation.
Finally, it is worth noting that, various saddle point formulations of Bellman residual minimization
are proposed to avoid the issue of double sampling (Antos et al., 2008b; Farahmand et al., 2016; Dai
et al., 2017b). Our formulation is the same as the one for soft Q-learning in Dai et al. (2017b), and is
equivalent to that in Antos et al. (2008b); Farahmand et al. (2016) for policy evaluation. All of these
work are batch algorithms, with the assumption that the global optima of the inner maximization can
be reached. Whereas we propose an online first-order algorithm with nonlinear function approximation. Moreover, our analysis utilize tools from stochastic approximation of iterative algorithms
(Borkar, 2008; Kushner & Yin, 2003), which is significantly different from their theory. .

4

T HEORETICAL R ESULTS

In this section, we lay out the theoretical results. For ease of presentation, we focus on the estimation
of Q∗ while our theory can be easily adapted to the policy evaluation problem. We first state the
assumption on function class F = {Qθ : θ ∈ Rd }.
5
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Assumption 4.1. Here we assume that, for any (s, a) ∈ S × A, Qθ (s, a) is a differentiable function of θ such that |Qθ (s, a)| ≤ Qmax k∇θ Qθ (s, a)k2 ≤ Gmax , and that ∇θ Qθ (s, a) is Lipschitz
continuous in θ, where Qmax ≥ Rmax /(1 − γ) and Gmax > 0 are two constants.
Here our assumption on F allows nonlinear function approximation of the value function in general. Moreover, we only consider bounded value functions since Q∗ is bounded by Rmax /(1 − γ).
Moreover, we assume that ∇θ Qθ (s, a) is bounded and Lipschitz continuous for regularity. This
assumption can be readily satisfied if θ is restricted to a compact subset of Rd .
In addition, we assume that G = {µω : ω ∈ Rp } is a class of linear functions as follows.
Assumption 4.2. We assume that µω (s, a) = ω > φ(s, a) for any ω ∈ Rp , where φ : S × A → Rp
is a feature mapping such that φ(s, a) is uniformly bounded for any s ∈ S, a ∈ A. Furthermore, we
assume that there exists a constant σmin > 0 such that E(s,a)∼ρ [φ(s, a)φ(s, a)> ]  σmin · Ip .
Here we assume the dual function is linear for the purpose of theoretical analysis. In this case, the
inner maximization problem maxω L(θ, ω) has a unique solution


−1
(4.1)
E(s,a)∼ρ φ(s, a) · [Qθ (s, a) − (T ∗ Qθ )(s, a)]
ω(θ) = E(s,a)∼ρ [φ(s, a)φ(s, a)> ]
for any θ ∈ Rd . Thus, µ(θ) is the minimizer of kQθ − T ∗ Qθ − µω(θ) k2ρ , i.e., µω(θ) is the best
approximation of the TD-error using function class G. It is possible to extend our result to nonlinear
µω following the analysis in Heusel et al. (2017) under stronger assumptions. In addition, we note
that most online TD-learning algorithms uses linear function approximation. Moreover, it is shown
in Tsitsiklis & Van Roy (1997) that TD-learning with nonlinear function approximation may fail to
converge. To the best of our knowledge, for nonlinear function approximation, the nonlinear GTD
algorithm in Bhatnagar et al. (2009) is the only convergent online algorithm. However, their focus
solely on policy evaluation, and their approach depends on the Hessian ∇2θ Vθ . As a comparison, our
method also consider nonlinear function approximation and can be applied to both policy evaluation
and optimal control.
Now we are ready to present the convergence result for Algorithm 1.
Theorem 4.3. We assume the learning rates {αt , βt }t≥0 in (3.8) and (3.9) satisfy
X
X
X
αt =
βt = ∞,
αt2 + βt2 < ∞, lim αt /βt = 0.
t≥0

t≥0

t→∞

t≥0

(4.2)

In addition, let Θ ⊆ Rd and Ω ⊆ Rp be the Euclidean balls with radius Rθ and Rω respectively. For
function L(θ, ω) defined in (3.5), we define


K = θ ∈ Θ : ∇θ L(θ, ω)|ω=ω(θ) = 0 ∪ θ ∈ ∂Θ : ∇θ L(θ, ω)|ω=ω(θ) = λθ for some λ ≥ 0 .
(4.3)
Then under Assumptions 3.1, 4.1, and 4.2, the iterates {(θt , ωt )}t≥0 created by Algorithm 1 converges almost surely to the set {[θ∗ , ω(θ∗ )], θ∗ ∈ K}.
In addition to the Robbins-Monro condition, (Robbins et al., 1951), the learning rates in (4.2) also
satisfies limt→∞ αt /βt = 0. Intuitively, this means that the sequence {ωt }t≥1 tracks {ω(θt )}t≥1
asymptotically. In other words, (4.2) enables our online algorithm to approximately solve the inner
maximization problem maxω L(θ, ω) with θ fixed. Using two-timescale stochastic approximation
(Borkar, 2008; Kushner & Yin, 2003), when studying the convergence {θt }t≥0 , we could replace ωt
in (3.9) by ω(θt ). In this case, using ODE approximation, {θt }t≥0 converges almost surely to K in
(4.3), which is the asymptotically stable equilibria of the projected ODE θ̇ = ∇θ L(θ, ω)|ω=ω(θ) +ξ θ ,
where ξ θ (t) is the correction term caused by projection onto Θ.
Furthermore, even when Θ is sufficiently large such that {(ωt , θt )}t≥0 converges to [ω(θ∗ ), θ∗ ] with
∇θ L[θ∗ , ω(θ∗ )] = 0, due to the error of function approximation, θ∗ is not a stationary point of J(·).
Specifically, let δθ = Qθ − T ∗ Qθ be the TD-error. Then, by (3.6) we have

∇θ J(θ∗ ) = E(s,a)∼ρ [∇θ δθ∗ (s, a) · δθ∗ (s, a)] = E(s,a)∼ρ ∇θ δθ∗ (s, a) · [δθ∗ (s, a) − µω(θ∗ ) (s, a)] .
(4.4)
6
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Since µω(θ∗ ) is the best approximator of δθ∗ within G, θ∗ is in a neighborhood of a stationary point
of J(·) if the function approximation error is small.
To see error incurred in estimating the TD-error reflects the fundamental limit of our method, we also
provide a finite-time analysis provided that there exists an optimization oracle which approximately
solves the inner maximization problem in (3.1).
Assumption 4.4 (Optimization Oracle). We assume that there exists an optimization oracle that
returns a bounded function µ
eθ ∈ B(S × A) when queried by any θ ∈ Rd . Moreover, we assume
that |µθ (s, a)| ≤ 2Qmax for any (s, a) ∈ S × A, and there exists a constant  > 0 such that
ke
µθ − δθ k2ρ ≤ ε.
Here we assume that the estimator µ
eθ for δθ is bounded by 2Qmax since δθ is bounded by
2Rmax /(1 − γ) under Assumption 3.1. Moreover, in light of Algorithm 1, ε can be viewed as
the estimation error of the TD-error using {µω , ω ∈ Ω}, i.e., supθ∈Θ inf ω∈Ω kδθ − µω kρ . Now we
update {θt }t≥0 by


θt+1 ← θt − αt · µ
eθt (st , at ) · ∇θ Qθt (st , at ) − γ · ∇θ Qθt (s0t , a0t ) ,
(4.5)
where s0t is the next state given (st , at ) ∼ ρ, and a0t = argmaxa∈A Qθt (s0t , a). The following
theorem shows that any limit point of {θt }t≥0 is in the vicinity of a stationary point of J(·) with
error proportional to ε.
P
Theorem 4.5. Assume that the learning rates {αt }t≥0 in (4.5) satisfy
t≥0 αt = ∞ and
P
2
<
∞.
Under
Assumptions
3.1,
4.1,
and
4.4,
with
probability
one, we have
α
t≥0 t
lim supt≥0 k∇θ J(θt )k2 ≤ 8Gmax · ε.
To understand this theorem, first notice that the update direction in (4.5) is a noisy version of
E(s,a)∼ρ [e
µθt (s, a) · ∇θ δθt (s, a)], which is a biased estimate of ∇θ J(θt ). Moreover, under Assumptions 4.1 and 4.4, such a bias can be bounded by 8Gmax · ε. Due to this bias in gradient estimation,
{θt }t≥1 can only enter a neighborhood of a stationary point. In addition, for Algorithm 1 with G
being the class of linear functions, the optimization oracle outputs µω(θ) = φ> ω(θ) for any θ ∈ Θ.
Applying Cauchy-Schwarz inequality to (4.4), we have k∇J(θ∗ )k2 ≤ 2Gmax · kδθ∗ − µω(θ∗ ) kρ .
Thus, Theorems 4.3 and 4.5 yield consistent results, which implies that the error incurred by estimating the TD-error using function class G leads to unavoidable error of our approach.

5

E XPERIMENTS

To justify our proposed method for estimating value function, we compare it with the classical deep
Q-network (DQN) on several control tasks from the OpenAI Gym (Brockman et al., 2016). For a
fair comparison, we use the codes from OpenAI Baselines (Dhariwal et al., 2017) for DQN, and use
the same parametrization for both our method and DQN. The parameters are fine-tuned for each task
to achieve the state-of-art performance. We run the algorithms with 5 random seeds and report the
average rewards with 50% confidence intervals. Figure 1 (a)-(c) illustrates the empirical comparison
results for the environments CartPole-v0, MountainCar-v0 and Pendulum-v0. We can see that in all
these tasks, our method achieves the equivalent performance to DQN. The experiment settings are
as follows.
• CartPole-v0. For both methods, we set the learning rate for Q-network, i.e. αt , as 10−3
with batch size 32. The Q-network is a one-layer network with 30 hidden nodes. The
µ-network’s learning rate and structure are the same as the Q-network.
• Pendulum-v0. For both methods, we set αt as 10−4 with batch size 1000. The Q-network
is a two-layer network with 40 hidden nodes for each layer. The learning rate and structure
of the µ-network are the same as Q-network.
• MountainCar-v0. For both methods, we set αt as 10−4 with batch size 1000. The Qnetwork is a two-layer network with 20 hidden nodes for each layer. The learning rate for
the µ-network, i.e. βt , is also 10−4 with the same structure as Q-network.
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As is shown in Theorem 4.3, we require limt→∞ αt /βt = 0 to guarantee the solution of inner
maximization problem maxω L(θ, ω) asymptotically. To justify this theoretical result, we test our
method on CartPole-v0 with different setting of αt and βt . The results are illustrated in Figure 1-(d).
We set αt /βt as 100, 1, and 0.01, respectively. As the learning rate ratio αt /βt deceases, the reward
increases faster and become more stable around the solution. From Case I, when αt /βt is too big,
our method cannot guarantee the solution of control task, which is in accordance with Theorem 4.3.

6

C ONCLUSION

In this work, we propose an online first-order algorithm for the problem of Bellman residual minimization with nonlinear function approximation in general. Our algorithm is motivated by a duality
formulation. Moreover, we establish the convergence of our problem by via ODE approximation,
utilizing tools from stochastic approximation. In addition, we also establish a finite-time convergence result under the assumption of a computational oracle. Finally, numerical experiments are
provided to back up our theory.
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(b) CartPole-v0 with various αt /βt

(a) MountainCar-v0

Figure 1: In (a)-(c) we compare our method and DQN on three classical control tasks. Each plot
shows the average reward during training across 5 random runs, with 50% confidence interval. As
shown in these plots, our method achieves the equivalent performance to the classical DQN. In
addition, in (d) we show the performances of our method for CartPole-v0 under different learning
rates. For Case I, we set αt = 10−2 , βt = 1e − 4 with αt /βt = 100. For Case II, we set αt =
10−4 , βt = 10−4 with αt /βt = 1. For Case III, we set αt = 10−4 , βt = 10−2 with αt /βt = 0.01.
The figure shows that αt /βt → 0 is critical for our method to work, which agrees with the theory.
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A

A LGORITHMS FOR P OLICY E VALUATION AND S OFT Q-L EARNING

For policy evaluation, we replace T ∗ in (3.4) by the Bellman evaluation operator T π , which yields
a saddle point problem



min maxp Lπ (θ, ω) = Es,a,s0 ,a0 −1/2 · [µω (s, a)]2 + Qθ (s, a) − r(s, a) − γ · Qθ (s0 , a0 ) · µω (s, a) ,
θ∈Rd ω∈R

(A.1)
where (s, a) ∼ ρ, s0 ∼ P (· | s, a) is the next state given (s, a), and a ∼ π(· | s0 ). The gradients of
Lπ (θ, ω) with respect to θ and ω are given by



∇θ Lπ (θ, ω) = Es,a,s0 ,a0 µω (s, a) · ∇θ Qθ (s, a) − γ · ∇θ Qθ (s0 , a0 ) ,



∇ω Lπ (θ, ω) = Es,a,s0 ,a0 ∇ω µω (s, a) · Qθ (s, a) − R(s, a) − γ · Qθ (s0 , a0 ) − µω (s, a) .
Therefore, replacing the primal and dual gradients by their unbiased estimates, we obtain Algorithm 2.
Algorithm 2 A Primal-Dual Algorithm for Policy Evaluation
Input: Initial parameter estimates θ0 ∈ Rd and ω0 ∈ Rp , primal and dual stepsizes {αt , βt }t≥0 .
for t = 0, 1, 2, . . . until convergence do
Sample (st , at ) ∼ dπ , observe r(st , at ) and the next state s0t . Sample action a0 ∼ π(· | s0 ).
Update the parameters by



ωt+1 ← ΠΩ ωt + βt · ∇ω µωt (st , at ) · Qθt (st , at ) − r(st , at ) − γ · Qθt (s0t , a0 ) − µωt (st , at ) ,



θt+1 ← ΠΘ θt − αt · µωt (st , at ) · ∇θ Qθt (st , at ) − γ · ∇θ Qθt (s0t , a0 ) .
end for
Furthermore, soft Q-learning is proposed Haarnoja et al. (2017) based on the maximum entropy
principle. This problem aims to find the fixed point of the soft Bellman operator T ] defined by



X
]
(A.2)
exp[Q(st+1 , a)/τ ] st = s, at = a ,
(T Q)(s, a) = r(s, a) + γ · E τ · log
a∈A

where τ > 0 is the temperature parameter. By definition, T ] can be seen as a smooth approximation
of the Bellman optimality operator, where the max function in (2.2) is replaced by the softmax
function, where parameter τ controls the approximation error. It is known that T ] also admits a
unique fixed point, denoted by Q] : S × A → R. To estimate Q] with function approximation,
similar to (3.5) and (A.1), we consider the saddle point problem minθ∈Rd maxω∈Rp L] (θ, ω), where
L] (θ, ω) is given by


X


L] (θ, ω) = Es,a,s0 −1/2 · [µω (s, a)]2 + Qθ (s, a) − r(s, a) − γ · τ · log
exp[Qθ (s0 , a)/τ ]
· µω (s, a) ,
a∈A
0

where (s, a) ∼ ρ and s ∼ P (· | s, a). Here ρ is the stationary distribution on S × A induced by the
behavioral policy πb . By direct computation, the gradients of L] (θ, ω) with respect to θ and ω are
given by



X
]
0
0
∇θ L (θ, ω) = Es,a,s0 ,a0 µω (s, a) · ∇θ Qθ (s, a) − γ ·
νθ (s , a) · ∇Qθ (s , a) ,
a∈A



X


]
0
0
0
∇ω L (θ, ω) = Es,a,s ,a ∇ω µω (s, a) · Qθ (s, a) − R(s, a) − γ · τ · log
exp[Qθ (s , a)/τ ] − µω (s, a) ,
a∈A

where we define νθ : S × A → [0, 1] by
exp[Qθ (s, a)/τ ]
,
a0 ∈A exp[Qθ (s, a)/τ ]

νθ (s, a) = P

∀(s, a) ∈ S × A, ∀θ ∈ Rd .

Thus, we obtain a stochastic gradient algorithm for estimating Q] , which is stated in Algorithm 3.
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Algorithm 3 A Primal-Dual Algorithm for Soft Q-Learning
Input: Initial parameter estimates θ0 ∈ Rd and ω0 ∈ Rp , primal and dual stepsizes {αt , βt }t≥0 .
for t = 0, 1, 2, . . . until convergence do
Sample (st , at ) ∼ ρ, observe reward r(st , at ) and the next state s0t .
Sample action a0t = b with proabrbility νθt (s0t , b) for any b ∈ A. P
Compute the TD error δt = Qθt (st , at ) − r(st , at ) − γ · τ · log{ a∈A exp[Qθt (s0t , a)/τ ]}.
Update the parameters by



ωt+1 ← ΠΩ ωt + βt · ∇ω µωt (st , at ) · δt − µωt (st , at ) ,



θt+1 ← ΠΘ θt − αt · µωt (st , at ) · ∇θ Qθt (st , at ) − γ · ∇θ Qθt (s0t , a0t ) .
end for

B
B.1

P ROOFS OF THE M AIN R ESULTS
P ROOF OF T HEOREM 4.3

Proof. The proof of this theorem consists of two steps, where we consider the faster and slower
timescales seperately.
Step 1. Faster timescale. We first consider the convergence of {θt , ωt }t≥1 in the faster timescale.
Using ODE approximation, we will show that the sequence of dual variables {ωt }t≥0 generated
from (3.8) tracks the solution of the inner maximization problem, i.e., argmaxω L(θt , ω). To begin
with, for notational simplicity, we define φt = φ(st , at ),
δt = Qθt (st , at ) − r(st , at ) − γ · Qθt (s0t , a0t ),

At = ∇θ Qθt (st , at ) − γ · ∇θ Qθt (s0t , a0t ), (B.1)

for all t ≥ 0, where a0t = argmaxa∈A Qθt (s0t , a). Then the updating rules in Algorithms 1 reduce
to




ωt+1 ← ΠΩ ωt + βt · (δt − φ>
θt+1 ← ΠΘ θt − αt · φ>
(B.2)
t ωt ) · φt ,
t ω t · At ,
where {αt , βt }t≥0 are the learning rates, and ΠΘ is the projection operator. Moreover, we define
Ft = σ({sτ , aτ , r(sτ , aτ ), s0τ }τ ≤t ) as the σ-algebra generated by the history until time t. Thus, θt
and ωt are Ft−1 -measurable for any t ≥ 1. Furthermore, for any θ ∈ Rd and ω ∈ Rp , we define

(B.3)
h(θ, ω) = E(s,a)∼ρ φ(s, a) · [Qθ (s, a) − (T ∗ Qθ )(s, a) − φ(s, a)> ω] ,


>
∗
(B.4)
g(θ, ω) = E(s,a)∼ρ φ(s, a) ω · ∇θ Qθ (s, a) − [∇θ (T Qθ )](s, a) .
>
Then by definition, we have E[δt −φ>
t ωt )·φt | Ft−1 ] = h(θt , ωt ) and E[φt ωt ·At | Ft−1 ] = g(θt , ωt )
for any t ≥ 1, which implies that {ζt }t≥1 and {ηt }t≥1 defined by

ζt = (δt − φ>
t ωt ) · φt − h(θt , ωt ),

ηt = φ>
t ωt · At − g(θt , ωt )

(B.5)

are two martingale difference sequence with respect to filtration {Ft }t≥1 . Moreover, we define
CΘ (θ) as the outer normal cone of Θ at θ ∈ Θ, and define CΩ (ω) for Ω similarly.
Thus, (B.2) can be written as


 


θt+1
θt
αt /βt · At · φ>
t ωt
= ΠΘ×Ω
− βt ·
ωt+1
ωt
φt φ>
t ωt − δt · φt
 

  θ
θt
αt /βt · At · φ>
ξ
t ωt
=
− βt ·
+ ωt ,
ωt
ξt
φt φ>
t ωt − δt · φt

(B.6)

where ΠΘ×Ω is the projection onto product set Θ × Ω = {(u, v) : u ∈ Θ, v ∈ Ω}, and ζtθ and ζtω in
(B.5) are the correction terms induced by projection. Thus, by definition, we have ξtθ ∈ −CΘ (θt+1 )
and ξtω ∈ −CΩ (ωt+1 ), respectively.
Furthermore, under Assumption 4.1, both Qθ (s, a), ∇θ Qθ (s, a), and φ(s, a) are bounded, which
implies that there exist a constant C > 0 such that E[kζt k22 + kηt k22 | Ft−1 ] ≤ C for all t ≥ 1.
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Under review as a conference paper at ICLR 2019

PT
P
θ> ω> >
Moreover, let MT =
∈ Rd+p for any T ≥ 1. Since t≥1 βt2 < ∞,
t=1 βt · (ξt , ξt )
{MT }T ≥1 is a square-integrable martingale sequence. Moreover, by the Martingale convergence
theorem (Proposition VII-2-3(c) on page 149 of Neveu (1975)), {MT }T ≥1 converges almost surely.
Thus, for any  > 0, by Doob’s martingale inequality Doob (1953), we have
P
2

 sup
2C 2 t≥T βt2
N ≥T E[kMN − MT k2 ]
P sup kMN − MT k ≥  ≤
≤
,
2
2
N ≥T
which converges to zero as T goes to infinity. Furthermore, recall that, under the two-timescale
assumption of the learning rates, we have αt /βt → 0 as t goes to infinity, which implies that
limt→∞ αt /βt · At · φ>
t ωt = 0.
Now we apply the Kushner-Clark lemma (Kushner & Clark, 1978, see also Theorem D.2 in §D for
details) to sequence {(θt> , ωt> )> }t≥1 , which implies that the asymptotic behavior of {(θt , ωt )}t≥1
is characterized by the projected ODE
θ̇ = 0 + ξ θ ,

ω̇ = h(θ, ω) + ξ ω ,

(B.7)

where h is defined in (B.3), and ξ θ and ξ ω satisfy ξ θ (t) ∈ −CΘ (θ(t)) and ξ ω (t) ∈ −CΘ (ω(t)) for
any t ≥ 0. Specifically, sequence {(θt> , ωt> )> }t≥1 converges almost surely to the set of asymptotically stable equilibria of the projected ODE in (B.7), which is given by
 ∗ ∗
(θ , ω ) : θ∗ ∈ Θ, h(θ∗ , ω ∗ ) ∈ CΩ (ω ∗ ) .
(B.8)
Recall that Ω is the Euclidean ball in Rp with radius Rω . Thus, the boundary of Ω, ∂Ω, is
{ω : kωk2 = Rω }. For any ω ∈ ∂Ω, the outer normal cone is CΩ (ω) = {λ · ω : λ ≥ 0}.
In the sequel, we show that, for any (θ∗ , ω ∗ ) in the equilibria in (B.8), ω ∗ is in the interior of Ω,
i.e., kω ∗ k2 < Rω . This implies that {(θt , ωt )}t≥1 converges almost surely to {(θ∗ , ω ∗ ) : θ∗ ∈
Θ, h(θ∗ , ω ∗ ) = 0}.
Then, by definition, we have h[θ, ω(θ)] = 0 for any θ ∈ Rd , which implies that ω(θ) is the unique
maximizer of maxω∈Rp L(θ, ω) since L(θ, ω) is a strictly concave quadratic function of ω and
h(θ, ω) = ∇ω L(θ, ω). Moreover, since kφ(s, a)k2 is bounded for any (s, a) ∈ S × A and the
eigenvalues of E(s,a)∼ρ [φ(s, a)φ(s, a)> ] are at least σmin > 0, by norm inequality, we have
kω(θ)k2 ≤ 2Qmax /σmin · sup kφ(s, a)k2 .

(B.9)

(s,a)

Thus, if Rω is larger than the right-hand side of (B.9), ω(θ) is in the interior of Ω for any θ ∈ Θ.
Now we assume to the contrary that ω ∗ ∈ ∂Ω. By (B.8), there exists λ > 0 such that
λ · ω ∗ = h(θ∗ , ω ∗ ) = E(s,a)∼ρ [φ(s, a)φ(s, a)> ] · [ω(θ∗ ) − ω ∗ ],

(B.10)

where the second equality follows from (B.3) and (4.1). For the right-hand side of (B.10), we have
[ω(θ∗ ) − ω ∗ ]> · E(s,a)∼ρ [φ(s, a)φ(s, a)> ] · [ω(θ∗ ) − ω ∗ ] ≥ cmin · kω ∗ − ω(θ∗ )k22 > 0.

(B.11)

However, since ω(θ∗ ) is in the interior of Ω, we have
λ · hω(θ∗ ) − ω ∗ , ω ∗ i = λ · kω ∗ k2 · kω(θ∗ )k2 − λ · kω ∗ k22 < 0.

(B.12)

Thus, the contradiction between (B.11) and (B.12) implies that our assumption that ω ∗ ∈ ∂Ω is not
true, i.e., ω ∗ is in the interior of Ω. In this case, CΩ (ω ∗ ) is an empty set. Thus the asymptotically
stable equilibria of the ODE in (B.7) are given by
 ∗ ∗

(θ , ω ) : θ∗ ∈ Θ, h(θ∗ , ω ∗ ) = 0 = [θ∗ , ω(θ∗ )] : θ∗ ∈ Θ .
(B.13)
This implies that, in the faster timescale, we could fix the primal parameter at θ ∈ Θ, and the
dual variable converges to ω(θ), which is the unique solution of the dual optimization problem
maxω L(θ, ω). In other words, using two timescale updates, we essentially solve the dual problem
for each θ.
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Step 2. Slower timescale. Note that (B.13) cannot characterize the asymptotic behavior of the
primal variable. Now we proceed to establish a finer characterization of the asymptotic behavior of
{θt , ωt }t≥1 by looking into the slower timescale. For ease of presentation, let Et = σ(θτ , τ ≤ t) be
the σ-field generated by {θτ , τ ≤ t}. In addition, we define
(1)

ψt

>
= −φ>
t ωt · At + E[φt ωt · At | Et ]

(2)

ψt

= −E[φ>
t ωt · At | Et ] + g[θt , ω(θt )],

(B.14)

(1)

where function g is defined in (B.4), At and φt are defined in (B.1). It holds that {ψt }t≥1 is a
martingale difference sequence. Note that by the definition of g, we have E[φ>
t ω(θt ) · At | Et ] =
g[θt , ω(θt )]. Using the notation in (B.14), the primal update in (B.2) can be written as

(1)
(2) 
θt+1 = ΠΘ θt − αt · g[θt , ω(θt )] + αt · ψt + αt · ψt .
(B.15)
As shown in the first step of the proof, ω(θt ) − θt converges to zero as t goes to infinity. Moreover,
under Assumption 4.1, both ∇θ Qθ (s, a) and φ(s, a) are bounded. By Cauchy-Schwarz inequality,
(2)

kψt k2 = E{φ>
t [ω(θt ) − ωt ] · At | Et }

2

≤ sup kφ(s, a)k2 · sup k∇θ Qθ (s, a)k2 · E[kω(θt ) − ωt k2 | Et ],
(s,a)

(s,a)

which converges to zero almost surely. Besides, the boundedness of ∇θ Qθ (s, a) and φ(s, a) also
(1)
implies that there exist a constant C > 0 such that E[kψt k22 | Et ] ≤ C for all t ≥ 1.
PT
P
(1)
Furthermore, we define WT =
∈ Rd for any T ≥ 1. Since t≥1 αt2 < ∞,
t=1 αt · ψt
{WT }T ≥1 is a square-integrable martingale sequence, which converges almost surely by the Martingale convergence theorem (Neveu, 1975). Moreover, Doob’s martingale inequality (Doob, 1953)
implies that
P


2C 2 t≥T αt2
supN ≥T E[kWN − WT k22 ]
lim P sup kWN − WT k ≥  ≤ lim
≤ lim
= 0.
T →∞
T →∞
T →∞
2
2
N ≥T
To apply the Kushner-Clark lemma, we additionally need to verify that function ḡ(θ) = g[θ, ω(θ)]
is a continuous. To see this, note that ω(θ) defined in (4.1) is a continuous function, and g(θ, ω) in
(B.4) is continuous in both θ and ω.
Finally, applying by the Kushner-Clark lemma (Kushner & Clark, 1978) to sequence {θt }t≥1 , it
holds that {θt }t≥1 converges almost surely to the set of asymptotically stable equilibria of the ODE
θ̇ = ḡ(θ) + ξ θ ,

ξ θ (t) ∈ −CΘ (θ(t)),

(B.16)

where CΘ (θ) is the outer normal cone of Θ. Since Θ is a Euclidean ball with radius Rθ , if θ is on
the boundary of Θ, i.e., kθk2 = Rθ , we have CΘ (θ) = {λ · θ, λ ≥ 0}. Thus, for any asymptotically
stable equilibrium θ∗ of (B.16), if θ∗ is in the interior of Θ, i.e., kθk < Rθ , we have ḡ(θ∗ ) = 0.
Additionally, if kθ∗ k2 = Rmax , we have ḡ(θ∗ ) ∈ CΘ (θ∗ ), which implies that there exists λ > 0
such that ḡ(θ∗ ) = λ · θ∗ . Therefore, we conclude the proof of Theorem 4.3.

B.2

P ROOF OF T HEOREM 4.5

Proof. In the sequel, to simplify the notation, we use C to denote absolute constant, whose value
might change from line to line. In addition, for any θ ∈ Rd , we define
X 



e
∇J(θ)
= Es,a,s0 µ
eθ (s, a) · ∇θ Qθ (s, a) − γ ·
1 a0 = argmax Qθ (s0 , b) · ∇θ Qθ (s0 , a0 )
a∈A



= E(s,a)∼ρ µ
eθ (s, a) · ∇θ δθ (s, a) ,

b∈A

(B.17)

where δθ = Qθ − T ∗ Qθ is the TD-error, and µ
eθ is the output of the optimization oracle for query θ.
15
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e
Note that θt in (4.5) is updated in the direction of an unbiased estimate of ∇J(θ
t ). To simplify the
notation, we let


e θ J(θt ),
ζt = µ
eθt (st , at ) · ∇θ Qθt (st , at ) − ∇θ Qθt (s0t , a0t ) − ∇
(B.18)
e θ J(θt ) is defined in (B.17), a0t = argmaxa∈A Qθ (s0t , a). Then the update rule in (4.5) can
where ∇
t
e
be written as θt+1 = θt − αt · [∇J(θ
t ) + ζt ]. By Assumptions 4.1 and 4.2, {ζt }t≥0 is a sequence of
bounded and centered random vectors. Moreover, since both µ
eθ and ∇θ Qθ are bounded by Qmax
and Gmax on S × A, respectively, ζt defined in (B.18) is a bounded random variable satisfying
kζt k2 ≤ 4Qmax ·Gmax . Let Ft be the σ-field generated by {θj , j ≤ t}. Then we have E(ξt | Ft ) = 0
and E(kξt k2 | Ft ) ≤ C for some constant C > 0.
Moreover, note that the gradient of J(θ) can be written as ∇θ J(θ) = E(s,a)∼ρ [δθ (s, a)·∇θ δθ (s, a)].
By the definition of the TD-error, under Assumption 4.1, δθ and ∇θ δθ are bounded by 2Qmax and
2Gmax on S × A respectively. Moreover, since ∇θ δθ is Lipschitz in θ, there exists a constant L > 0
such that ∇θ J(θ) is L-Lipschitz. Thus, we have
J(θ) ≤ J(θt ) − h∇θ J(θt ), θt+1 − θt i + L/2 · kθt+1 − θt k22
2
2
e
e
≤ J(πθ ) − αt · ∇θ J(θt ), ∇J(θ
t ) + ζt + αt · L/2 · k∇J(θt ) + ζt k2 .
t

(B.19)

Taking conditional expectation on both sides of (B.19) given Ft , since ζt is centered with finite
variance, we obtain that
2
2
2
e
e
E[J(θt+1 ) | Gt ] ≤ J(θt ) − αt · ∇θ J(θt ), ∇J(θ
t ) − αt · L/2 · k∇θ J(θt )k2 − C · αt ,

(B.20)

e
where C > 0 is an absolute constant. Note that ∇J(θ)
is a biased estimate of ∇θ J(θ). Under
Assumptions 4.1 and 4.4, the bias can be bounded via Cauchy-Schwarz inequality:

e
eθ (s, a)] 2
k∇θ J(θ) − ∇J(θ)k
2 = E(s,a)∼ρ ∇θ δθ (s, a) · [δθ (s, a) − µ


≤ E(s,a)∼ρ k∇θ δθ (s, a)k2 · kδθ − µ
eθ kρ ≤ 2Gmax · ε,
(B.21)
e
where ε is the error of the optimization oracle in Assumption 4.4. We denote ∇J(θ
t ) − ∇θ J(θt ) by
ψt hereafter to simplify the notation. Moreover, by Cauchy-Schwarz inequality, we have
2
e
h∇θ J(θt ), ∇J(θ
t )i = h∇θ J(θt ), ∇θ J(θt ) − ψt i ≥ k∇θ J(θt )k2 − k∇θ J(θt )k2 · kψt k2 . (B.22)

e θ J(θt )k2 , we obtain that
Similarly, for k∇
2
2
2
2
e
k∇J(θ
t )k2 ≤ k∇θ J(θt )k2 + kψt k2 + 2 · k∇θ J(θt )k2 · kψt k2 .

(B.23)

Combining (B.20), (B.21), (B.22), and (B.23), we have
E[J(θt+1 ) | Ft ]
≤ J(θt ) + C · αt2 − αt · (1 − αt · L/2) · k∇θ J(θt )k22
+ αt · (1 + αt · L) · k∇θ J(θt )k2 · kψt k2
≤ J(θt ) + C · αt2 − αt · (1 − αt · L/2) · k∇θ J(θt )k22
+ αt · 2(1 + αt · L) · Gmax · ε · k∇θ J(θt )k2 .

(B.24)

Since t≥0 αt2 < ∞, αt converges to zero as t goes to infinity. When t is sufficiently large such
that 4αt · L < 1, (B.24) implies that
P

E[J(θt+1 ) | Ft ] ≤ J(θt ) − αt /2 · k∇θ J(θt )k22 + 4αt · Gmax · ε · k∇θ J(θt )k2 + C · αt2


= J(θt ) − αt /2 · k∇θ J(θt )k2 · k∇θ J(θt )k2 − 8Gmax · ε + C · αt2 . (B.25)
P
Furthermore, since J(θ) is a nonnegative function and t≥1 αt2 < ∞, by (B.25) we have
X


αt · k∇θ J(θt )k2 · k∇θ J(θt )k2 − 8Gmax · ε < ∞.
t≥0
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In the sequel, we show by contradiction that every limit point θ∗ of {θt }t≥1 satisfies that
k∇θ J(θ∗ )k2 ≤ 8Gmax · ε. Let ν > 0 be an arbitrary number. We first show that {t : k∇θ J(θt )k2 <
8Gmax · ε + ν} is an infinite set. Suppose this isP
false, then there exists an integer t0 such that
k∇θ J(θt )k2 ≥ 8Gmax · ε + ν for all t ≥ t0 . Since t≥0 αt = ∞, we have
X

 X
αt · ν · (8Gmax · ε + ν) = ∞,
αt · k∇θ J(θt )k2 · k∇θ J(θt )k2 − 8Gmax · ε ≥
t≥t0

t≥t0

which contradicts (B.26). Thus, there are infinite θt ’s satisfying k∇θ J(θt )k2 ≤ 8Gmax  + ν. Since
ν can be arbitrarily small, this implies
lim inf k∇θ J(θt )k2 ≤ 8Gmax · ε.

(B.27)

t≥0

Let εb = 8Gmax · ε. It remains to show that lim supt≥0 k∇θ J(θt )k2 ≤ εb , which, combined with
(B.27), establishes the theorem.
Suppose this argument does not hold, then for any ν > 0, there exists ε > 0 such that k∇θ J(θt )k2 ≥
δb + 2ν for infinitely many t. Moreover, for this particular ν, k∇θ J(θt )k2 ≤ δb + ν also holds for
infinitely many t. We define index sets N1 and N2 by
N1 = {θt : k∇θ J(θt )k2 ≥ δb + 2ν},

N2 = {θt : k∇θ J(θt )k2 ≤ δb + ν},

which are two disjoint and closed sets by the continuity of k∇θ J(θ)k2 . Moreover, we define
D(N1 , N2 ) = inf

inf kθ − θ0 k2 ,

(B.28)

θ∈N1 θ 0 ∈N2

which is a positive number since N1 and N2 are disjoint. In addition, since both N1 and N2 are
infinite sets, there exists an index set I ⊆ N such that the subsequence {θt }t∈I of {θt }t≥0 crosses
N1 and N2 infinitely
often. That is, there exists two sequences {si }i≥1 and {ti }i≥1 ⊆ N such that
S
{θt }t∈I = i≥1 {θsi , θsi+1 , . . . , θti −1 }. Furthermore, we have {θsi }i≥1 ⊆ N1 , {θti }i≥1 ⊆ N2 ,
and
δb + ε ≤ k∇θ J(θ` )k2 ≤ δb + 2ε

for all

` ∈ ∪i≥1 {si + 1, . . . , ti − 1}.

Hence, by triangle inequality, we have
X

kθt+1 − θt k2 =

∞ tX
i −1
X
i=1 `=si

t∈I

kθ`+1 − θ` k2 ≥

∞
X

kθti − θsi k2 ≥

i=1

∞
X

D(N1 , N2 ) = ∞, (B.29)

i=1

where D(N1 , N2 ) > 0 is defined in (B.28). Moreover, by (B.26), we have
X

 X
∞>
αt · k∇θ J(θt )k2 · k∇θ J(θt )k2 − δb ≥
αt · (δb + ν) · ν,
t∈I

t∈I

P

which further implies that t∈I αt < ∞. However, by the update rule in (4.5), under Assumption
4.1, it holds that kθt+1 − θt k2 ≤ αt · 2Qmax · Gmax , where we use the boundedness of µ
eθ (s, a) and
∇θ Qθ (s, a). Thus, it holds that
X
X
kθt+1 − θt k2 ≤ 2Qmax · Gmax
αt < ∞,
t∈I

t∈I

which contradicts (B.29). This contradiction implies that lim supt≥0 k∇θ J(θt )k2 ≤ εb . Therefore,
we conclude the proof of Theorem 4.5.

C

S TATISTICAL E RROR

In this section, using tools from nonparametric regression, we establish the statistical error of our
saddle point formulation in (3.5). To this end, we assume that the state space S is a closed compact
17
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subset of the Euclidean space Rm and let H be the Sobolev space W k (Rm ) restricted on S. In
addition, we define
X
1/2

HA = Q ∈ B(S × A) : Q(·, a) ∈ H, ∀a ∈ A ,
kQkH =
kQ(·, a)k2W k
a∈A
A

for any Q ∈ H , where k · kW k is the Sobolev norm.
We consider the Bellman residual minimization problem with function class HA based on n i.i.d.
observations {(si , ai , s0i )}, where (si , ai ) ∼ ρ and s0i is the next state. Replacing the loss function
in (3.5) by its sample-based counterpart, we define
n
X



Ln (Q, µ) =
−1/2 · [µ(si , ai )]2 + Q(si , ai ) − r(si , ai ) − γ · max
Q(s0i , a0i ) · µ(si , ai )
0
ai ∈A

i=1

(C.1)
n
2
1 X
= ·
Q(s0i , a0i )
Q(si , ai ) − r(si , ai ) − γ · max
a0i ∈A
2 i=1

2
− Q(si , ai ) − µ(si , ai ) − r(si , ai ) − γ · max
Q(s0i , a0i ) .
0
ai ∈A

A

Hence, if we denote Q − µ in (C.1) by h ∈ H , Ln (Q, µ) becomes
n
X

2
e n (Q, h) = 1 ·
Q(si , ai ) − r(si , ai ) − γ · max
Q(s0i , a0i )
L
0
ai ∈A
2 i=1

2
− h(si , ai ) − r(si , ai ) − γ · max
Q(s0i , a0i ) .
0

(C.2)

Therefore, the sample-based sample-based functional optimization problem
e n (Q, h) − λµ · khkH + λQ · kQkH
min max L

(C.3)

ai ∈A

Q∈HA h∈HA

reduces to the batch Bellman Residual Minimization algorithm studied in Antos et al. (2008b);
Farahmand et al. (2009; 2016). Here λµ and λQ in (C.3) are two positive regularization parameters,
and we adopt regularization to avoid overfitting. Moreover, since µ = Q − h, the optimization
problem in (C.3) is equivalent to
e n (Q, h) − λµ · kQ − µkH + λQ · kQkH .
(C.4)
min max L
Q∈HA µ∈HA

b µ
Let (Q,
b) be the solution of (C.4). Using the theoretical result in Farahmand et al. (2009; 2016),
b which is stated in the following theorem.
we obtain the statistical rate of Q,
Theorem C.1. Besides Assumption 3.1, we further make the following assumptions.
(a). The Sobolev space W k (Rm ) satisfies that 2k > m.
(b). We assume that any Q ∈ HA satisfies that |Q(s, a)| ≤ Qmax with Qmax ≥ Rmax /(1 − γ).
Moreover, HA contains the optimal value function Q∗ .
(c). For any Q ∈ HA , there exists positive constants K1 and K2 such that kT ∗ QkH ≤ K1 +
K2 · kQkH .
Moreover, let α = m/(2k). We set the regularization parameters in (C.4) to be
−1/(1+α)
λµ = λQ = n · kQ∗ k2H
.
b µ
Let (Q,
b) be the solution of (C.4). Then for any η ∈ (0, 1), we have
−1/(1+α) 

b − Q∗ k2ρ ≤ n
kQ
· C1 (Q∗ , K1 , K2 ) · log(1/η) + C2 (Q∗ , K1 , K2 )
2
(1 − γ)
2α/(1+α)

with probability at least 1 − η, where we define C1 (Q∗ , K1 , K2 ) = C · (K1 + K22 ) · kQ∗ kH
−2/(1+α)
and C2 (Q∗ , K1 , K2 ) = C · K12 · (1 + kQ∗ kH
) for some absolute constant C > 0.
18

Under review as a conference paper at ICLR 2019

Proof. The proof follows from the results in Farahmand et al. (2009; 2016). Note that the functional
optimization problems in (C.4) and (C.3) are equivalent. Applying Theorem 11 in Farahmand et al.
(2016) to the problem in (C.3), we obtain that


b − T ∗ Qk
b 2 ≤ n−1/(1+α) · C1 (Q∗ , K1 , K2 ) · log(1/η) + C2 (Q∗ , K1 , K2 )
kQ
(C.5)
ρ
with probability at least 1 − η. In addition, since Q∗ is the unique fixed point of T ∗ , by triangle
inequality, we have
b − Q∗ kρ ≤ kQ
b − T ∗ Qk
b ρ + kT ∗ Q
b − T ∗ Q∗ kρ ≤ kQ
b − T ∗ Qk
b ρ + γ · kQ
b − Q∗ kρ ,
kQ
b − Q∗ kρ ≤ (1 −
where the last inequality holds since T ∗ is γ-contractive. Thus it holds that kQ
b − T ∗ Qk
b ρ . Therefore, by (C.5), we obtain that
γ)−1 · kQ
b − Q∗ k2ρ ≤ (1 − γ)−2 · kQ
b − T ∗ Qk
b 2ρ
kQ


≤ n−1/(1+α) · (1 − γ)−2 · C1 (Q∗ , K1 , K2 ) · log(1/η) + C2 (Q∗ , K1 , K2 ) ,
which concludes the proof of Theorem C.1.

D

K USHNER -C LARK L EMMA

We state here the well-known Kushner-Clark Lemma (Kushner & Clark, 1978; Metivier & Priouret,
1984; Prasad et al., 2014) in the sequel.
b as
Let Γ be an operator that projects a vector onto a compact set X ⊆ RN . Define a vector Γ(·)
(
)
Γ[x + ηh(x)] − x
b
Γ[h(x)] = lim
,
0<η→0
η
for any x ∈ X and with h : X → RN continuous. Consider the following recursion in N dimensions

xt+1 = Γ xt + γt [h(xt ) + ξt + βt ] .
(D.1)
The ODE associated with (D.1) is given by
b
ẋ = Γ[h(x)].

(D.2)

Assumption D.1. We make the following assumptions:
• h(·) is a continuous RN -valued function.
• The sequence {βt }, t ≥ 0 is a bounded random sequence with βt → 0 almost surely as
t → ∞.
P
• The stepsizes γt , t ≥ 0 satisfy γt → 0 as t → ∞ and t γt = ∞.
• The sequence ξt , t ≥ 0 satisfies for any  > 0
lim P sup
t

n≥t

n
X
τ =t

!
≥

γτ ξτ

= 0.

2

Then the Kushner-Clark Lemma says the following.
Theorem D.2. Under Assumption D.1, suppose that the ODE (D.2) has a compact set K∗ as its set
of asymptotically stable equilibria. Then xt in (D.1) converges almost surely to K∗ as t → ∞.
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