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Abstract

A classical approach for solving discrete time nonlinear control on a finite horizon consists
in repeatedly minimizing linear quadratic approximations of the original problem around
current candidate solutions. While widely popular in many domains, such an approach has
mainly been analyzed locally. We provide detailed convergence guarantees to stationary
points as well as local linear convergence rates for the Iterative Linear Quadratic Regulator
(ILQR) algorithm and its Differential Dynamic Programming (DDP) variant. For problems
without costs on control variables, we observe that global convergence to minima can be
ensured provided that the linearized discrete time dynamics are surjective, costs on the state
variables are gradient dominated. We further detail quadratic local convergence when the
costs are self-concordant. We show that surjectivity of the linearized dynamics hold for
appropriate discretization schemes given the existence of a feedback linearization scheme.
We present complexity bounds of algorithms based on linear quadratic approximations
through the lens of generalized Gauss-Newton methods. Our analysis uncovers several
convergence phases for regularized generalized Gauss-Newton algorithms.
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1. Introduction

We consider nonlinear control problems in discrete time of the form

min
u0,...,uτ−1∈Rnu
x0,...,xτ∈Rnx

τ−1∑
t=0

ht(xt, ut) + hτ (xτ ) (1)

subject to xt+1 = ft(xt, ut) for t ∈ {0, . . . , τ − 1}, x0 = x̄0,

where at the time index t, xt is the state of the system, ut is the control applied to the
system, ft is the discretized nonlinear dynamic, ht is the cost applied to the system state
and the control variable, and x̄0 is a given fixed initial state.

Problems of the form (1) have been tackled in various ways, from direct approaches using
nonlinear optimization (Jacobson and Mayne, 1970; Bock and Plitt, 1984; Pantoja, 1988;
Dunn and Bertsekas, 1989; Wright, 1990, 1991a; Rao et al., 1998; Betts, 2010) to convex re-
laxations using semidefinite optimization (Boyd and Vandenberghe, 1997). Numerous pack-
ages exist for such problems such as CasAdi (Andersson et al., 2018), Pyomo (Bynum et al.,
2021), JumP (Dunning et al., 2017), IPOPT (Wächter and Biegler, 2006), or SNOPT (Gill
et al., 2005), Crocoddyl (Jallet et al., 2025), acados (Verschueren et al., 2021). A popular
approach proceeds by computing at each iteration the linear quadratic regulator associated
to a linear quadratic approximation of the problem around the current candidate solu-
tions (Jacobson and Mayne, 1970; Li and Todorov, 2004; Sideris and Bobrow, 2005; Tassa
et al., 2012). The resulting feedback policy can then be applied on the linearized dynamics
as in the Iterative Linear Quadratic Regulator (ILQR) algorithm (Rawlings et al., 2017,
Section 8.8.5), (Li and Todorov, 2004; Sideris and Bobrow, 2005). Alternatively, the feed-
back policy can be applied on the original dynamics, as in the iterative Linear Quadratic
Regulator (iLQR) algorithm (Rawlings et al., 2017, Section 8.8.6), (Tassa et al., 2012),
akin to a Differential Dynamic Programming (DDP) approach (Mayne, 1966). To avoid
confusion, we name this second approach Iterative Dynamic Differentiable Programming
(IDDP).

Motivation. Empirically, these approaches often exhibit fast convergence to efficient or
optimal controllers which explain their popularity in applied control (Tassa et al., 2012;
Giftthaler et al., 2018), and the renewed interest for linear quadratic control in neuro-
dynamic programming and reinforcement learning (Fazel et al., 2018; Recht, 2019; Kakade
et al., 2020; Simchowitz and Foster, 2020; Westenbroek et al., 2021). The empirical per-
formance of the ILQR and IDDP algorithms are illustrated in Figure 1. The first problem
considered in Figure 1 consists in swinging up a pendulum to a vertical position in finite
time, the second problem consists in controlling a simple model of a car to be at predefined
positions at given times. The detailed experimental setting is presented in Section 5. Most
importantly, the costs consists in quadratic state costs bounded below by 0, i.e., of the
form ht(xt, ut) = (xt − x̂t)>Qt(xt − x̂t) for Qt positive definite and x̂t a reference state. In
Figure 1, we plot c(k)/c(0) in log-scale, where c(k) ≥ 0 denotes the total cost at iteration
k computed by means of a gradient descent, an ILQR algorithm or an IDDP algorithm,
and c(0) denotes an initial cost given by initializing the control variables at 0. We observe
that both the ILQR and the IDDP algorithms converge to an optimal cost, i.e., c(k) → 0.
Moreover, both algorithms outperform a simple gradient descent and appear to exhibit a
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Figure 1: Cost along iterations of ILQR, IDDP and Gradient Descent (GD) on two discrete
time nonlinear control problems detailed in Section 5.

fast convergence after some iterations. The empirical behavior illustrated in Figure 1 does
not hold for any nonlinear control problem as illustrated in Appendix I with a more realistic
model of a car taken from Liniger et al. (2015). Yet, the examples presented in Figure 1
are surprising from an optimization viewpoint as the problems considered escape the usual
paradigm of convex or linear optimization.

The empirical efficiency of ILQR and IDDP on some nonlinear control problems, as the
ones illustrated in Figure 1, motivates then the following questions.

1. What conditions on a discrete time nonlinear control problem ensure algorithms such
as ILQR and IDDP converge to a globally optimal solution?

2. What convergence behaviors can we expect from these algorithms?

We first present generic convergence results for the ILQR and IDDP algorithms on prob-
lems (1). These results ensure global convergence to stationary points and local convergence
to minima in Theorems 2 and 3. However, the aforementioned convergence results do not
explain the convergence to global minima observed in Figure 1.

We then turn our attention to nonlinear control problems without control costs and
with time-invariant dynamics f , i.e., problems of the form

min
u0,...,uτ−1∈Rnu
x0,...,xτ∈Rnx

τ∑
t=1

ht(xt) (2)

subject to xt+1 = f(xt, ut) for t ∈ {0, . . . , τ − 1}, x0 = x̄0.

Considering time-invariant dynamics make clearer the relationship with the underlying con-
tinuous dynamical system. Generalizations to time-variant systems are pointed out when
applicable. However, problems of the form (2) conserve the main challenge of generic dis-
crete time control problems (1), that is, the nonlinearity of the dynamics, which prevent us
from using classical results from convex analysis even if the state costs ht are convex. The
nonlinearity of the dynamics distinguish problems (2) from the linear quadratic settings
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studied by, e.g., Fazel et al. (2018); Zhang et al. (2019, 2020); Sun and Fazel (2021); Lin
et al. (2021), for which convergence to global minima of policy methods have been shown
by means of algebraic considerations. The absence of costs on controls variables restrict
the problem class compared to problems of the form (1). However, this also allows focusing
on the properties of the dynamics to understand the properties of non-convex problems (2)
and paves the way to analyze generic problems of the form (1).

Approach. Our analysis stems from observing that, for strongly convex costs, conver-
gence to global minima of the ILQR or IDDP algorithms is ensured if the linearized dy-
namics, i.e., the mappings v 7→ ∇uf(x, u)>v, are surjective, where ∇uf(x, u)> ∈ Rnx×nu is
the Jacobian of the dynamic with respect to the control variable on a state x for a given
control u. To quantify the convergence of the ILQR and IDDP algorithms, we consider the
existence of a parameter σ such that

∀x, u ∈ Rnx × Rnu , σmin(∇uf(x, u)) ≥ σ > 0, (3)

where σmin(∇uf(x, u)) = infλ∈Rnx ‖∇uf(x, u)λ‖2/‖λ‖2 is the minimal singular value of the
transpose Jacobian of the discrete time dynamics f w.r.t. the control variable. Eq. (3)
ensures the injectivity of λ 7→ ∇uf(x, u)λ which is equivalent to the surjectivity of v 7→
∇uf(x, u)>v. Our main theorem is then stated below for strongly convex costs provided
adequate smoothness assumptions on the costs and the dynamics.

Theorem 1 In problem (2), consider costs ht that are strongly convex with Lipschitz-
continuous gradients and Lipschitz-continuous Hessians and a dynamic f that is Lipschitz-
continuous with Lipschitz-continuous Jacobians. If the linearized dynamics are surjective,
i.e., f satisfies (3), then a regularized ILQR or IDDP algorithm converges to a global
minimum with a local quadratic convergence rate.

Our analysis is based on decomposing the problem at several scales. At the scale of the
trajectory, the objective can be seen as the composition of a total cost function and a func-
tion, which, given a sequence of controls, outputs the corresponding trajectory. From an
optimization viewpoint, the ILQR or the IDDP algorithms, which use linear quadratic ap-
proximations of the objective, amount then to generalized Gauss-Newton algorithms (Sideris
and Bobrow, 2005; Diehl and Messerer, 2019; Messerer et al., 2021). One contribution of
this work is then to detail the convergence rates of regularized generalized Gauss-Newton
algorithms for the composition of an outer strongly convex function and an inner function
with non-singular transpose Jacobians.

Both algorithms take advantage of the dynamical structure of the problem to implement
a step of a Gauss-Newton algorithm. Similarly, the convergence guarantees for the ILQR
or IDDP algorithms can be detailed using the properties of the problem at the scale of a
single time step. In particular, condition (3) entails a simple condition on the dynamic to
ensure convergence to global minima.

Finally, the dynamic itself can further be decomposed at the scale of the discretization
method used to define the discrete time control problem. Condition (3) may then be ensured
by considering a multi-rate sampling method, i.e., sampling the control variables at a higher
rate than the sampling of the costs on the state variables. By combining all aforementioned
scales, we obtain worst-case convergence guarantees to global optima for the ILQR and
IDDP algorithms.
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Outline. We start by presenting classical nonlinear control algorithms for problem (2),
i.e., the Iterative Linear Quadratic Regulator (ILQR) and its variant IDDP, a.k.a. iLQR, in
Section 2.1 and Section 2.2, and cast them as closed-box oracles. We provide convergence
guarantees to stationary points of both algorithms for generic problems of the form (1), as
well as linear local convergence guarantees, in Section 2.3. We analyze the properties of
problem (2) with respect to the dynamics f in terms of smoothness and surjectivity of the
linearized dynamics in Section 3.1. We further decompose the properties of the dynamic f
with respect to the underlying discretization scheme in Section 3.2. We analyze the con-
vergence of the ILQR and IDDP algorithms in, respectively, Section 4.2, Section 4.3. In
particular, in Section 4.2.1, we demonstrate the convergence to global optima of the ILQR
algorithm provided that the costs are gradient dominated, the dynamics have surjective
linearizations (3) and both costs and dynamics are smooth. We show the local quadratic
convergence of the ILQR algorithm provided that the costs are self-concordant, the dy-
namics have surjective linearizations (3) and both costs and dynamics satisfy appropriate
smoothness conditions in Section 4.2.2. Theorem 1 is detailed for the ILQR algorithm in
Section 4.2.3 and convergence of the IDDP algorithm is analyzed in Section 4.3. Numerical
experiments are presented in Section 5 to assess the theoretical findings. We discuss related
work in Section 6.

Additional numerical illustrations of the ILQR and IDDP algorithms can be found in
the companion paper (Roulet et al., 2024) and reproduced or further explored by using the
companion toolbox https://github.com/vroulet/ilqc.

Summary of contributions. For problems of the form (1), we demonstrate global con-
vergence to stationary points and local linear convergence to minima of both ILQR and
IDDP algorithms under usual regularity assumptions (Theorems 2, 3). For problems of the
form (2), we make the following contributions.

1. We present sufficient conditions for convergence to a global minimum of the problem
through the lens of a gradient-dominating property of the objective. Namely, we show
that a gradient-dominating property of the objective can be decomposed into the
properties of the discrete time dynamic and ensured for appropriate discretization
schemes (Lemma 6, Theorem 10).

2. We prove that the ILQR algorithm converges to a global minimum if the cost is
smooth, gradient dominated, and if the dynamic is smooth with non-singular transpose
Jacobians (3) (Theorem 13).

3. We prove that the ILQR algorithm converges locally with a quadratic rate if the cost is
smooth and self-concordant, and if the dynamic is smooth with non-singular transpose
Jacobians (3) (Theorem 18).

4. We show and detail the global and local convergence to minima of both ILQR and
IDDP algorithms for smooth and strongly convex costs and smooth dynamic with
non-singular transpose Jacobians (3) (Theorems 21 and 24).

5. Inspired from the theoretical findings, we also present a line-search variant of the ILQR
algorithm that keep the same global and local convergence guarantees to minima, while
not requiring any knowledge of problems constants (Corollary 23).
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Notations. For a sequence of vectors x1, . . . , xτ ∈ Rnx , we denote by semicolons their con-
catenation s.t. x = (x1; . . . ;xτ ) ∈ Rτnx . For a multivariate function f : Rd → Rn, we denote
∇f(x) = (∂xifj(x))i∈{1,...,d}j∈{1,...,n} ∈ Rd×n the transpose of the Jacobian of f on x. For

f : Rd × Rp → Rn, x ∈ Rd, y ∈ Rp, we denote ∇xf(x, y) = (∂xifj(x, y))i∈{1,...,d}j∈{1,...,n} ∈
Rd×n the partial transpose Jacobian of f w.r.t. x on (x, y). For f : Rd → R, we denote
f∗ = minx∈Rd f(x). For f : Rd → Rn, h : Rn → R, and x ∈ Rd, we denote the linear
expansion of f around x and the quadratic expansion of h around x as, respectively,

`xf : y → ∇f(x)>y, qxh : y → ∇h(x)>y +
1

2
y>∇2h(x)y.

For f : Rd → Rn, we denote lf= supx,y∈Rd,x 6=y ‖f(x)−f(y)‖2/‖x−y‖2 the Lipschitz-continuity

constant of f . For a matrixA ∈ Rd×n, we denote by ‖A‖2 = σmax(A) = supλ∈Rn ‖Aλ‖2/‖λ‖2
and σmin(A) = infλ∈Rn ‖Aλ‖2/‖λ‖2 the largest and smallest singular values of A respec-
tively.

2. Nonlinear Control Algorithms

The objective in (1) only depends on the control variables u = (u0; . . . ;uτ−1) ∈ Rτnu and
can be written as

J (u) =

τ−1∑
t=0

ht(xt, ut) + hτ (xτ ) (4)

s.t. xt+1 = ft(xt, ut), for t ∈ {0, . . . , τ − 1}, x0 = x̄0.

Problem (1) consists then in minimizing J . In the following, we always assume that
J has at least one minimizer u∗. The classical ILQR (Li and Todorov, 2004; Sideris and
Bobrow, 2005), and IDDP algorithms (Tassa et al., 2012) compute the next iterate as
unext = u + Oracleν(J )(u), for given control variables u. Here, Oracleν(J ) is an oracle,
which, given a regularization parameter ν and control variables u, outputs a direction
Oracleν(J )(u). The original ILQR or IDDP algorithms did not incorporate an additional
regularization (Li and Todorov, 2004; Tassa et al., 2012). Our implementation is a variant
that leads to non-asymptotic convergence guarantees of these algorithms (Roulet et al.,
2019).

2.1 Iterative Linear Quadratic Regulator

Given control variables u = (u0; . . . ;uτ−1) with associated trajectory x1, . . . , xτ , and a
regularization ν > 0, an Iterative Linear Quadratic Regulator (ILQR) algorithm computes
the next command by computing the Linear Quadratic Regulator (LQR) associated with a
quadratic approximation of the costs and a linear approximation of the dynamics around
the current trajectory.
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Formally, the next iterate is computed as unext = u+ LQRν(J )(u), where

LQRν(J )(u) = arg min
v0,...,vτ−1∈Rnu

τ−1∑
t=0

(
pt
qt

)>(
yt
vt

)
+

1

2

(
yt
vt

)>(
Pt Rt
R>t Qt

)(
yt
vt

)
+
ν

2
‖vt‖22

+ p>τ yτ +
1

2
y>τ Pτyτ (5)

s.t. yt+1 = Atyt +Btvt, for t ∈ {0, . . . , τ − 1}, y0 = 0,

with Pτ = ∇2
xτxτhτ (xτ ), pτ = ∇xτhτ (xτ ),

Pt = ∇2
xtxtht(xt, ut), pt = ∇xtht(xt, ut), for t ∈ {0, . . . , τ − 1},

Qt = ∇2
ututht(xt, ut), qt = ∇utht(xt, ut), for t ∈ {0, . . . , τ − 1},

Rt = ∇2
utxtht(xt, ut) for t ∈ {0, . . . , τ − 1},

At = ∇xtft(xt, ut)>, Bt = ∇utft(xt, ut)>, for t ∈ {0, . . . , τ − 1}.

The minimum above is well-defined as long as either the costs are convex, or the regulariza-
tion ν is large enough. The implementation of the ILQR oracle is presented in Algorithm 1.
Its computational scheme is illustrated in Figure 2.

Problem (5) is first instantiated in a forward pass by collecting all first order or second
order information on the dynamics and the costs necessary to pose problem (5).

Problem (5) is then solved by dynamic programming (Bertsekas, 2017). Namely, the
cost-to-go ct(yt) from a state yt at time t is computed recursively in a backward pass as,
starting from cτ (yτ ) = 1

2y
>
τ Pτyτ + p>τ yτ ,

ct(yt) = min
vt,...vτ−1∈Rnu

τ−1∑
s=t

(
ps
qs

)>(
ys
vs

)
+

1

2

(
ys
vs

)>(
Ps Rs
R>s Qs

)(
ys
vs

)
+
ν

2
‖vs‖22

+ p>τ yτ +
1

2
y>τ Pτyτ

s.t. ys+1 = Asys +Bsvs, for s ∈ {t, . . . , τ − 1},

= min
vt∈Rnu

{(
pt
qt

)>(
yt
vt

)
+

1

2

(
yt
vt

)>(
Pt Rt
R>t Qt

)(
yt
vt

)
+
ν

2
‖vt‖22 + ct+1(Atyt+Btvt)

}
(6)

=
1

2
y>t Jtyt + y>t jt, (7)

where Jt, jt are computed recursively in line 10 of Algorithm 1. The optimal control at
time t from state yt is then given by an affine policy

πt(yt) = arg min
vt∈Rnu

{(
pt
qt

)>(
yt
vt

)
+

1

2

(
yt
vt

)>(
Pt Rt
R>t Qt

)(
yt
vt

)
+
ν

2
‖vt‖22 + ct+1(Atyt+Btvt)

}
= Ktyt + kt, (8)

where Kt, kt are computed in line 11 of Algorithm 1. The cost-to-go functions and policies
are well-defined as long as all costs ht are convex or if the regularization ν is large enough
(see e.g. (Roulet et al., 2024)).
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The solution of the LQR problem (5), is given by rolling-out the policies along the linear
trajectories of (5). The oracle is LQRν(J )(u) = (v0; . . . ; vτ−1), where, starting from y0 = 0,

vt = πt(yt), yt+1 = Atyt +Btvt for t ∈ {0, . . . , τ − 1}.
Solving (5) by dynamic programming comes at a linear cost with respect to the length

of the trajectory. Namely, in terms of elementary computations, the ILQR oracle has a
computational cost

C(nx, nu, τ) = O(τ(nx + nu)3). (9)

Note that, in nonlinear control problems, the state and control dimensions are generally
small. On the other hand, the horizon τ may be large if, for example, for a fixed continuous
time horizon, a small discretization stepsize was used to define (2). The ILQR algorithm
keeps a linear complexity with respect to the leading dimension τ of the problem. The linear
quadratic problem (5) can also be solved by alternative linear algebra subroutines ranging
from matrix-free solvers that take advantage of differentiable programming framework, or
by introducing Lagrange multipliers. We refer to Wright (1991a), for more details.

Overall an ILQR algorithm computes a sequence of iterates as

u(k+1) = u(k) + LQRνk
(J )(u(k)), (ILQR)

starting from control variables u(0), where νk are regularization parameters that may depend
on the current iterate and LQRν is implemented by Algorithm 1.

2.2 Iterative Differential Dynamic Programming

The IDDP algorithm is an instance of a Differential Dynamic Programming (DDP) ap-
proach. A DDP approach considers computing approximate solutions of (2) around the
current iterate by dynamic programming using approximations of the dynamics and the
costs. We refer the reader to, e.g., Jacobson and Mayne (1970); Tassa et al. (2012); Roulet
et al. (2024) for a detailed presentation. The original DDP approach uses quadratic ap-
proximations of the dynamics (Jacobson and Mayne, 1970). Here, we focus on the imple-
mentation using linear approximations of the dynamics and quadratic approximations of
the costs as used by, e.g., Tassa et al. (2012). In this case, a DDP approach amounts to
computing the same policies πt as an ILQR algorithm but rolling-out the policies along the
original dynamics rather than the linearized ones.

Namely, the oracle output by IDDP is given as

DDPν(J )(u) = (v0; . . . ; vτ−1)

where vt = πt(yt), yt+1 = ft(xt + yt, ut + vt)− ft(xt, ut) for t ∈ {0, . . . , τ − 1}, (10)

as presented in Algorithm 1. The computational complexity of this approach is the same
as the one of the ILQR approach. By iterating the above steps, starting from initial control
variables u(0), we obtain the iterative Linear Quadratic Regulator (IDDP) algorithm, which
computes iterates of the form

u(k+1) = u(k) + DDPνk(J )(u(k)), (IDDP)

where the regularization parameters νk may depend on the current iterate and DDPν is
implemented by Algorithm 1.
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... ...

 
... ...

... ...

Input function

or procedure

Linear function Quadratic function Store in memory

Figure 2: Computational scheme of the ILQR algorithm. The algorithm proceeds in three
phases. In the forward pass, the first derivatives of the dynamics as well as the
first and second derivatives of the costs are stored in memory (or the inputs are
checkpointed to access these derivatives). During the backward pass the cost-
to-go functions are back-propagated at each time step through matrix products
and inversions, denoted simply LQBP for linear-quadratic backpropagation. The
policies computed in the backward pass are used in a final roll-out phase through
the linearized dynamics to output a candidate sequence of control inputs.
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Algorithm 1 ILQR and IDDP steps for problem (2)

1: Inputs: Controls u = (u0; . . . ;uτ−1) ∈ Rτnu , regularization ν > 0, initial state x̄0 ∈
Rnx , horizon τ , dynamic f : Rnx × Rnu → Rnx , costs (ht)

τ
t=1, oracle type Oracle ∈

{LQR,DDP}.
Forward pass . instantiate problem (5) for the given control variables

2: Initialize x0 = x̄0
3: for t = 0, . . . , τ − 1 do
4: Compute xt+1 = f(xt, ut) and ht(xt, ut)
5: Compute and store

At = ∇xtf(xt, ut)
>, Bt = ∇utf(xt, ut)

>,

pt = ∇xtht(xt, ut), qt = ∇utht(xt, ut),
Pt = ∇2

xtxtht(xt, ut), Qt = ∇2
ututht(xt, ut), Rt = ∇2

xtutht(xt, ut)

6: end for
7: Compute hτ (xτ ), pτ = ∇xτhτ (xτ ) Pτ = ∇2

xτxτhτ (xτ )
Backward pass . compute optimal policies for problem (5)

8: Initialize Jτ = Pτ , jτ = pτ
9: for t = τ − 1, . . . 0 do

10: Compute the cost-to-go functions ct : yt → 1
2y
>
t Jtyt + j>t yt defined in (7) as

Jt = Pt +A>t Jt+1At − (Rt +A>t Jt+1Bt)(Qt + ν I +B>t Jt+1Bt)
−1(R>t +B>t Jt+1At)

jt = pt +A>t jt+1 − (Rt +A>t Jt+1Bt)(Qt + ν I +B>t Jt+1Bt)
−1(qt +B>t jt+1)

11: Store the policies πt : yt → Ktyt + kt defined in (8) as

Kt = −(Qt + ν I +B>t Jt+1Bt)
−1(R>t +B>t Jt+1At),

kt = −(Qt + ν I +B>t Jt+1Bt)
−1(qt +B>t jt+1)

12: end for
Roll-out pass . apply the computed policies along the linearized or the exact dynamics

13: Initialize y0 = 0
14: for t = 0, . . . , τ − 1 do
15: if Oracle is LQR then
16: Compute vt = πt(yt), yt+1 = Atyt +Btvt
17: else if Oracle is DDP then
18: Compute vt = πt(yt), yt+1 = f(xt + yt, ut + vt)− f(xt, ut)
19: end if
20: end for
21: Output: Control directions v = (v0; . . . ; vτ−1)

10
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2.3 Generic Convergence Guarantees

We start by presenting convergence guarantees of the ILQR and IDDP algorithm for generic
problems of the form (1). First, with an appropriate choice of regularization both algorithms
can converge globally to a stationary point at a polynomial rate (Theorem 2). Such a
stationary point of J satisfies naturally necessary optimality conditions for problem (1) as
recalled in Appendix B. Note that necessary optimality conditions in discrete time control
problem differ from their continuous time counterpart as discussed in detail in Appendix B.

Theorem 2 For problem (1), assume that the dynamics ft are Lipschitz continuous with
Lipschitz continuous Jacobians and that the costs ht are Lipschitz continuous with Lipschitz
continuous gradients and Lipschitz continuous Hessians. Then, provided that the regular-
ization ν is larger than some c1 > 0, the iterates of the ILQR or the IDDP algorithms
satisfy

min
k∈{0,...,K}

‖∇J (u(k))‖2 ≤

√
2(c2 + ν)

(
J (u(0))−minu∈Rτnu J (u)

)
K + 1

,

for c1, c2 depending on the smoothness properties of the dynamics and the costs.

Proof Detailed statements and proofs are presented in Lemma 31 and Lemma 33 for the
ILQR and the IDDP algorithms, respectively.

We can also demonstrate local linear convergence of both algorithms towards a minimum
under regular assumptions.

Theorem 3 For problem (1), assume that the dynamics ft and the costs ht are Lipschitz
continuous with Lipschitz continuous Jacobians and Lipschitz continuous Hessians. Let u(k)

denote the kth iterate of the ILQR or the IDDP algorithms. Assume u(k) to be close to a
minimum u∗ of J with positive definite Hessian. If the regularization ν is larger than some
c1 > 0, then the iterations of the ILQR or the IDDP algorithm converge linearly to u∗ as

‖u(k+1) − u∗‖2 ≤
(

1− c2
ν

)
‖u(k) − u∗‖2,

for c1, c2 depending on the smoothness properties of the dynamics and the costs.

Proof Detailed statements and proofs are presented in Lemma 32 and Lemma 34 for the
ILQR and the IDDP algorithms, respectively.

Remark 4 Compared to a Newton method that can converge locally at a quadratic rate on
problems of the form (1) (Nocedal and Wright, 2006; Pantoja, 1988; Dunn and Bertsekas,
1989), the ILQR and IDDP algorithms converge locally only at linear rate a priori (see
also Baumgärtner et al. (2023)). Similarly, the original Differential Dynamic Program-
ming (DDP) approach of Jacobson and Mayne (1970) can converge locally at a quadratic
rate (Murray and Yakowitz, 1984; Liao and Shoemaker, 1991; Di and Lamperski, 2019).
However, the local linear convergence rates presented in Theorem 3 do not match the su-
perlinear rates observed in practice in Figure 1 (see also Roulet et al. (2024)). Hence, we
consider in the following additional properties of the problem that can uncover both the global
convergence of the ILQR and IDDP algorithms as well as their fast local convergence.
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3. Conditioning Analysis

To understand the convergence behavior of the ILQR and IDDP algorithms displayed in
Figure 1, we consider a restricted class of control problems without control costs of the
form (2). Namely, from now on, we consider objectives of the form

J (u) =
τ∑
t=1

ht(xt) (11)

s.t. xt+1 = f(xt, ut), for t ∈ {0, . . . , τ − 1}, x0 = x̄0,

for u = (u0; . . . ;uτ−1) ∈ Rτnu . Such objectives keep the main difficulty of nonlinear con-
trol problems: for nonlinear dynamics f , the overall objective J is non-convex such that
convergence to global minima is a priori not guaranteed by even a simple gradient descent.
Nevertheless, by decomposing the objective at the scale of the dynamics, and further de-
composing the dynamics by an appropriate discretization scheme, we can identify sufficient
conditions for convergence to global minima linked to usual notions in nonlinear control.
We can then further show the convergence of the ILQR and IDDP algorithms to a global
minimum, and detail the several phases of convergence (Sections 4.1, 4.2, 4.3).

3.1 Objective Decomposition

The objective J , defined in (11), can be decomposed into (i) the costs associated to a given
trajectory, and (ii) the function that, given an input command, outputs the corresponding
trajectory, defined below.

Definition 5 We define the control of τ steps of a discrete time dynamic f : Rnx ×Rnu →
Rnx as the function f [τ ] : Rnx ×Rτnu → Rτnx, which, given an initial point x0 ∈ Rnx and a
command u = (u0; . . . ;uτ−1) ∈ Rτnu, outputs the corresponding trajectory x1, . . . , xτ , i.e.,

f [τ ](x0,u) = (x1; . . . ;xτ ) (12)

s.t. xt+1 = f(xt, ut) for t ∈ {0, . . . , τ − 1}.

By defining the cost h(x) of a trajectory x = (x1, . . . , xτ ) as the sum of the cost of the
states, problem (2) amounts to solving

min
u∈Rτnu

{
J (u) = h(f [τ ](x̄0,u))

}
, for f [τ ](x0,u) given in (12), h(x) =

τ∑
t=1

ht(xt). (13)

For convex costs h, if the dynamic f is linear, then the function f [τ ] is also linear and the
overall problem (13) is then convex, hence easily solvable from an optimization viewpoint
using, e.g., a gradient descent.

For nonlinear dynamics, the problem is a priori not convex regardless of the convexity
of the costs. Yet, convergence guarantees to global minima of, e.g., first order methods,
may still be obtained by considering whether the objective satisfies a gradient dominating
property (Polyak, 1964;  Lojasiewicz, 1963), i.e., whether there exists, for example m > 0,
such that for any u ∈ Rτnu , ‖∇J (u)‖22 ≥ m (J (u)− J ∗) . To focus on the properties on
the nonlinear dynamic, we consider costs that are gradient dominated, e.g., such that for

12
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any x ∈ Rτnx , we have ‖∇h(x)‖22 ≥ µ(h(x)− h∗) for some µ > 0. In that case, a sufficient
condition for the objective to satisfy a gradient dominating property is that the control of
τ steps of the dynamic satisfies σmin(∇uf [τ ](x̄0,u)) ≥ σ > 0 for any u ∈ Rτnu , since then
we have, for x = f [τ ](x̄0,u),

‖∇J (u)‖22 = ‖∇uf [τ ](x̄0,u)∇h(x)‖22 ≥ σ2‖∇h(x)‖22 ≥ σ2µ(h(x)− h∗), (14)

where h∗ = minx∈Rτnu h(x). Since the set {u ∈ Rτnu : ∇J (u) = 0} is not empty as we
assumed that the problem has a minimizer, the above equation implies that h∗ = J ∗ and
so that the overall objective satisfies a gradient dominating property. We investigate then
whether the control of τ steps of a dynamic f can satisfy the aforementioned condition by
considering the properties of the dynamic f .

The condition σmin(∇uf [τ ](x̄0,u)) > 0 can be interpreted as the surjectivity of the
linearized control of τ steps, i.e., the mapping v = (v0; . . . ; vτ−1) → ∇uf [τ ](x0,u)>v =
(y1; . . . ; yτ ) which can be decomposed as

yt+1 = ∇xtf(xt, ut)
>yt +∇utf(xt, ut)

>vt for t ∈ {0, . . . , τ − 1}, y0 = 0.

We recognize here the linearized trajectories that are at the heart of the ILQR and IDDP
algorithms. Our analysis stems from understanding that the surjectivity of the linearization
of the control of τ steps, i.e, v → ∇uf [τ ](x0,u)>v, is inherited from the surjectivity of the
linearization of a single step of the discrete dynamic, i.e., v → ∇uf(x, u)>v as formally
stated in the following lemma. Note that Lemma 6 and the subsequent analysis of the
algorithms presented in Section 2 can be extended to time-varying discrete time dynamics
as presented in Lemma 37.

Lemma 6 If the linearized dynamics, v → ∇uf(x, u)>v, of a Lipschitz continuous discrete
time dynamic f are surjective in the sense that there exists σf > 0 s.t.

∀x, u ∈ Rnx × Rnu , σmin(∇uf(x, u)) ≥ σf > 0, (15)

then the linearizations, v → ∇uf [τ ](x0,u)>v, of the control of τ steps of the dynamic f is
also surjective, namely,

∀x0,u ∈ Rnx × Rτnu , σmin(∇uf [τ ](x0,u)) ≥ σf [τ ] :=
σf

1 + lxf
> 0, (16)

where lxf = supu∈Rnu lf(·,u) is the maximal Lipschitz-continuity constant of the functions
f(·, u) for any u ∈ Rnu.

Proof Fix x0 ∈ Rnx . Given a sequence of controls u = (u0; . . . ;uτ−1) ∈ Rτnu with corre-
sponding trajectory x = (x1; . . . ;xτ ) = f [τ ](x0,u) ∈ Rτnx , and µ = (µ1; . . . ;µτ ) ∈ Rτnx ,
the Jacobian transpose vector product ∇uf [τ ](x0,u)µ is written

∇uf [τ ](x0,u)µ = (∇u0f(x0, u0)λ1; . . . ;∇uτ−1f(xτ−1, uτ−1)λτ )

s.t. λt = ∇xtf(xt, ut)λt+1 + µt for t ∈ {1, . . . , τ − 1}, λτ = µτ .

13
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For x = (x1; . . . ;xτ ), u = (u0; . . . ;uτ−1), define F (x,u) = (f(x0, u0); . . . ; f(xτ−1, uτ−1)).
By using the upper block diagonal structure of ∇xF (x,u), we have

(I−∇xF (x,u))−1µ = (λ1; . . . ;λτ )

s.t. λt = ∇fxt(xt, ut)λt+1 + µt for t ∈ {1, . . . , τ − 1}, λτ = µτ .

The Jacobian transpose vector product can then be written compactly as

∇uf [τ ](x0,u)µ = ∇uF (x,u)(I−∇xF (x,u))−1µ.

Hence, for any command u ∈ Rτnu and any x0 ∈ Rnx ,

σmin(∇uf [τ ](x0,u)) ≥ σmin(∇uF (x,u))

σmax(I−∇xF (x,u))
≥ σf

1 + lxf
.

Similarly, the smoothness properties of the control f [τ ] corresponding to dynamics f
can be expressed in terms of the smoothness properties of the dynamics f as shown in the
following lemma.

Lemma 7 If f is Lipschitz continuous with Lipschitz continuous Jacobians, then the func-
tion u → f [τ ](x0,u) is lf [τ ]-Lipschitz-continuous and has Lf [τ ]-Lipschitz-continuous Jaco-
bians with

lf [τ ] ≤ lufS, Lf [τ ] ≤ S(Lxxf l
2
f [τ ]

+ 2Lxuf lf [τ ] + Luuf ) S =
τ−1∑
t=0

(lxf )t, (17)

where the constants luf = supx∈Rnx lf(x,·), L
xx
f = supu∈Rnu l∇xf(·,u), L

uu
f = supx∈Rnx l∇uf(x,·),

Lxuf = supx∈Rnx l∇uf(·,u) are maximal Lipschitz continuity constants of partial functions or
Jacobians of the dynamics.

Proof This is a direct corollary of the time-varying version presented in Lemma 36.

At first glance the Lipschitz continuity constant of the function f [τ ] and its Jacobians
appear to depend exponentially on the horizon τ through the constant S defined above.
However, recall that problems of the form (2) stem from the discretization of a continuous
problem on a finite time interval [0, T ]. The Lipschitz continuity constant of the discretized
dynamics depend then on the discretization step ∆, which depends itself on the discrete
time horizon τ as ∆ = T/τ . Hence, the dependency of the smoothness constants of the
problem may not depend exponentially on τ .

For example, if the continuous time dynamics of the problem are given by a function
f and an Euler discretization scheme is used, then the discretized dynamic take the form
f(xt, ut) = xt + ∆f(xt, ut) with ∆ = T/τ and the Lipschitz continuity parameter of the
discretized dynamics is then lxf ≤ 1 + ∆lxf . Hence, the constant S defined above can be

upper bounded as S ≤∑τ−1
t=0 (1+lxf T/τ)t ≤ (exp(T lxf )−1)τ/(T lxf ) and since luf , L

xx
f , L

xu
f , L

uu
f

are all proportional to ∆ = T/τ , the smoothness constants derived in (17) are independent
of τ in this case and only depends on the length T of the continuous time problem.
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3.2 Dynamic Decomposition

We have isolated condition (3) as a sufficient condition to ensure convergence of, e.g., a
gradient descent, to global minima. It remains to consider whether this assumption can
be satisfied on concrete examples. Note that assumption (3) requires nu ≥ nx. While the
underlying continuous control problem may have less control variables than state variables,
by considering multiple steps of a simple Euler discretization method, we may still ensure
the validity of (3) as illustrated in Example 1.

Example 1 Consider the continuous time evolution of a pendulum

θ̇(t) = ω(t),

ml2ω̇(t) = p(θ(t), ω(t), u(t)) := −mlg sin θ(t)− µω(t) + u(t),

where θ is the angle with the vertical axis, ω is the angular speed, u is a torque applied to
the pendulum which defines the control we have on the system, and m, l, µ, g are physical
constants of the problem described in Section 5. The state is defined by x = (θ, ω). Using
a simple Euler scheme, the discretized dynamics cannot satisfy (15), since we would have
only one variable ut to control two elements, θt, ωt, at each time step t.

On the other hand, one can consider a two-step discretization scheme such that the
controls are divided in two variables ut = (vt, vt+1/2). The dynamics read then

θt+1/2 = θt + ∆ωt, θt+1 = θt+1/2 + ∆ωt+1/2,

ml2ωt+1/2 = ωt + ∆p(θt, ωt, vt), ml2ωt+1 = ωt+1/2 + ∆p(θt+1/2, ωt+1/2, vt+1/2),

where ∆ is some discretization step. Intuitively, the variable vt+1/2 fully controls ωt+1,
while the variable vt fully controls θt+1. One can verify that the Jacobian of the discretized
dynamics xt+1 = f(xt, ut) for ut = (vt, vt+1/2) are then surjective which then ensure the
surjectivity of the overall control of the pendulum in τ steps and the efficiency of the ILQR
and IDDP algorithms as observed in Figure 1 and further justify in Section 4.

Formally, in this section, we assume that the discrete time dynamic f can be further
decomposed as the control in k steps of some elementary discrete time dynamic φ as defined
below. Concretely, φ may correspond to a single Euler discretization step of some contin-
uous time dynamic. The discrete time dynamic f amounts then to k steps of such Euler
discretization scheme and can be formulated as f(xt, ut) = φ{k}(xt, ut), for some k ≥ 0. On
the other hand, we consider the costs to be computed only at the scale of the dynamic f , i.e.,
the sampling of the costs and the sampling of the dynamics differ, hence the terminology
multi-rate sampling.

Definition 8 We define the control in k steps of a discrete time dynamic φ : Rnx×Rmu →
Rnx as the function φ{k} : Rnx × Rkmu → Rnx, which, given a state y0 and a sequence of
controls v = (v0; . . . ; vk−1), outputs the state computed after k steps, i.e.,

φ{k}(y0,v) = yk (18)

s.t. ys+1 = φ(ys, vs) for s ∈ {0, . . . , k − 1}.
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... ...

... ...

Figure 3: Zooming into the properties of the dynamics. The overall objective can be split
at the scale of each step of the dynamics. Each step can be further decomposed at
the scale of the discretization scheme to link properties of the underlying dynamic
to global properties of the objective.

Our overall approach is illustrated in Figure 3. Our goal is then to know whether, by
considering enough steps of φ, we can ensure the surjectivity of the linearized dynamic
w 7→ ∇vφ{k}(y0,v)>w. To build some intuition, consider a system driven by its acceleration
such that the state of the system is determined by the position and the velocity (nx = 2)
and the control is a scalar force (mu = 1) determining the acceleration, hence controlling
effectively the speed at each time-step. For such system, the state of the system cannot
be fully determined in one step of an Euler discretization scheme, as only the velocity is
affected by the control. However, in two steps we can control both the position and the
velocity, hence we may satisfy assumption (3) as illustrated in Example 1. To formalize
and generalize this intuition, we consider the availability of a feedback linearization scheme
as defined below (adapted from Aranda-Bricaire et al. (1996)). A brief exposition of static
feedback linearization schemes in continuous time and the associated Brunovsky’s form are
presented in Appendix E.
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Definition 9 A discrete time system defined by yt+1 = φ(yt, vt) with yt ∈ Rnx , vt ∈ Rmu
can be linearized by static feedback if there exist some diffeomorphisms a : Rnx → Rnx
and b(y, ·) : Rmu → Rmu such that the reparameterization of the system as zt = a(yt),
wt = b(vt, yt) is linear. Namely, there exists mu indexes r1, . . . , rmu with

∑mu
j=1 rj = nx

such that z can be decomposed as zt = (ζt,1; . . . ; ζt,mu) with ζt,j ∈ Rrj decomposed as

ζ
(i)
t+1,j = ζ

(i+1)
t,j for all i ∈ {1, . . . , rj − 1}, ζ

(rj)
t+1 = w

(j)
t , for all j ∈ {1, . . . ,mu},

where ζ(i) denotes the ith coordinate of ζ.

For single-input system (mu = 1, r = nx), the reparameterized system takes the canonical
Brunovsky form (Brunovskỳ, 1970)

z
(i)
t+1 = z

(i+1)
t for all i ∈ {1, . . . , nx − 1}, z

(nx)
t+1 = wt, (19)

i.e., zt+1 = Dzt +wte, where D =
∑nx−1

i=1 eie
>
i+1 is the upper shift matrix in Rnx with ei the

ith canonical vector in Rnx , such that (Dz)(i) = z(i+1), and e = enx .

As a concrete example, consider the Euler discretization with stepsize ∆ > 0 of a single
input continuous time system driven by its nx

th derivative through a differentiable function
ψ, that is,

y
(i)
t+1 = y

(i)
t + ∆y

(i+1)
t , for all i ∈ {1, . . . , nx − 1}, y

(nx)
t+1 = y

(nx)
t + ∆ψ(yt, vt). (20)

As shown in Lemma 38 in Appendix E, such system can easily be reparameterized in
Brunovsky’s form (19) and provided that |∂vψ(y, v)| > 0 for all y ∈ Rnx , v ∈ R, we can have
access to a feedback linearization scheme, i.e., we can reparameterize the system in a linear
form using diffeomorphisms.

The canonical representation (19) clarifies why the surjectivity of the linearized dynamics
may hold by taking enough steps as it is clear that, in the representation (19), by controlling

the system in nx steps we directly control the output. Namely, we have that z
(i)
nx = wi−1 for

all i ∈ {1, . . . , nx}. So for the system (19), considering nx steps ensures condition (3). The
following theorem shows that this property is kept when considering the original system.

Theorem 10 If a discrete time system yt+1 = φ(yt, vt) is linearizable by static feedback
as defined in Def. 9, then φ{k}, the control in k ≥ r = max{r1, . . . , rmu} steps of φ, has
surjective linearizations, i.e., it satisfies σmin(∇vφ{k}(y0,v)) > 0 for any y0 ∈ Rnx ,v ∈
Rkmu.

Quantitatively, if the system defined by yt+1 = φ(yt, vt) is linearizable by static feedback
with transformations a and b that are Lipschitz continuous and such that

inf
y∈Rnx

σmin(∇a(y)) ≥ σa > 0, inf
y∈Rnx ,v∈Rmu

σmin(∇vb(y, v)) ≥ σb > 0,

then the control in k ≥ r steps of the dynamic φ satisfies, for lyb = supv∈Rmu lb(·,v),

inf
y0∈Rnx ,v∈Rkmu

σmin(∇vφ{k}(y0,v)) ≥ σb
la

1

1 + (r − 1)lyb/σa
> 0.
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Proof We present the main steps of the proof, additional technical details are provided
in the Appendix H. We detail first the single-input case described in (19), i.e., mu = 1
and r = nx. Moreover, we consider first k = nx. Let v = (v0; . . . ; vk−1) ∈ Rk and
denote yk = φ{k}(y0,v). In the reparameterization of the system in the form (19), we

have that z
(i)
k = wi−1 for all i ∈ {1, . . . , nx}. By defining, for y0 fixed, y = (y1; . . . ; yk)

and v = (v0; . . . ; vk−1), the function B(y,v) = (b(y0, v0); . . . ; b(yk−1, vk−1)) ∈ Rnx , we have
φ{k}(y0,v) = a−1(B(φ[k](y0,v),v)), where φ[k](y0,v) denotes the control of k steps of φ.
Hence, denoting y = (y1; . . . ; yk) = φ[k](y0,v), we have

∇vφ{k}(y0,v) =
(
∇vB(y,v) +∇vφ[k](y0,v)∇yB(y,v)

)
∇a(yk)

−1.

Since ∇yB(y,v) is strictly upper block triangular, ∇vφ[k](y0,v) is upper block triangular,
∇vB(y,v) is diagonal with non-zero entries, we have that ∇vφ{k}(y0,v) is invertible

Now, consider k > nx and s = k − nx > 0. Denote va:b = (va; . . . ; vb) for a < b. Let
y0 ∈ Rnx and v = (v0; . . . ; vk−1) ∈ Rk. We have φ{k}(y0,v) = φ{nx}(φ{s}(y0, v0:s−1), vs:k−1).
Hence, denoting ys = φ{s}(y0, v0:s−1), we have

∇vφ{k}(y0,v) =

(
∇v0:s−1φ

{s}(y0, v0:s−1)∇ysφ{nx}(ys, vs:k−1)
∇vs:k−1

φ{nx}(ys, vs:k−1)

)
. (21)

The function ys, vs:k−1 → φ{nx}(ys, vs:k−1) amounts to the control of φ in k − s = nx steps.
Hence, the matrix ∇vs:k−1

φ{nx}(ys, vs:k−1) is invertible, so ∇vφ{k}(y0,v) has full column

rank. Overall, we showed the first part of the claim, i.e., that σmin(∇vφ{k}(y0,v)) > 0 for
any y0 ∈ Rnx ,v ∈ Rkmu , provided that k ≥ nx.

We consider now deriving quantitative bounds. We focus on the single-input case and
start with k = nx. Define, for y0 fixed, y = (y1; . . . ; yk), v = (v0; . . . ; vk−1), the function
Φ(y,v) = (φ(y0, v0); . . . ;φ(yk−1, vk−1)). By decomposing ∇vφ[k](y0,v) as in Lemma 6, we
get

∇vφ{k}(y0,v) =
(
∇vB(y,v) +∇vΦ(y,v)(I−∇yΦ(y,v))−1∇yB(y,v)

)
∇a(yk)

−1.

Given the feedback linearization scheme, the discrete time dynamic φ can be rewritten as
yt+1 = φ(yt, vt) = a−1(Da(yt) + b(yt, vt)e), where D is the upper shift matrix in Rnx and
e = enx is the nx

th canonical vector in Rnx . Hence, we have for t ∈ {0, . . . , k − 1},

∇vtφ(yt, vt) = ∂vtb(yt, vt)e
>∇a(yt+1)

−1

∇ytφ(yt, vt) =
(
∇a(yt)D

> +∇ytb(yt, vt)e>
)
∇a(yt+1)

−1.

In the sequel, we denote the Kronecker product by ⊗ and for R1, . . . , Rn ∈ Rp×q we de-
note by diag((Ri)

n
i=1) =

∑n
i=1 eie

>
i ⊗Ri ∈ Rnp×nq the block diagonal matrix with blocks

R1, . . . , Rn, for ei the ith canonical vector in Rn. Since∇vΦ(y,v) = diag((∇vtφ(yt, vt))
k−1
t=0 ),

∇yΦ(y,v) = (D⊗ I) diag(∇ytφ(yt, vt)
k−1
t=0 ), we have that (see Appendix H for more details)

∇vΦ(y,v) = diag((∂vtb(yt, vt))
k−1
t=0 )(I⊗e>) diag((∇a(yt+1)

−1)k−1t=0 )

∇yΦ(y,v) = (D ⊗ I) diag((∇a(yt))
k−1
t=0 )(I⊗D>) diag((∇a(yt+1)

−1)k−1t=0 )

+ (D ⊗ I) diag((∇ytb(yt, vt))k−1t=0 )(I⊗e>) diag((∇a(yt+1)
−1)k−1t=0 ), (22)
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and, similarly,∇vB(y,v) = diag((∂vtb(yt, vt))
k−1
t=0 ), ∇yB(y,v) = (D⊗I) diag((∇ytb(yt, vt))k−1t=0 ).

Denoting A = diag((∇a(yt))
k−1
t=0 ), C = diag((∇a(yt+1))

k−1
t=0 ), V = diag((∂vtb(yt, vt))

k−1
t=0 ),

Y = diag((∇ytb(yt, vt))k−1t=0 ), E = I⊗e>, F = D ⊗ I and G = I⊗D>, we get that

∇vφ{k}(y0,v)∇a(yk) = V (I +EC−1(I−FAGC−1 − FY EC−1)−1FY )

(i)
= V (I−EC−1(I−FAGC−1)−1FY )−1,

(ii)
= V (I−E(I−FG)−1FA−1Y )−1,

(iii)
= V

(
I−E

(
k−1∑
i=1

Di ⊗ (D>)i−1

)
A−1Y

)−1
. (23)

Above, in (i) we used the Sherman-Morrison-Woodbury identity, in (ii) we used that FA =
CF and FA−1 = C−1F (see Appendix H), in (iii) we used that FG = D⊗D> is nilpotent
of order k = nx since Dk = 0 (see Appendix H). The result follows for k = nx from the
assumptions of Lipschitz continuity and non-singularity of the transpose Jacobians of the
diffeomorphisms, and from the fact that ‖E‖2 ≤ 1 and ‖D‖2 ≤ 1. For k > nx, we have
from (21), that for any λ ∈ Rnx , ‖∇vφ{k}(y0,v)λ‖2 ≥ ‖∇vs:k−1

φ{nx}(ys, vs:k−1)λ‖2, hence
the result follows.

For multi-input systems, let r = max{r1, . . . , rmu}. One easily verifies that for any k ≥ r,
the system in its linear representation can be written as zk = Mw for w = (w0; . . . ;wk−1)
with σmin(M>) = 1. The first part of the claim follows then as in single input case. For
the second part, the system can be decomposed by blocks and treated as in the single-input
case, see Appendix H for more details.

Overall, Theorem 10 shows that for, e.g., a dynamical system driven by its kth derivative
as in (20), by considering a dynamic f defined by k steps of an Euler discretization of the
system, condition (3) can be ensured, which in turns can ensure a gradient dominating
property for the objective. The ILQR and IDDP algorithms are not just gradient descent
algorithms. It remains now to exploit assumption (3) to uncover the efficiency of the ILQR
or IDDP algorithms.

4. Convergence Analysis

To analyze the convergence of the ILQR and the IDDP algorithms, we consider problem (2)
at the scale of the whole trajectory and analyze problem (2) as a compositional problem of
the form

min
u∈Rτnu

{J (u) = h(g(u))} , where g(u) = f [τ ](x̄0,u) and h(x) =

τ∑
t=1

ht(xt). (24)

Note however that the dynamical structure of the problem revealed at the state scale is es-
sential to the implementation of the ILQR and IDDP algorithms. We state our assumptions
for convergence at the state scale and translate them at the trajectory scale. A table of all
constants introduced for the convergence analysis with their respective units is provided in
Appendix A for ease of reference.
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Assumption 11 We consider convex costs ht that have Lh-Lipschitz-continuous gradients
and Mh-Lipschitz-continuous Hessians for all t ∈ {1, . . . , τ}. We consider the dynamics to
be Lipschitz-continuous with Lipschitz continuous Jacobians and satisfying (15).

In consequence, the total cost h defined in (24) is convex, has Lh-Lipschitz-continuous
gradients and Mh-Lipschitz-continuous Hessians. The function g defined in (24) is lg-
Lipschitz-continuous with Lg-Lipschitz-continuous Jacobians satisfying

∀u ∈ Rτnu , σmin(∇g(u)) ≥ σg > 0, (25)

where lg = lf [τ ], Lg = Lf [τ ] are given in (17) and σg = σf [τ ] is given in (16).

4.1 Convergence Proof Sketches

The ILQR algorithm is a generalized Gauss-Newton algorithm. From a high-level
perspective, the ILQR algorithm consists in linearizing the function g : u→ f [τ ](x̄0,u) that
encapsulates the dynamics, taking a quadratic approximation of the costs h around the
current trajectory x = g(u) and minimizing the resulting approximation with an additional
regularization. Formally, as previously observed by Sideris and Bobrow (2005); Roulet et al.
(2019), the ILQR algorithm is then computing

LQRν(J )(u) = arg min
v∈Rτnu

q
g(u)
h (`ug (v)) +

ν

2
‖v‖22

= −(∇g(u)∇2h(g(u))∇g(u)> + ν I)−1∇g(u)∇h(g(u)), (26)

where `ug and q
g(u)
h are the linear and quadratic approximations of, respectively, the control

in τ steps around u and the total costs around g(u) as defined in the notations. Equation 26
clearly reveals that the ILQR algorithm amounts to a regularized generalized Gauss-Newton
algorithm (Diehl and Messerer, 2019) implemented by a dynamic programming procedure
exploiting the structure of the problem.

Proof sketch of global convergence. By choosing a large enough regularization, the
updates of the ILQR algorithm approach the ones of a gradient descent as we have from
the expression of LQRν in (26) that for ν � 1, u + LQRν(J (u)) ≈ u − ν−1∇J (u). This
suggests that the ILQR algorithm can converge globally to a global minimum, just as a
gradient descent given a gradient dominating property (14) (Polyak, 1964; Bolte et al.,
2017).

Formally, to ensure global convergence, we consider taking a regularization ν that may
depend on the current command u ∈ Rτnu , s.t. for v = LQRν(J )(u),

J (u+ v) ≤ h ◦ g(u) + q
g(u)
h ◦ `ug (v) +

ν

2
‖v‖22 = J (u) +

1

2
∇J (u)>v. (27)

Given the analytic form of v = LQRν(J )(u) in (26), the above condition ensures that
J (u+ v)−J (u) ≤ −α‖∇h(g(u))‖22, for some constant α that depends on the regularization
ν and the properties of the objective. Hence, if h satisfies a gradient dominating property,
i.e., there exists µ > 0, r ∈ [1/2, 1) s.t. ‖∇h(x)‖22 ≥ µr(h(x) − h∗)r for any x ∈ Rτnx ,
global convergence to a global minimum can be ensured given a constant regularization.
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For example, if r = 1/2, by taking a constant regularization ensuring (27), we get a global
linear convergence rate.

We further show that a regularization ensuring (27) can be chosen to scale as a function
of ‖∇h(g(u))‖2, which helps decompose the computational complexity in (i) the complexity
of solving minx∈Rτnx h(x) given an assumption on its gradient dominance and the smooth-
ness properties of the costs, (ii) a term that depends on the initial gap and condition numbers
associated to the approximation of a gradient descent by a Gauss-Newton method though
the smoothness properties of the cost, the dynamics and the surjectivity of the dynamics.

Proof sketch of local convergence. The rate of convergence sketched above can be
refined by analyzing the local behavior of the algorithm around a solution. Namely, if g
satisfies (25), then the matrix ∇g(u)>∇g(u) is invertible. Denoting x = g(u), G = ∇g(u)
and H = ∇2h(x), we then have by standard linear algebra manipulations, that the oracle
returned by the ILQR algorithm satisfies

LQRν(J )(u) = −(GHG> + ν I)−1G∇h(x)

= −G(HG>G+ ν I)−1∇h(x) (Push-through identity)

= −G(G>G)−1(H + ν(G>G)−1)−1∇h(x). (G>G invertible)

Consider then the trajectory associated to a single step of ILQR, i.e., for v = LQRν(J )(u),

y = g(u+ v) ≈ g(u) +∇g(u)>v = x− (∇2h(x) + ν(∇g(u)>∇g(u))−1)−1∇h(x).

For ν � 1, the difference of the trajectories y−x is close to a Newton direction on the total
costs h. In other words, the ILQR algorithm may be analyzed as an approximate Newton
method on the total costs. In particular, this suggests that the algorithm can have a local
quadratic convergence rate if (i) the costs satisfy the assumptions required for a Newton
method to converge locally quadratically, such as self-concordance, (ii) the regularization
decreases fast enough.

Proof sketch of total complexity. If the costs are strongly convex then they satisfy
a gradient dominating property and are self-concordant. To satisfy condition (27), the
regularization can then be chosen to be proportional to the norm of the gradient of the
costs at the current iterate, i.e., νk = ν̄k‖∇h(g(u(k)))‖2 for ν̄k bounded above by a constant
which ensures that νk tends to 0 with the iterations k. By satisfying condition (27), we
can ensure global convergence, while by having νk → 0, we can ensure local quadratic
convergence.

Proof sketch of convergence of the IDDP algorithm. The IDDP algorithm cannot
be simply analyzed as an instance of a classical optimization algorithm. However, a careful
analysis of the difference in the updates of the ILQR and IDDP algorithms for strongly
convex costs reveal that the difference in their oracles can be bounded as ‖DDPν(J )(u)−
LQRν(J )(u)‖2 ≤ η‖LQRν(J )(u)‖22 for some constant η independent of u and ν. This
observation enables us to derive an appropriate rule for selecting the regularization for the
IDDP algorithm and to ensure that the quadratic local convergence is maintained since the
approximation error of LQR by DDP is quadratic.
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Remark 12 If the function g is surjective and satisfies Assumption (25), then local quadratic
convergence of e.g. a Gauss-Newton method or a Levenberg-Marquardt method (for h
quadratic) is known, see Björck (2024, Chapter 9.2.2), Bergou et al. (2020). For h non-
quadratic, local quadratic convergence of generalized Gauss-Newton methods has also been
shown in some special cases by Messerer et al. (2021, Section 2.2). Compared to these
results, we consider deriving a convergence rate decomposed into a first slow convergence
phase and a fast local convergence phase. Moreover, we consider quantitative bounds involv-
ing the constants in (25) and additional assumptions (self-concordance or gradient dominant
assumptions).

4.2 Convergence Analysis of ILQR

4.2.1 Global Convergence Rate to Global Minima

We start by analyzing the ILQR algorithm provided that the costs satisfy a sufficient con-
dition for convergence to global minima, namely gradient dominance, a.k.a. a Polyak-
 Lojasiewicz inequality ( Lojasiewicz, 1963; Polyak, 1964; Bolte et al., 2017). We consider
convergence in objective values J (u) for problem (2), and analyze the number of iterations
k to reach an accuracy ε, that is, such that J (u(k))−minu∈Rτnu J (u) ≤ ε.

Theorem 13 Given Assumption 11, the sufficient decrease condition (27) is satisfied for
a regularization

ν(u) =
Lg‖∇h(g(u))‖2

2
γ

(
Lg‖∇h(g(u))‖2

4l2gLh(β + 1)

)
,

where γ(x) = 1+
√

1 + 1/x and β = Mhl
2
g/(3LgLh). In addition to Assumption 11, consider

that the costs are dominated by their gradients, i.e., there exists r ∈ [1/2, 1) and µ > 0 such
that ‖∇ht(x)‖2 ≥ µr(ht(x) − h∗t )r for all x ∈ Rnx , t ∈ {1, . . . , τ}. The total cost satisfies
then, for µh = µ/τ (2r−1)/2r,

∀x ∈ Rτnx , ‖∇h(x)‖2 ≥ µrh(h(x)− h∗)r. (28)

If r = 1/2, given regularizations νk = ν(u(k)), the number of iterations of the ILQR algo-
rithm to converge to an accuracy ε in objective values for problem (2), is at most

k ≤ 4θg
√
δ0γ

(
θg
√
δ0

α

)
+ 2ρh ln

(
δ0
ε

)
,

and, if 1/2 < r < 1, the number of iterations to converge to an accuracy ε, is at most

k ≤ 2

2r − 1

ρh
ε2r−1

+
2

1− rθgδ
1−r
0 +

√
2θgα

1

1− 3r/2

(
ε1−3r/2 −

(
α

θg

)1/r−3/2
)
,

with ρh = Lh/µ
2r
h , ρg = lg/σg, θh = Mh/(2µ

3r
h ), θg = Lg/(σ

2
gµ

r
h), α = 4ρ2gρh(β + 1),

δ0 = J (u(0))− J ∗ and the case r = 2/3 is to be understood limit-wise.

Before presenting the proof, a few remarks are in order.
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Remark 14 Consider the case r = 1/2 in Theorem 13. The constants appearing in the
bound are (i) the condition number ρh = Lh/µh of the total cost h, (ii) the condition

number ρg = lg/σg of the Jacobian of g, ∇g(u), (iii) a constant θh = Mh/(2µ
3/2
h ) that

can be interpreted as a bound on the self-concordance parameter of the cost h if the total
costs are strongly convex, (iv) a constant θg = Lg/(σ

2
g
√
µh) whose dimension is the same

as θh, i.e., the inverse of the squared root of the objective. Finally, the terms β and α are
additional dimension independent constants that act as additional condition numbers.

Remark 15 The rate of convergence in Theorem 13 for r = 1/2 is composed of (i) a term
ρh ln (δ0/ε) that is the linear complexity associated to the computation of minx∈Rτnu h(x) by
a gradient descent on a function h that has Lipschitz-continuous gradients with a gradient
dominance property and (ii) a term 4θg

√
δ0γ

(
θg
√
δ0/α

)
that depends on the initial gap

and appropriate condition numbers on the problem. To understand the effect of this second
term, consider computing the value of the gap δj after j iterations such that the complexity
of reducing the gap further by a factor 1/e ≈ 1/2 is dominated by the logarithmic term such
that we enter a linear phase of convergence. Formally, after j iterations of the algorithm,
the remaining number of iterations to reduce the gap further by a factor 1/e, i.e., reach an
accuracy ε = δj/e, is 4θg

√
δjγ

(
θg
√
δj/α

)
+ 2ρh. To neglect the first term in favor of the

second term we need γ̃(θg
√
δj/α) ≤ ρh/(2α) ≤ 1 for γ̃(x) = x+

√
x2 + x, which is satisfied

for δj ≤ c2/θg2 with c = ρh/(16ρ2g(1 +β)). So up to a multiplicative factor c, the parameter

1/θg
2 plays the role of a gap determining a linear convergence phase.

Remark 16 For Lg = 0, the terms depending on δ0 uniquely vanish since θg = 0 in this
case. We then get the classical rates when minimizing a function h that satisfy (28) with
a first-order method. The rates can be improved by analyzing the local behavior of the
algorithm to take advantage of the quadratic approximations of the total costs h as shown
in Section 4.2.2.

Proof [Proof of Theorem 13] The validity of the gradient dominating property for the
total costs is presented in Lemma 39 in Appendix F. Note that if h satisfies (28) and g
satisfies (25), then for any u ∈ Rτnu , we have ‖∇(h◦g)(u)‖2 ≥ σgµrh(h(g(u))−h∗)r. Hence,
for u∗ ∈ arg minu∈Rτnu J (u) with J = h ◦ g, we get 0 = ‖∇J (u∗)‖2 ≥ σgµ

r
h(h(g(u∗)) −

h∗)r ≥ 0, such that we have J ∗ = h∗.

We have from Lemma 40 that for any u,v ∈ Rτnu , denoting a0 = Mhl
3
g/3+LgLhlg,

|(h ◦ g)(u+v)−(h ◦ g)(u)−qg(u)h ◦ `ug (v)| ≤ Lg‖∇h(g(u))‖2+a0‖v‖2
2

‖v‖22.

Since ‖LQRν(J )(u)‖2 ≤ lg‖∇h(g(u))‖2/ν, condition (27) is satisfied for ν > 0 s.t. a1 +
a2/ν ≤ ν, where a1 = Lg‖∇h(g(u))‖2 a2 = a0lg‖∇h(g(u))‖2. Therefore, denoting γ(x) =
1 +

√
1 + 1/x, condition (27) is satisfied for any

ν ≥ ν(u) =
a1+

√
a21+4a2
2

=
Lg‖∇h(g(u))‖2

2
γ

(
L2
g‖∇h(g(u))‖2

4a0lg

)
,
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with a0 = lgLgLh(β + 1) for β = Mhl
2
g/(3LgLh). We have then for v = LQRν(u)(J )(u),

G = ∇g(u), H = ∇2h(g(u)), since condition (27) is satisfied,

J (u+ v)− J (u) ≤ −1

2
∇h(g(u))>G>(GHG> + ν(u) I)−1G∇h(g(u))

= −1

2
∇h(g(u))>(H + ν(u)(G>G)−1)−1∇h(g(u))

≤ −1

2

σ2g
σ2gLh + ν(u)

‖∇h(g(u))‖22 ≤ −
b1x

2

√
b2x2 + b3x+ b4x+ b5

, (29)

where x = ‖∇h(g(u))‖2, b1 = σ2g , b2 = L2
g, b3 = 4a0lg, b4 = Lg, b5 = 2σ2gLh.

The function f1 : x → b1x
2/(
√
b2x2 + b3x + b4x + b5) is increasing for x ≥ 0. Hence,

denoting δ = h(g(u)) − h∗ = J (u) − J ∗, we have f1(‖∇h(g(u))‖2) ≥ f1((µhδ)
r) by as-

sumption (28). Denoting δk = J (u(k))− J ∗ for k the iteration of the ILQR algorithm, we
then have f ′2(δk)(δk+1 − δk) ≤ −1, with

f ′2(δ) =
1

f1((µhδ)r)
=

2ρh
δ2r

+
θg
δr

+
θg
√
δ2r + αδr/θg
δ2r

=
2ρh
δ2r

+
θgγ(θgδ

r/α)

δr
,

with ρh = Lh/µ
2r
h , ρg = lg/σg, θh = Mh/(2µ

3r
h ), θg = Lg/(σ

2
gµ

r
h), α = 4ρ2gρh(β + 1),

β = Mhl
2
g/(3LgLh).

Since f2 is concave on R+, we deduce that f2(δk+1) − f2(δk) ≤ −1 and so f2(δk) ≤
−k + f2(δ0). Note that f2 is strictly decreasing, so we get that, for the algorithm to reach
an accuracy ε, we need at most k ≤ f2(δ0)− f2(ε) iterations.

If r = 1/2, one can verify that δ → a ln(2a
√
δγ(
√
δ/a) + a2) + 2

√
δγ(
√
δ/a) is an

antiderivative of δ → γ(
√
δ/a)/

√
δ for any a > 0. Hence, for r = 1/2, the number of

iterations to converge to an accuracy ε is at most

k ≤ 2ρh ln

(
δ0
ε

)
+2θg

(√
δ0γ

(
θg
√
δ0

α

)
−√εγ

(
θg
√
ε

α

))
+α ln

(
2θg
√
δ0γ(θg

√
δ0/α)+α

2θg
√
εγ(θg

√
ε/α)+α

)
≤ 2ρh ln

(
δ0
ε

)
+ 2θg

√
δ0γ

(
θg
√
δ0

α

)
+ α ln

(
1+2

θg
√
δ0

α
γ

(
θg
√
δ0

α

))
.

By using that ln(1 + x) ≤ x for x > −1, we get the claimed bound in this case.
If 1/2 < r < 1, by integrating f2, the number of iterations to converge to an accuracy ε

is at most

k ≤ 2ρh
2r − 1

(
1

ε2r−1
− 1

δ2r−10

)
+

θg
(1− r)

(
δ1−r0 − ε1−r

)
+

∫ δ0

ε

θg
√
x2r + αxr/θg
x2r

dx.

The bound follows in this case by using that, for 1/2 < r < 1, and a > 0,∫ δ0

ε

√
x2r + axr

x2r
dx ≤

∫ a1/r

ε

√
2a

x3r/2
dx+

∫ δ0

a1/r

1

xr
dx.
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4.2.2 Local Convergence Rate to Minima

As we analyze the ILQR algorithm locally as an approximate Newton method on the costs,
we use the notations and assumptions used to analyze a Newton method. Namely, we
assume the costs ht to be strictly convex, and we define the norm induced by the Hessian
at a point x ∈ Rτnx and its dual norm as, respectively, for y ∈ Rτnx ,

‖y‖x =
√
y>∇2h(x)y, ‖y‖∗x =

√
y>∇2h(x)−1y.

For a matrix A ∈ Rτnx×τnu , we denote ‖A‖x = ‖∇2h(x)1/2A‖2 the norm induced by the
local geometry of h w.r.t. the Euclidean norm. Finally, we denote the Newton decrement
of the cost function, as, for x ∈ Rτnu ,

λh(x) =
√
∇h(x)>∇2h(x)−1∇h(x).

To analyze the local convergence of the ILQR algorithm we consider the costs to be self-
concordant (Nesterov, 2018, Definition 5.1.1). In addition, we consider smoothness proper-
ties of the function g with respect to the geometry induced by the Hessian of the costs as
presented in the assumptions below.

Assumption 17 We consider that the costs ht and so the total cost h are strictly convex
and the following constants, defined for g : u → f [τ ](x̄0,u) with f [τ ] the control in τ steps
of the dynamic f defined in (12), are finite

l = sup
u,v∈Rτnu
v 6=0

‖g(u+ v)− g(u)‖g(u)
‖v‖2

, L = sup
u,v∈Rτnu
v 6=0

‖∇g(u+ v)> −∇g(u)>‖g(u)
‖v‖2

ϑh = sup
x,y1,y2,y3∈Rτnx
y1 6=0,y2 6=0,y3 6=0

|∇3h(x)[y1,y2,y3]|
2‖y1‖x‖y2‖x‖y3‖x

, σ = inf
u∈Rτnu ,µ∈Rτnx

µ 6=0

‖∇g(u)µ‖2
‖µ‖∗g(u)

.

In consequence, h is ϑh-self concordant (Nesterov, 2018, Definition 5.1.1, Lemma 5.1.2),
and we have that σ ≤ σmin(∇g(u)∇2h(g(u))1/2), σmax(∇g(u)∇2h(g(u))1/2) ≤ l, for any
u ∈ Rτnu.

In terms of the dynamic and the individual costs, Assumption 17 is satisfied if ht is strongly
convex for all t such that the total costs h are strongly convex and if Assumption 11 is also
satisfied. In that case, we have

l ≤
√
Lhlg, L ≤

√
LhLg, 2ϑh ≤Mh/µ

3/2
h , σ ≥ √µhσg. (30)

Given Assumption 17 and equipped with a stepsize proportional to the Newton decrement,
we can show a local quadratic convergence rate of the ILQR algorithm.

Theorem 18 Given Assumption 17, consider the ILQR algorithm for problem (2) with
regularizations of the form νk = ν̄λh(g(u(k))) for some ν̄ ≥ 0. For k ≥ 0 such that

λh(g(u(k))) < λ =
1

max{4ϑh + 3ϑg + 2ν̄/σ2, 2%ϑh}
, (31)

where % = l/σ and ϑg = L/σ2, we have λh(g(u(k+1))) ≤ λ−1λh(g(u(k)))2, and the ILQR
algorithm converges quadratically to the minimum value of problem (2).
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Remark 19 If h is a quadratic, such that the algorithm reduces to a Gauss-Newton al-
gorithm and ϑh = 0, the radius of quadratic convergence reduces to λ = 1/(3ϑg + 2ν̄). If
in addition, no regularization is in effect, the radius of quadratic convergence reduces to
λ = 1/3ϑg, which can be expressed as 1/(3θg

√
ρh) if the total cost is µh strongly convex

with θg, ρh defined as in Theorem 13 and σ, L expressed using (30). So up to 3
√
ρh, the

parameter 1/θg acts again as a radius of fast convergence as in Theorem 13.

Remark 20 For better readability, we simplified the expression of the radius of convergence.
A closer look at the proof shows that a non-zero regularization may lead to a larger radius
of convergence than no regularization.

Proof [Proof of Theorem 18] Let u ∈ Rτnu G = ∇g(u), H = ∇2h(g(u)), v = LQRν(J )(u)
with ν = ν̄λh(g(u)). Assume that

λh(g(u)) ≤ 1/max{
√

2ϑhϑgc1, 2ϑh%c2, 2ϑhc2},

where c1= max{1−ν̄/(√2ϑhLl), 0}, c2= max{1−ν̄/(2l2ϑh), 0}, %=l/σ, ϑg=L/σ
2. We have

λh(g(u+v))≤‖∇h(g(u+v))−∇h(g(u)+G>v)‖∗g(u+v)︸ ︷︷ ︸
A

+ ‖∇h(g(u)+G>v)‖∗g(u+v)︸ ︷︷ ︸
B

. (32)

Bounding A in (32). By definition of l in Assumption 17 and Lemma 41, we have

‖g(u+ v)− g(u)‖g(u) ≤ l‖v‖2, ‖v‖2 ≤
lλh(g(u))

lσ + ν̄λh(g(u))
. (33)

One easily verifies that x/(1 + ax) ≤ c if 0 ≤ x ≤ c/max{1− ca, 0} for any a, c > 0. So for
λh(g(u))) ≤ 1/(2ϑh%c2), we have ‖g(u+ v)− g(u)‖g(u) ≤ 1/(2ϑh). Hence, using that h is
ϑh-self-concordant, Theorem 5.1.7 of Nesterov (2018) applies and by using the definition of
L in Assumption 17, we have

‖g(u+v)−g(u)−G>v‖g(u+v) ≤
1

1−ϑh‖g(u+v)−g(u)‖g(u)
‖g(u+v)−g(u)−G>v‖g(u)

≤ 2

∥∥∥∥∫ 1

0
∇g(u+tv)>vdt−∇g(u)>v

∥∥∥∥
g(u)

= L‖v‖22.

Using (33), for λh(g(u)) ≤ 1/(
√

2ϑhϑgc1), we get ‖g(u+v)−g(u)−G>v‖g(u+v)≤1/(2ϑh).
Since the total cost h is ϑh-self-concordant, we can then use Lemma 42 to obtain

A ≤ 1

1− ϑh‖g(u+ v)− g(u)−G>v‖g(u+v)
‖g(u+ v)− g(u)−G>v‖g(u+v)

≤ 2Ll2λh(g(u))2

(lσ + ν̄λh(g(u)))2
. (34)
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Bounding B in (32). Recall that for λh(g(u))) ≤ 1/(2ϑh%c2), we have ‖g(u + v) −
g(u)‖g(u) ≤ 1/(2ϑh). Since h is ϑh-self-concordant, we have then (Nesterov, 2018, Theorem
5.1.7),

B ≤ 1

1−ϑh‖g(u+v)−g(u)‖g(u)
‖∇h(g(u)+G>v)‖∗g(u) ≤ 2‖∇h(g(u)+G>v)‖∗g(u). (35)

Denote ν = ν̄λh(g(u)) and define n = −(H + ν(G>G)−1)−1∇h(g(u)). Using that

v = −G(G>G)−1(H + ν(G>G)−1)−1∇h(g(u)),

and denoting x = g(u), we have then

‖∇h(g(u) +G>v)‖∗g(u) = ‖∇h(x+ n)−∇h(x)− (H + ν(G>G)−1)n‖∗x
≤ ‖∇h(x+ n)−∇h(x)−Hn‖∗x + ν‖(G>G)−1n‖∗x. (36)

The first term can be bounded as in the proof of local convergence of a Newton method (Nes-
terov, 2018, Theorem 5.2.2). Namely, we have

‖∇h(x+ n)−∇h(x)−Hn‖∗x = ‖
∫ 1

0
(∇2h(x+ tn)−∇2h(x))ndt‖∗x.

Since σmax(∇g(u)∇2h(g(u))1/2) ≤ l, we have

‖n‖x = ‖(I +νH−1/2(G>G)−1H−1/2)−1H−1/2∇h(g(u))‖2 ≤
λh(g(u))

1 + ν̄l−2λh(g(u))
.

So if λh(g(u)) ≤ 1/(2ϑhc2), we get ‖n‖x ≤ 1/(2ϑh) and, since h is self-concordant, by
Corollary 5.1.5 of Nesterov (2018), we have, denoting J =

∫ 1
0 (∇2h(x+ tn)−∇2h(x))dt,

(−‖n‖xϑh + ‖n‖2xϑ2h/3)∇2h(x) � J � ‖n‖xϑh
1− ‖n‖xϑh

∇2h(x).

Moreover, since ‖n‖x < 1/(2ϑh), we have ‖n‖xϑh −‖n‖2xϑ2h/3 ≤
‖n‖xϑh

1−‖n‖xϑh . Hence, we get

‖∇h(x+ n)−∇h(x)−Hn‖∗x ≤
‖n‖2xϑh

1− ‖n‖xϑh
≤ 2λh(g(u))2ϑh

(1 + ν̄l−2λh(g(u)))2
. (37)

On the other hand, since σ ≤ σmin(∇g(u)∇2h(g(u))1/2), we have

‖(G>G)−1n‖∗g(u) = ‖(H1/2G>GH1/2 + ν I)−1H−1/2∇h(g(u))‖2 ≤
λh(g(u))

σ2 + ν̄λh(g(u))
. (38)

So combining (38) and (37) into (36) and then (35) we get

B ≤ 2

(
2ϑh

(1 + ν̄l−2λh(g(u)))2
+

ν̄

σ2 + ν̄λh(g(u))

)
λh(g(u))2. (39)
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Local quadratic convergence rate. By combining (34) and (39) into (32), we get, as
long as λh(g(u)) ≤ 1/max{

√
2ϑhϑgc1, 2ϑh%c2, 2ϑhc2},

λh(g(u+v)) ≤
(

2Ll2

(lσ+ν̄λh(g(u)))2
+

4ϑh
(1+ν̄l−2λh(g(u)))2

+
2ν̄

σ2+ν̄λh(g(u))

)
λh(g(u))2.

Note that c1, c2 ≤ 1 and that 2ϑg+4ϑh+2ν̄/σ2 ≥ max{2ϑh,
√

2ϑhϑg}, using the arithmetic-
geometric mean inequality. Hence, for

λh(g(u)) < λ = 1/max{2ϑg + 4ϑh + 2ν̄/σ2, 2ϑh%},

we get λh(g(u+ v)) ≤ λ̄−1λh(g(u))2 < λh(g(u)), that is, we reach the region of quadratic
convergence for g(u).

4.2.3 Total Complexity

Given Assumption 11, if the total cost is strongly convex then it satisfies the condition
of Theorem 13 and Assumption 17 is satisfied with the estimates given in (30). We can
then bound the number of iterations to local quadratic convergence and obtain the total
complexity bound in this case. The following theorem is the detailed version of Theorem 1.

Theorem 21 Consider the costs ht to be µh-strongly convex and Assumption 11 to be
satisfied. Then condition (27) is satisfied for a regularization

ν(u) =

(
1 +

α

2(1 + θg‖∇h(g(u))‖2/(√µhρg))

)
Lg‖∇h(g(u))‖2

With such regularization, the number of iterations of the ILQR algorithm to reach an accu-
racy ε is at most

k(δ0, ε) = 4θg(
√
δ0 −

√
ε) + 2ρh ln

(
δ0
ε

)
+ 2α ln

(
θg
√
δ0 + ρg

θg
√
ε+ ρg

)
, (40)

where ρh = Lh/µh, ρg = lg/σg, θg = Lg/(σ
2
g
√
µh), θh = Mh/(2µ

3/2
h ), α = 4ρ2gρh(β + 1),

β = Mhl
2
g/(3LgLh), and δ0 = J (u(0))− J ∗.

If in addition the target accuracy ε is smaller than δ = 1/(32ρh(θh(1 +
√
ρhρ

3
g/3) +√

ρhθg(1+ρgρh))2) which determines a quadratic convergence phase, the number of iterations
of an ILQR algorithm to reach the accuracy ε is at most k(δ0, δ) +O(ln ln(ε−1)).

The total computational complexity of the algorithm in terms of basic operations is then
of the order of (k(δ0, δ) +O(ln ln(ε−1)))× C(nx, nu, τ) with C(nx, nu, τ) defined in (9).

Remark 22 The rate of convergence can now be separated between three phases, (i) the
number of iterations to reach some linear convergence determined by the first term in the
complexity bound (40), (ii) the number of iterations to reach the quadratic convergence rate
that is captured by the logarithmic terms in the complexity bound (40), (iii) the quadratic
convergence phase once δk is smaller than the gap of local quadratic convergence δ.
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Proof [Proof of Theorem 21] By using the strong convexity of the costs h, we can refine
the choice of the regularization to ensure (27). The validity of the proposed regularization
to ensure condition (27) is shown in Lemma 43 in Appendix F. With the proposed regu-
larization, Lemma 44 in Appendix F shows, following the same reasoning as in the proof
of Theorem 13, that the number of iterations of the ILQR algorithm needed to reach an
accuracy ε is bounded by

k ≤ 2ρh ln

(
δ0
ε

)
+ 4θg

(√
δ0 −

√
ε
)

+ 2α ln

(
θg
√
δ0 + ρg

θg
√
ε+ ρg

)
, (41)

with ρh, ρg, θh, θg, α defined as in Theorem 13.

For the local convergence, the constants in Theorem 18 can be expressed in terms of the
constants in Theorem 13 as σ =

√
µhσg, ϑh = θh, ϑg =

√
ρhθg, % =

√
ρhρg. From the proof

of Theorem 18, if λh(g(u(k))) ≤ 1/max{
√

2ϑhϑg, 2ϑh%, 2ϑh}, then

λh(g(u(k+1))) ≤
(

2ϑg + 4ϑh +
2ν̄k
σ2

)
λh(g(u(k)))2,

where ν̄k = ν(u(k))/λh(g(u(k))) ≤ √Lh(Lg + 2lg(Mhl
2
g/3+LgLh)/(σgµh)). Define then

λ =
1

4(θh(1 +
√
ρhρ3g/3) +

√
ρhθg(1 + ρgρh))

.

We have that λ ≤ 1/max{
√

2ϑhϑg, 2ϑh%, 2ϑh}. So, if λh(g(u(k))) ≤ λ, quadratic conver-
gence is ensured.

It remains to link the objective gap to the Newton decrement. By considering a gra-
dient step with step-size 1/Lh, we have ‖∇h(x)‖2 ≤ 2Lh(h(x) − h∗) for any x, hence
λh(x) ≤

√
2ρh(h(x)− h∗). So, the number of iterations to reach quadratic convergence

is bounded by the number of iterations to get an accuracy δ = λ2/(2ρh). Once quadratic
convergence is reached the remaining number of iterations is of the order of O(ln ln ε−1).

Theorem 21 presents an ideal implementation of the ILQR algorithm given the knowledge
of all constants to define the regularizations. This ideal implementation informs us on an
appropriate line search strategy for the regularization, namely searching over ν̄ for regular-
izations of the form νk = ν̄‖∇h(g(u(k)))‖2. We present in Algorithm 2 an implementation
of the ILQR algorithm with an adequate line-search procedure that is guaranteed to termi-
nate and maintain the complexity bounds presented in Theorem 21 as formally stated in
Corollary 23, whose proof is given in Appendix F.

Corollary 23 Consider the assumptions and notations of Theorem 21 on problem (2) and
Algorithm 2 with an initial scaled regularization guess ν̄−1 ≤

(
1 + α/(2 + 2θg

√
δ0/ρg)

)
Lg.

The total number of calls to ILQR oracles of Algorithm 2 to reach an accuracy ε is at most
2k(δ0, δ

′)+ln ln(ε−1)+dlog2 ((1 + α/2)Lg/ν̄−1)e , where k(δ0, δ
′) is defined as in Theorem 21

and δ′ = 1/(32ρh(θh(1+2
√
ρhρ

3
g/3)+

√
ρhθg(1+2ρgρh))2) is a gap of quadratic convergence

for Algorithm 2.
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Algorithm 2 ILQR with Line-Search

Inputs: Initial point u(0), initial scaled regularization ν̄−1 > 0, costs and dynamics
summarized as h and g as in (24), LQRν(J ) oracle for J = h ◦ g.
for k = 0, . . . do

Set ν̄k = ν̄k−1, νk = ν̄k‖∇h(g(u(k)))‖2
Compute u(k+1) = u(k) + LQRνk

(J )(u(k))

while J
(
u(k+1)

)
> J (u(k)) +∇J (u)>(u(k+1) − u(k))/2 do

Set ν̄k ← 2ν̄k, νk ← ν̄k‖∇h(g(u(k)))‖2
Set u(k+1) ← u(k) + LQRνk

(J )(u(k))
end while

end for

4.3 Convergence Analysis of IDDP

The IDDP algorithm departs from the implementation of usual optimization algorithms
for compositional problems as it cannot be formulated as the minimization of an approx-
imation of the objective but rather as an approximate minimization of the objective by
dynamic programming, see e.g. Roulet et al. (2024) for a detailed overview. Its analysis
can nevertheless be pursued by analogy of its implementation with the ILQR algorithm.
Namely, the technical Lemmas 47 and 50 in Appendix G decompose the implementation of
the IDDP algorithm into the dynamical structure of the problem to quantify an approxi-
mation bound between the oracles returned by the ILQR and IDDP algorithm of the form
‖DDPν(J )(u) − LQRν(J )(u)‖2 ≤ η‖LQRν(J )(u)‖22 for some constant η independent of
u and ν, provided that the costs are strongly convex.

Equipped with this approximation bound, we consider selecting the regularization of
the IDDP algorithm such that

J (u+ DDPν(J )(u)) ≤ J (u) +
1

2
∇J (u)> LQRν(J )(u), (42)

i.e., we use the same criterion as for the ILQR algorithm (27) to ensure a sufficient de-
crease. This choice of regularization is motivated by the implementation of the ILQR and
IDDP algorithms which both compute 1

2∇J (u)> LQRν(J )(u) by dynamic programming;
see Roulet et al. (2024) for more details. For strongly convex costs, the rule provided in (42)
to select the stepsize together with the quadratic approximation bound between the oracles
of the ILQR and IDDP algorithm enable us to state a global convergence result for the
IDDP algorithm.

Theorem 24 Consider the costs to be µh-strongly convex and Assumption 11 to be satisfied.
Then the constant η= supu∈Rτnu ,ν>0 ‖DDPν(J )(u) − LQRν(J )(u)‖2/‖LQRν(J )(u)‖22 is
finite. Condition (42) is satisfied for a regularization

ν(u) = Lgξ‖∇h(g(u))‖2 + ρhσ
2
gθg

2χ2‖∇h(g(u))‖22,

where ξ = (1 + ρhρg)(1 + 2χ) + ρ3g(2θh)/(3θg), χ = lgη/Lg and ρh, ρg, θh, θg are defined in
Theorem 21.
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With such regularization, the number of iterations of the IDDP algorithm to reach an
accuracy ε is at most

k ≤ 2ρh ln

(
δ0
δ

)
+ 4θgξ(

√
δ0 −

√
δ) + 2ρhθg

2χ2(δ0 − δ) +O(ln ln(ε−1)),

where δ = 1/(32ρh(θg
√
ρh(2 + 2ξ +

√
ρhχ) + 4θh)2) is the value of the gap determining the

quadratic convergence phase.

Remark 25 The complexity bounds for the IDDP algorithm in Theorem 24 take then the
same form as the complexity bounds obtained for the ILQR algorithm in Theorem 21 up to
some additional multiplicative factors. Our proof is built on considering IDDP to approxi-
mate ILQR. In practice, IDDP appears more efficient than ILQR as illustrated in Figure 1
and other works (Liao and Shoemaker, 1992; Roulet et al., 2024) and alternative proofs
may better explain this phenomenon. On the other hand, our implementation and analysis
provide theoretical convergence guarantees.

Proof [Proof of Theorem 24] We sketch the proof of the first part of the claim, whose
technical details can be found in Lemma 47. Given a command u = (u0; . . . ;uτ−1) with
associated trajectory x = g(u) = (x1; . . . ;xτ ), denote πt : yt → Ktyt +kt for t ∈ {0, . . . , τ −
1} the affine policies computed in Algorithm 1 and define for y = (y1; . . . ; yτ ), π(y) =
(π0(0);π1(y1); . . . ;πτ−1(yτ−1)). Denoting then v = LQRν(J )(u), w = DDPν(J )(u), we
have, after close inspection of the roll-outs,

v = π(∇g(u)>v), w = π(g(u+w)− g(u)).

Denoting, for ei the ith canonical vector in Rτ , K =
∑τ

i=2 eie
>
i−1⊗Ki−1 ∈ Rτnu×τnx , k =

(k0; . . . ; kτ−1), G = ∇g(u), we get that v = k+KG>v. Since G> is lower block triangular
and K is strictly lower block triangular, KG> is strictly lower block triangular and so
I−KG> is invertible. Therefore, we can express the LQR oracle as v = (I−KG>)−1k. For
the IDDP oracle, a similar expression can be found by using the mean value theorem as
formally shown in Lemma 47. Informally, there exists a matrix D which can be thought as
∇g(u+ ζ) for some ‖ζ‖2 ≤ ‖w‖2 such that w = (I−KD>)−1k. The difference v −w can
be bounded by c0‖k‖2‖C> −D>‖2 for some constant c0 and ‖C> −D>‖2 can be bounded
as c1‖w‖2 such that we get in total a quadratic error bound in ‖k‖2 which can be converted
in a quadratic bound in terms of ‖v‖2.

For u ∈τnu denote v = LQRν(J )(u), w = DDPν(J )(u). By definition of v, condi-
tion (42) is satisfied if

J (u+w) ≤ J (u) + q
g(u)
h ◦ `ug (v) +

ν

2
‖v‖22.

We proceed by first observing that, by Lipschitz continuity of the gradients of h,

J (u+w)−J (u+v) ≤ ∇h(g(u+v))>(g(u+w)−g(u+v)) + Lh‖g(u+w)−g(u+v)‖22/2,

and ‖∇h(g(u+v))‖2 ≤ ‖∇h(g(u))‖2 +Lh‖g(u+v)−g(u)‖2. Hence, using the Lipschitz con-
tinuity of g and the definition of η, we have

J (u+w)−J (u+v) ≤ (‖∇h(g(u))‖2 + Lhlg‖v‖2)lgη‖v‖22 + Lhl
2
gη

2‖v‖42/2.
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On the other hand, the term J (u+v)−J (u)−qg(u)h ◦`ug (v) can be bounded using Lemma 40.
Hence, using that ‖v‖2 ≤ ‖∇h(g(u))‖2/(µhσg) (see the first paragraph of the proof of
Theorem 21), we get that condition (42) is satisfied for

ν(u) = Lgξ‖∇h(g(u))‖2 + ρhσ
2
gθg

2χ2‖∇h(g(u))‖22,

for ξ = (1 + ρhρg)(1 + 2χ) + ρ3g(2θh)/(3θg), χ = lgη/Lg, where ρh, ρg, θh, θg are defined in
Theorem 21.

With such regularization choice, the convergence of the IDDP method follows from the
proof of Theorem 13 by using that condition (42) is satisfied. Namely, we get that the
number of iterations of an IDDP algorithm with regularizations νk = ν(u(k)) to ensure an
objective less than ε is at most (see Appendix H for the detailed derivation)

k ≤ 2ρh ln (δ0/ε) + 4θgξ(
√
δ0 −

√
ε) + 2ρhθg

2χ2(δ0 − ε). (43)

For the local convergence, define l, σ, L, ϑh, ϑg as in the proof of Theorem 21. We have

λh(g(u+w)) ≤ ‖∇h(g(u+w))−∇h(g(u+ v))‖∗g(u+w) + ‖∇h(g(u+ v))‖∗g(u+w).

If λh(g(u)) ≤ σ/√2ϑhlη, then,

‖g(u+w)− g(u+ v)‖g(u+w) ≤ l‖v −w‖2 ≤ lη‖v‖22 ≤ lηλh(g(u))2/σ2 ≤ 1/(2ϑh),

where we used that ‖v‖2 ≤ λh(g(u))/σ as shown in the second paragraph of the proof of
Theorem 18. Hence, using Lemma 42, we have that ‖∇h(g(u+w))−∇h(g(u+v))‖∗g(u+w) ≤
2lηλh(g(u))2/σ2 and using Theorem 5.1.7 of Nesterov (2018), we have that ‖∇h(g(u +
v))‖∗g(u+w) ≤ 2‖∇h(g(u+ v))‖∗g(u+v). We conclude that if λh(g(u)) ≤ 1/

√
2ϑhϑgχ,

λh(g(u+w)) ≤ 2χϑgλh(g(u))2 + 2λh(g(u+ v)).

Hence, using the bound derived in Theorem 18 for λh(g(u+ v)), we conclude that for

λh(g(u)) ≤ 1/max{
√

2ϑhϑg,
√

2ϑhϑgχ, 2%ϑh, 2ϑh},

we have that

λh(g(u+w)) ≤
(
2(2 + χ)ϑg + 8ϑh + 4ν̄σ−2

)
λh(g(u))2

≤
(
2θg
√
ρh(2 + 2ξ + χ) + 8θh + 4ρ2hχ

2θg
2λh(g(u))

)
λh(g(u))2,

where we used that ν̄ = ν(u)/λh(g(u)) ≤ Lg
√
Lhξ + Lhρhσ

2
gθg

2χ2λh(g(u)). Denote

λ = 1/(4(θg
√
ρh(2 + 2ξ +

√
ρhχ) + 4θh)),

s.t. λ ≤ 1/max{
√

2ϑhϑg,
√

2ϑhϑgχ, 2%ϑh, 2ϑh}. For λh(g(u)) < λ, quadratic convergence
is ensured, i.e., λh(g(u+w)) ≤ λ−1λh(g(u))2 < λh(g(u)). The conclusion follows as in the
proof of Theorem 21.
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5. Numerical Evaluations

We illustrate numerically the theoretical findings to examine their relevance. In all exper-
iments, we implemented gradient descent (GD), ILQR, IDDP, with a line-search on either
the stepsize for GD or the scaled regularization for ILQR and IDDP as in Algorithm 2. The
algorithms are run at double precision. They stop if (i) the norm of the gradient of the
objective is smaller than 10−16, (ii) the linesearch does not find a valid stepize bigger than
10−24, (iii) the relative change in costs (|ck − ck−1|/|ck|) is smaller than 10−24. The code is
publicly available at https://github.com/vroulet/ilqc. A tutorial notebook is available at
https://github.com/vroulet/ilqc/ilqc.ipynb

5.1 Settings Considered

We consider two simple synthetic control environments: swinging up a pendulum, and
controlling a simplified model of a car. Experiments on a more realistic model of a car are
presented in Appendix I. In all experiments we consider only a cost on the state variables,
i.e., ht(xt, ut) = ht(xt). See Roulet et al. (2024) for additional experiments with costs on
the control variables and other settings.

Swinging up pendulum. We consider swinging up a pendulum vertically through the
control of a torque. The state x = (θ, ω) consists in the angle θ with the vertical axis and
the angular speed ω as illustrated in Fig 1. The dynamics in continuous time are

θ̇(t) = ω(t), ml2ω̇(t) = −mlg sin θ(t)− µω(t) + u(t), (44)

where m = 1 is the mass of the blob, l = 1 is the length of the blob, µ = 0.01 is a friction
coefficient, g = 10 is the gravitational constant. The system is controlled through a torque,
u(t), applied to the pendulum. We use an Euler discretization scheme (Gautschi, 2011,
Chapter 4) for the continuous dynamics (44) with a discretization step ∆ = T/τ for a total
time T = 2 and a number of discretization steps τ = 100.

For Figure 1, we consider a single cost on the last state. Namely, the objective is to
swing up the pendulum to be vertical with

hτ (xτ ) = (θτ − π)2 + ω2
τ , ht(xt) = 0 for t ∈ {1, . . . , τ − 1},

for xτ = (θτ , ωτ ). In other words, we target θ(T ) = π, ω(T ) = 0 for some time horizon T ,
given θ(0) = 0, ω(0) = 0. In some experiments below, we consider variations of the costs,
such as considering a cost for each time step or a subsampled cost.

Simple model of a car with tracking costs. We consider a simple model of the car,
illustrated in Figure 1. The state consists in x = (zx, zy, θ, v), where z = (zx, zy) is the
position of the car, θ is the angle between the orientation of the car and the horizontal
axis, a.k.a., the yaw, and v is the longitudinal speed. The controls u = (a, δ) consist of the
longitudinal acceleration a of the car, and the steering angle δ. For a car of length l = 1,
the continuous time dynamics of this simplified model of the car are

żx(t) = v(t) cos θ(t) θ̇(t) = v(t) tan δ(t)/l
ży(t) = v(t) sin θ(t) v̇(t) = a(t).
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Figure 4: Cost along iterations of ILQR, IDDP and Gradient Descent (GD) on the pen-
dulum problem using a cost at each time step or every two time steps. Shaded
areas correspond to a 95% confidence intervals over 10 random initializations of
the control sequences.

We use a Runge-Kutta method of order 4 (Gautschi, 2011, Chapter 4), a discretization step
∆ = T/τ for a total time T = 2, and a number of discretization steps τ = 25.

The objective consists in minimizing the distance between the position of the car and a
reference position on a track. We define a reference track z∗(t) as a continuous spline using
a simple track presented by Roulet et al. (2024, Figure 13). The discrete time reference
positions are defined as z∗t = z∗(∆t). The costs consist then

ht(xt) = ‖zt − z∗t ‖22 for t ∈ {1, . . . , τ}.

For Figure 1, we consider a subsampled cost equivalent to consider a multistep discretization
strategy detailed in Section 3.2. Namely, we subsample the cost every k = 3 steps such that
the costs are then

ht(xt) =

{
‖zt − z∗t ‖22 if t mod k = 0

0 otherwise
(45)

with ∆ = T/(kτ). Below, we consider also costs on every time-step, i.e., k = 1.

5.2 Evaluations

Costs along iterations for the pendulum. For a single final cost, the problem of
swinging up the pendulum is equivalent to minimizing the composition of a strongly convex
cost with the control in τ steps of the discrete dynamics of the pendulum. With an Euler
discretization of the continuous dynamics of the pendulum (44), one easily observes that
the control in any k ≥ 2 steps of the discrete dynamics has surjective linearizations as
outlined in Section 3. Hence, with a single final quadratic cost, this problem falls under the
assumptions of Section 4. The convergence of both ILQR and IDDP algorithms towards a
global minimum cost, namely a null cost, is observed in Figure 1.
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Figure 5: Cost along iterations of ILQR, IDDP and Gradient Descent (GD) on the car
problem using a cost at each time step or every three time steps with varying
initial controls. Shaded areas correspond to a 95% confidence intervals over 10
random initializations of the control sequences.

In Figure 4, we consider a cost every k steps, that is

ht(xt) =

{
(θt − π)2 + ω2

t if t mod k = 0

0 otherwise
for t ∈ {1, . . . , τ},

for k ∈ {1, 2}. We also consider 10 random initial sequence of control variables, i.e., u
(0)
t ∼

N (0, σ), for σ = 1/∆ = 100, t ∈ {0, . . . , τ − 1}.
By taking k = 2, we observe that ILQR and IDDP both converge to a 0 cost, hence

a global minimum, across random initializations. As mentioned above, by taking k > 1
convergence to a global minimal cost is predicted by the theory in Section 3 and 4.

For k = 1, none algorithm converges to 0. However, this does not mean that they do
not converge to a global minimum. In fact, one observes that across random initializations,
both ILQR and IDDP converge to the same cost. Namely, the standard deviation of the
minimum cost computed by these algorithms across random initializations is 10−14. This
suggests a global convergence behavior to a same minimum. While the theory developed
in Section 3 and 4 explains the behavior for k = 2, the results for k = 1 suggest that
convergence to a global minimum may be ensured beyond the sufficient condition (3). Note
that global convergence of ILQR and IDDP to, e.g., stationary points, can be verified on
generic problems (1) (Section 2). Such global convergence properties are not sufficient to
ensure convergence to global minima. Convergence to global minima require additional
properties of the problem itself.

Costs along iteration for the simple model of a car. In Figure 1, we considered a
subsampled cost, such that a sufficient condition for convergence to global minima outlined
in Section 3.2 may be satisfied. We observe in Figure 1 convergence to a global minimal
cost, namely a null cost, for both ILQR and IDDP algorithms.
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Figure 6: Convergence rate in iterates, κ(k) = ‖u(k+1) − u(k)‖2/‖u(k) − u(k−1)‖2, along
iterations of ILQR and IDDP algorithms for the simple model of a car with or
without subsampling the costs. For each algorithm and each setting we plot the
convergence rate up to the final iterate before the algorithm stopped and use a
log scale x-axis to zoom on the final iterates.

In Figure 5, we consider a cost at each time step (no subsampling of the costs, i.e., k = 1

in (45)) with 10 random initial control sequences, i.e., u
(0)
t ∼ N (0, σ) for σ = 2/∆ = 25,

t ∈ {0, . . . , τ − 1}. We also repeat the experiment with costs subsampled every 3 time steps
with the same random initializations schemes.

For subsampled costs, i.e., k = 3 in (45), we observe convergence to global minimal costs
(null costs) for both IDDP and ILQR algorithms across random initializations.

For non-subsampled costs, i.e., k = 1 in (45), the costs do not converge to 0. Contrarily
to the pendulum case, we observed a discrepancy in the minimal cost reached after 2000
iterations. ILQR and IDDP reach, on average across initializations, costs of, respectively,
4.61 · 10−2 and 5.68 · 10−2 with standard deviations across initializations of, respectively,
3.93 · 10−2 and 3.75 · 10−2.

Finally, IDDP converges faster than ILQR in all pendulum examples and in the exam-
ple of the car with subsampled costs. A similar observation was also made by Liao and
Shoemaker (1991) and in the companion paper (Roulet et al., 2024).
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Figure 7: Minimal singular value of the transpose Jacobian of the control in τ steps of
the discrete dynamics along the iterations of ILQR and IDDP algorithms. We
consider discrete dynamics of a pendulum or of a simple model of a car stemming
from the control in 2 and 3 steps respectively of the original discretization of the
dynamics.

Instantaneous rate of convergence. The theoretical findings of Section 4 outline a
priori three phases of convergence, sublinear, linear and quadratic. Convergence rates
of ILQR and IDDP can be assessed through convergence rates in function values ρ(k) =
(c(k+1) − c∗)/(c(k) − c∗) for c∗ the minimal cost as done in Appendix I, or by considering
convergence in iterates through κ(k) = ‖u(k+1)−u(k)‖2/‖u(k)−u(k−1)‖2 as done in Figure 6.

For the simple model of a car, in Figure 6, we observe that the convergence rate in
iterations of these algorithms remain close to 1 for many iterations (the x-axis in Figure 6
is in reverted log-scale). This rate suddenly drops close to convergence akin to a local
quadratic local convergence. This shows that the main difficulty of the problem arises for
a long first phase of slow convergence.

Surjectivity of the Jacobian. The sufficient condition for convergence (3) to global
minima can be assessed by computing the minimal singular value σmin(∇f [τ ](u(k))) of the
transpose Jacobian of the control of τ steps of the discrete dynamics. In Figure 7, we
plot this minimal singular value along the iterations of the ILQR and IDDP algorithms.
We consider discrete dynamics defined as the control in k = 2 and k = 3 steps of the
discretization of the continuous dynamics of, respectively, the pendulum and the simple
model of a car. Considering discrete dynamics in multiple steps amount to the subsampling
of the costs presented in previous experiments.

We observe in Figure 7 that σmin(∇f [τ ](u(k))) is small yet bounded away from 0 along
the iterations. This result concurs with the convergence to global minimal costs of these
algorithms observed in the right panels of Figure 4 and Figure 5.
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6. Related Work

Nonlinear control approaches. Nonlinear control problems of the form (1) stem from
the discretization of generic optimal control problems in continuous time of the form

min
x(·),u(·)

∫ T

0
h(x(t), u(T )) + hT (x(T )) (46)

subject to ẋ(t) = f(x(t), u(t)), x(0) = x̄0.

Continuous optimal control problems of the form (46) can be tackled in various ways (Diehl
et al., 2006). One can approach the problem from a dynamic programming perspective
to derive the Hamilton-Jacobi-Bellman equation, a partial differential equation in state
space (Lions, 1982). Alternatively, one can derive necessary optimality conditions for (46)
to derive a boundary value problem. Such a method is referred to as an indirect method
and amounts to an “optimize then discretize” approach (Farshidian et al., 2017). Finally,
problem (46) can be tackled by direct methods that consider finite dimensional approxi-
mations of the original infinite dimensional problem (46). Direct methods amount to a
“discretize then optimize” approach (Diehl et al., 2006), they can further be split into dif-
ferent approaches. First, one may consider a finite representation of the continuous control
u(t) as piecewise constant functions whose values q1, . . . , qτ at each piece define the finite
number of degrees of freedom. The problem still involves an ODE in the state variable,
ẋ(t) = f(x(t), uq1:τ (t)), albeit a simpler one. Tackling the problem with such a partial dis-
cretization is referred to as a single shooting method (Diehl et al., 2006; Bock and Plitt,
1984). Collocation methods (Von Stryk, 1993) consider discretizing both the states and
controls, leading to a formulation like (1), that can benefit from advanced numerical in-
tegration methods. Finally, multiple shooting (Diehl et al., 2006; Bock and Plitt, 1984)
combines both approaches. The system is split in multiple windows and for each window
a single shooting method is used. We focus solely on the resulting discrete time nonlinear
control problems (1) and refer the interested reader to, e.g., Rawlings et al. (2017, Section
8.5) for an overview of the approaches mentioned above.

Nonlinear control with local approximations and iterative refinements. One of
the first approaches for nonlinear discrete time control problems (1) appear to be the Differ-
ential Dynamic Programming (DDP) methods developed by Mayne (1966); Jacobson and
Mayne (1970); Mayne and Polak (1975). Its principle is to apply a dynamic programming
procedure to the nonlinear system. The associated Bellman equation is approximately
solved by considering its quadratic approximation around the current trajectory. A set
of policies is computed along this process and applied to the original dynamics as if the
true solutions of the Bellman equations were found. A modern account is provided in the
companion paper (Roulet et al., 2024) for reference; see also Liao and Shoemaker (1992).
Numerous variants of DDP have been developed to account for constraints or noise in the
dynamics (Li and Todorov, 2004; Tassa et al., 2007, 2014; Giftthaler et al., 2018). Among
those, IDDP, a.k.a. iLQR, can be seen to follow the same principle as DDP except that
linear-quadratic approximations à la Gauss-Newton are used in place of the quadratic ap-
proximations of the Bellman equation akin to Newton’s method.

DDP approaches differ from the implementation of classical optimization algorithms
such as a Newton, quasi-Newton or Gauss-Newton method for discrete nonlinear control
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problems. Bock (1983); Bock and Plitt (1984) first presented such approaches referred to
as direct multiple shooting. Detailed and efficient implementations of Newton’s method
exploiting the dynamical structure of the problem were presented by Pantoja (1988); Dunn
and Bertsekas (1989). A linear algebraic viewpoint on these implementations was presented
by Wright (1990, 1991a), that enabled the use of fast linear solvers exploiting the structure of
nonlinear control problems (Wright, 1991b; Jerez et al., 2011; Rao et al., 1998). In particular,
Wright (1991a) presents alternative resolutions of the linear quadratic subproblem using a
“Riccati-like” recursion that slightly differs from the resolution by dynamic programming
presented here. Wright (1991a) further developed parallel implementations of algorithms
solving the LQR problems. We do not delve into the specific implementations of the oracles
used in ILQR or IDDP and rather focus on the global behavior of the algorithms.

This viewpoint was further generalized to handle nonlinear inequalities in model pre-
dictive control (Diehl et al., 2009) or even generic graphs of computations (Srinivasan and
Todorov, 2015). The ILQR algorithm can be seen as an instance of direct multiple shoot-
ing, namely, an instance of a generalized Gauss-Newton method (Sideris and Bobrow, 2005)
which uses linear-quadratic approximations of the problem decomposed along the dynamics.

Detailed implementations of the DDP (quadratic approximation of Bellman equation),
the IDDP (linear-quadratic approximation of Bellman equation), Newton (quadratic ap-
proximation of the objective) and the ILQR (linear-quadratic approximation of the objec-
tive) approaches are presented in the companion paper (Roulet et al., 2024) to highlight
their common points and differences.

The decomposition of the problem at several scales by means of some quadratic ap-
proximations have also been developed and studied by Messerer et al. (2021); Frasch et al.
(2015); Verschueren et al. (2016); Houska and Diehl (2013).

Convergence analysis of Gauss-Newton methods. Regularized Gauss-Newton meth-
ods, a.k.a. Levenberg-Marquardt methods (Moré, 1978), have been extensively studied (Ya-
mashita and Fukushima, 2001; Fan and Yuan, 2005; Dan et al., 2002; Zhao and Fan, 2016;
Bergou et al., 2020). Global convergence to stationary points at a polynomial rate is estab-
lished by, e.g., Bergou et al. (2020, Theorem 3.1). The results may be extended, provided
that the non-linear mappings have surjective Jacobians (Ueda and Yamashita, 2010, Corol-
lary 2.1). Our approach improves on previous results with polynomial rates and our com-
plexity bounds provide explicit dependencies on the initial gap and the region of quadratic
convergence. We also depart from previous results using error bounds, such as the ones
of Bergou et al. (2020, Assumption 4.2) and Yamashita and Fukushima (2001, Eq. (1.6)),
in that our assumption on surjective Jacobians is stronger than an error bound.

Closer to our approach is the work of Nesterov (2007) where the assumption of surjec-
tive Jacobians is used to provide global convergence guarantees of a modified Gauss-Newton
method also known as the prox-linear method (Drusvyatskiy and Paquette, 2019) for nonlin-
ear fitting. Nesterov (2007) argues in favor of least un-squared norms methods, as opposed
to least squared norms methods, by reasoning in terms of condition numbers irrespective
of local subroutine computational complexity. In contrast, we consider twice differentiable
costs, for which we build a quadratic model, leading to generalized Gauss-Newton methods.
In nonlinear control, generalized Gauss-Newton oracles can be implemented efficiently by
exploiting the dynamical structure of the problem, while modified Gauss-Newton method
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oracles may require a computationally expensive line-search. Messerer et al. (2021) con-
sidered also convergence of generalized Gauss-Newton methods. However, Messerer et al.
(2021) analyzes such algorithms without regularization, nor linesearch or trust-region tech-
niques, resulting in possibly divergent algorithms or only local convergence guarantees. By
adding a regularization scheme, we are able to ensure global convergence, and to provide
practical guidance on the choice of regularization (Algorithm 2). Baumgärtner et al. (2023)
also considered the local convergence properties of ILQR, IDDP to determine that they
share the same linear convergence rate locally. We consider more general convergence prop-
erties towards stationary points, or global minima given additional assumptions. Finally,
our results are quantitative, relating the region of quadratic convergence to the smallest
singular value of the transposed Jacobian.

As mentioned earlier, a Newton’s method could just as well be implemented to exploit
the dynamical structure of the problem (Dunn and Bertsekas, 1989). Several caveats lend
still in favor of a Gauss-Newton method. First, a Newton’s method (or a DDP approach)
requires computing and storing the second order information associated to the dynamics at
the intermediate states, although the storage issue can be mitigated by an adequate imple-
mentation in a differentiable programming framework (Nganga and Wensing, 2021; Roulet
et al., 2024). Second, Newton’s method does not compute a priori descent directions if the
Hessian is not positive definite. Hessian modifications (Nocedal and Wright, 2006, Section
3.4) may be necessary to ensure a descent direction such that a linesearch can be used.
On the other hand, for generic functions, Newton’s method is known to converge locally
at a quadratic rate (Nesterov, 2018), which is a priori not true for a generalized Gauss-
Newton method. Our analysis shows that in some nonlinear control problems generalized
Gauss-Newton methods can converge with such a local quadratic rate, just as observed em-
pirically. Our analysis stems in fact from considering a generalized Gauss-Newton method
as an approximate Newton method in the space of the trajectories which enable us to re-
cover the fast local rate of convergence of Newton’s method by appropriately controlling
the approximation error.

Convergence analysis of differentiable dynamic programming methods. Previ-
ous work mainly focused on local convergence guarantees (Mayne and Polak, 1975; Mur-
ray and Yakowitz, 1984; Liao and Shoemaker, 1991) or convergence guarantees towards
controls satisfying first-order necessary optimality conditions (Polak, 2011). The local
quadratic convergence analysis of DDP is based on viewing DDP as an approximate Newton
method (Pantoja, 1988; Di and Lamperski, 2019). An alternative proof of local quadratic
convergence (Liao and Shoemaker, 1991) and an approach based on the method of strong
variations (Mayne and Polak, 1975) are also worth mentioning. Previous work (Pantoja,
1988; Di and Lamperski, 2019) considers additional costs on the control variables and as-
sumes that the Hessian of the overall objective (2) is invertible; see (Pantoja, 1988, Theorem
4.1) or (Di and Lamperski, 2019, Assumption 2.2). In contrast to previous work, we do
not consider additional costs on the control variable, and we consider the IDDP algorithm
which uses linear-quadratic approximations developed by Tassa et al. (2012) and extended
by Giftthaler et al. (2018). The IDDP algorithm benefits from a smaller per-iteration cost
compared to DDP, as IDDP does not require computing intermediate second-order infor-
mation associated to the dynamics.
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Sufficient conditions for convergence to global minima. Discrete time nonlinear
control problems of the form (2) stem from the time discretization of continuous time
problems. Necessary optimality conditions for the continuous time control problems are
characterized by Pontryagin’s maximum principle (Pontryagin et al., 1963). However, these
optimality conditions cannot be used for the discretized problems since Pontryagin varia-
tions in finite dimensional space do not exist (Polak, 2011). Necessary optimality conditions
can be derived from the Karush-Kuhn-Tucker conditions for problem (2), which are equiv-
alent to first order optimality conditions of the objective in terms of control variables.
Sufficient optimality conditions for the continuous time nonlinear control problem were also
derived by Mangasarian (1966); Arrow (1968); Kamien and Schwartz (1971). We translate
these conditions for the discrete time nonlinear control problem in Appendix B. Unfortu-
nately, such conditions require convexity assumptions of implicitly defined functions that
seem difficult to verify in practice. We argue in Section 3.2 that our assumption (3) can be
verified on simple instances.

Our assumption is based on analyzing the gradient dominating property of the objec-
tive of problem (2) in terms of the properties of the dynamic. The gradient dominating
property was introduced by Polyak (1964);  Lojasiewicz (1963) as a sufficient condition to
ensure convergence of gradient descent to global minima. Here, we exploit this property to
ensure global and local quadratic convergence to global minima of a regularized generalized
Gauss-Newton algorithm. From a nonlinear control viewpoint, our assumption translates
as the controllability of the discrete linearized trajectories in one step. In a similar spirit,
a controllability assumption on the discrete linearized trajectories in several steps was con-
sidered to analyze the local convergence of MPC controllers by Na and Anitescu (2020,
Assumption 2) following Xu and Anitescu (2019). Compared to Xu and Anitescu (2019);
Na and Anitescu (2020), we consider global convergence results to minimizers, which jus-
tifies a stronger assumption. In addition, compared to Xu and Anitescu (2019); Na and
Anitescu (2020), we formally relate our condition to feedback linearization schemes well un-
derstood in continuous time (Isidori, 1995; Sontag, 2013) and further developed in discrete
time by Jakubczyk and Sontag (1990); Jakubczyk (1987); Jayaraman and Chizeck (1993);
Aranda-Bricaire et al. (1996); Belikov et al. (2017). In particular, we exploit the existence of
a feedback linearization scheme by considering a multi-rate sampling scheme to ensure our
sufficient condition. Using multi-rate sampling was proposed in the early work of Grizzle
and Kokotovic (1988) on discrete time feedback linearization schemes.

We consider only understanding the performance of two popular algorithms, ILQR and
IDDP. Several variants can be considered. In particular, given the surjectivity of the Jaco-
bian of the dynamics (3), the problem may also be rephrased as a feasibility problem and
tackled differently. Namely, the minimizers x∗t of the costs ht could be computed offline,
and the problem would reduce to fit a nonlinear model of the states, here described by the
trajectories given by the dynamics, to the minimizers x∗t . Such feasibility problems may be
tackled for example by penalty method as done by Kim and Wright (2016). However, such
penalty methods may dismiss the dynamical structure of the problem. Moreover, ILQR or
IDDP methods can tackle the original problem at once, rather than deriving a two-stage
method consisting in computing first the minimizers of the costs.
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7. Conclusion

We have detailed computational complexities of the ILQR and IDDP algorithms for discrete
time nonlinear control problems (1, 2). Our analysis decomposes at several scales. At the
scale of the whole trajectory, the problem can be summarized as a compositional objective
and analyzed as a Gauss-Newton type algorithm. The trajectories can be detailed at the
scale of the dynamic, which reveals the low computational cost of the optimization oracles.
Finally, the dynamics can further be detailed in terms of the discretization scheme in order
to ensure sufficient conditions for convergence of the algorithms towards global optima.

The sufficient conditions for global convergence are restricted to problems without costs
or constraints on the control variables. Moreover, they may not be applicable in usual
scenarios with costs that are not subsampled. As future work, one may analyze constraints
on the control variables while ensuring a gradient dominating-like property on the objective.
Analyzing further the links between feedback linearization schemes and sufficient conditions
for global optimality may also reveal the impact of the discretization stepsize on the overall
condition number of the problem.
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Appendix A. Index of Constants

Table 1 presents an index of the constants used in the main results of the paper in Section 4
with their units. We denote the unit of the control variables, the states and the costs as,
respectively, u, x and h and use 1 if the constant has no dimension.

Note that all constants are rooted in assumptions about the dynamic f and the indi-
vidual costs ht of problem (2). In particular, constants governing the compositional prob-
lem (24) defined by the total cost h and the control g in τ steps of f for fixed initial state
(see (24) and Def. 5), are all explicitly given in terms of the constants of f , ht. Moreover,
note that the constants governing the dynamic f can be further decomposed by considering
the dynamic as the control in k of a dynamic as presented in Section 3.2.

For simplicity, we present only the strongly convex case. For the gradient dominating
case with exponent r 6= 1/2 we refer the reader to Theorem 13. For the local convergence,
constants σ, l, L, θh can be defined without strong convexity as presented in Assumption 17.

Appendix B. Optimality Conditions

B.1 Necessary Optimality Conditions

We recall necessary optimality conditions for nonlinear control problems in continuous and
discrete time to underline their discrepancies. The problem we consider in continuous time
is

min
x∈C1([0,1],Rnx )
u∈C([0,1],Rnu )

∫ 1

0
h(x(t), u(t), t)dt+ h(x(1), 1) (47)

subject to ẋ(t) = ψ(x(t), u(t), t), for t ∈ [0, 1] x(0) = x̄0,

where C([0, 1],Rd) and C1([0, 1],Rd) denote the set of continuous and continuously differen-
tiable functions from [0, 1] onto Rd respectively, and we assume ψ and h to be continuously
differentiable. By using an Euler discretization scheme with discretization stepsize ∆ = 1/τ ,
we get the discrete time control problem

min
x0,...,xτ∈Rnx
u0...,uτ−1∈Rnu

τ−1∑
t=0

ht(xt, ut) + hτ (xτ ) (48)

subject to xt+1 = xt + ψt(xt, ut), for t ∈ {0, . . . , τ − 1}, x0 = x̄0,

where xt = x(∆t), ut = u(∆t), ht = ∆h(·, ·,∆t), hτ = h(·, 1), ψt = ∆ψ(·, ·,∆t). Compared
to problem (1), we have xt + ψt(xt, ut) = ft(xt, ut).

Continuous time necessary optimality condition. Necessary optimality conditions
for the continuous time control problem are known as Pontryagin’s maximum principle,
recalled below. See Arutyunov and Vinter (2004) for a recent proof and Lewis (2006) for a
comprehensive overview.

Theorem 26 (Pontryagin’s maximum principle (Pontryagin et al., 1963)) Define
the Hamiltonian associated with problem (47) as

H(x(t), u(t), λ(t), t) = λ(t)>ψ(x(t), u(t), t)− h(x(t), u(t), t).
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Notation Definition Interpretation Unit

σf infx,u σmin(∇uf(x, u)) Surj. param. of v → ∇uf(x, u)>v x/u
lxf supu lf(·,u) Lip. cont. of f(·, u) for any u 1

luf supx lf(x,·) Lip. cont. of f(x, ·) for any x x/u

Lxxf supu l∇xf(·,u) Bound on ‖∇xxf2(x, u)‖ 1/x

Luuf supx l∇uf(x,·) Bound on ‖∇uuf2(x, u)‖ x/u2

Lxuf supx l∇uf(·,u) Bound on ‖∇xuf2(x, u)‖ 1/u

σg, σf [τ ] σf/(1 + lxf ) Lower bound on σmin(∇f [τ ](x0,u)) x/u

lg, lf [τ ] lufS Lip. cont. of f [τ ](x0, u) x/u

Lg, Lf [τ ] Lxxf (lufS)
2+2Lxuf lufS+Luuf S Lip. cont. of ∇uf [τ ](x0, u) x/u2

S
∑τ−1
t=0 (lxf )t Auxiliary constant 1

µh infx σmin(∇2ht(x)) Strong convexity param. of the costs h/x2

Lh supx σmax(∇2ht(x)) Lip. cont. of gradients of the costs h/x2

Mh l∇2ht Lip. cont. of Hessians of the costs h/x3

ρg lg/σg Cond. nb of ∇g(u) 1
ρh Lh/µh Cond. nb of the costs 1

θh, ϑh Mh/(2µ
3/2
h ) Self-concordance of the costs 1/

√
h

θg Lg/(σ
2
g
√
µh) Scaling param. for g 1/

√
h

β Mhl
2
g/(3LgLh) Cond. nb for global conv. of ILQR 1

α 4ρ2gρh(β + 1) Cond. nb for global conv. of ILQR 1

l
√
Lhlg Lip. cont. of g w.r.t. h in Asm. 11

√
h/u

L
√
LhLg Lip. cont. of grad. of g w.r.t. h in Asm. 11

√
h/u2

σ
√
µhσg Surj. param. of g w.r.t. h

√
h/u

% l/σ =
√
ρhρg Cond. nb of g w.r.t. h 1

ϑg L/σ2 =
√
ρhθg Scaling param. of g w.r.t. h 1/

√
h

η See Corollary 51
Relative bound btw DDP & LQR:
‖DDPν(J )(u)−LQRν(J )(u)‖2

‖LQRν(J )(u)‖22
≤η 1/u

χ lgη/Lg Factor of smoothness for IDDP 1

Table 1: Index of constants used in the paper.
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A trajectory x ∈ C1([0, 1],Rnx) and a control function u ∈ C([0, 1],Rnu) are optimal if there
exists λ ∈ C1([0, 1],Rnx) such that

ẋ(t) = ∇λ(t)H(x(t), u(t), λ(t), t) for all t ∈ [0, 1], (C1)

with x(0) = x̄0

λ̇(t) = −∇x(t)H(x(t), u(t), λ(t), t) for all t ∈ [0, 1], (C2)

with λ(1) = −∇x(1)h(x(1), 1)

H(x(t), u(t), λ(t), t) = max
u∈Rnu

H(x(t), u, λ(t), t) for all t ∈ [0, 1]. (C3)

Discrete time necessary optimality conditions. In comparison, necessary optimality
conditions for the discretized problem (48) are given by considering the Karush-Kuhn-
Tucker conditions of the problem, or equivalently by considering a sequence of controls such
that the gradient of the objective is null (Bertsekas, 2016).

Lemma 27 Define the Hamiltonian associated with problem (48) as

Ht(xt, ut, λt+1) = λ>t+1ψt(xt, ut)− ht(xt, ut)

A trajectory x0, . . . , xτ ∈ Rnx and a sequence of controls u0, . . . , uτ−1 ∈ Rnu are optimal if
there exists λ1, . . . , λτ ∈ Rnx such that

xt+1 − xt = ∇λt+1Ht(xt, ut, λt+1) for all t ∈ {0, . . . , τ − 1}, with x0 = x̄0 (D1)

λt+1 − λt = −∇xtHt(xt, ut, λt+1) for all t ∈ {1, . . . , τ − 1}, with λτ = −∇hτ (xτ )
(D2)

0 = ∇utHt(xt, ut, λt+1) for all t ∈ {0, . . . , τ − 1}. (D3)

Proof Necessary optimality conditions are given by considering stationary points of the La-
grangian (Bertsekas, 2016). The Lagrangian of problem (48) is given for λ = (λ1; . . . ;λτ )>,
x = (x1; . . . ;xτ ), u = (u0; . . . ;uτ−1) as, for x0 = x̄0 fixed,

L(x,u,λ) =

τ−1∑
t=0

ht(xt, ut) +

τ−1∑
t=0

λ>t+1(xt+1 − xt − ψt(xt, ut)) + hτ (xτ )

=

τ−1∑
t=0

ht(xt, ut) +

τ−1∑
t=1

(
x>t (λt − λt+1)− λ>t+1ψt(xt, ut)

)
+ hτ (xτ ) + λ>τ xτ − λ>1 (x0 + ψ0(x0, u0)).

We have then, for t ∈ {0, . . . , τ − 1},

∇λt+1L(x,u,λ) = 0 ⇐⇒ xt+1 − xt = ψt(xt, ut)

= ∇λt+1Ht(xt, ut, λt+1),

∇utL(x,u,λ) = 0 ⇐⇒ 0 = −∇utψt(xt, ut)λt+1 +∇utht(xt, ut)
= −∇utHt(xt, ut, λt+1),
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We have, for t ∈ {1, . . . , τ − 1},

∇xtL(x,u,λ) = 0 ⇐⇒ λt+1 − λt = −∇xtψt(xt, ut)λt+1 +∇xtht(xt, ut)
= −∇xtHt(xt, ut, λt+1),

Finally, for t = τ , we have ∇xτL(x,u,λ) = 0 ⇐⇒ ∇hτ (xτ ) + λτ = 0.

Common points and discrepancies between continuous and discrete time. The
first two necessary optimality conditions (D1) and (D2) for the discretized problem corre-
spond to the discretizations of the first two necessary optimality conditions (C1) and (C2)
for the continuous time problem. The third condition differs since, in discrete time, the
control variables only need to be stationary points of the Hamiltonian. One may wonder
whether condition (D3) could be replaced by a stronger necessary optimality condition of
the form

ut ∈ arg max
u∈Rnu

Ht(xt, ut, λt+1). (D4)

If the Hamiltonian is convex w.r.t. to the control variable, i.e., Ht(xt, ·, λt+1) is concave.
If, e.g., the costs ht(xt, ·) are convex and if the dynamics are affine input of the form
ψt(xt, ut) = at(xt)+Bt(xt)ut, then condition (D3) is equivalent to condition (D4). However,
generally, condition (D4) is not a necessary optimality condition for the discrete-time control
problem as shown in the counter-example 2.

Example 2 Consider the continuous time control problem

min
x(t),u(t)∈C([0,1],R)

∫ 1

0
(ax(t)2 − u(t)2)dt+ ax(1)2

subject to ẋ(t) = u(t), x(0) = 0,

for some a > 0 and the associated discrete time control problem, for an Euler scheme with
discretization ∆ = 1/τ ,

min
x0,...,xτ∈R
u0,...,uτ−1∈R

τ−1∑
t=0

∆(ax2t − u2t ) + ax2τ

subject to xt+1 = xt + ∆ut, x0 = 0.

The Hamiltonians in continuous time, H(x(t), u, λ(t)) = λ(t)>u + u2 − ax(t)2, and in
discrete time, Ht(xt, ut, λt+1) = ∆λ>t+1u+ u2− ax2t , are both strongly convex in u such that
neither condition (C3) nor (D4) can be satisfied.

According to Theorem 26, this means that the continuous time control problem has no
solution. This can be verified by expressing the continuous time control problem uniquely in
terms of the trajectory x(t) as

min
x(t):x(0)=0

{
C(x) =

∫ 1

0
(ax(t)2 − ẋ(t)2)dt+ ax(1)2

}
.
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By considering functions of the form xk(t) = exp(tk)−1, we observe that the corresponding
costs are unbounded below, namely, C(xk) ≤ 2a(exp(1)−1)2−k2/(2k−1) →

k→+∞
−∞ which

shows that the problem is unbounded below and has no minimizer.

On the other hand, the discrete time control problem can be expressed in terms of the
control variables as

min
u∈Rτnu

a∆2u>D−>JD−1u−∆‖u‖22,

where J = diag(∆, . . . ,∆, 1), D = I−∑τ−1
t=1 et+1e

>
t . We have, using that ∆ < 1 for the first

inequality, u>D−>JD−1u ≥ ∆‖D−1u‖22 ≥ ∆σmin(D−1)2‖u‖22 = ∆‖u‖22/‖D‖22 ≥ ∆‖u‖22/4.
Hence, for any a such that a∆2/4 > 1, the above problem is strongly convex and has a
unique solution. Yet, if condition (D4) was necessary the discrete control problem should
not have a solution since condition (D4) cannot be satisfied.

Alternative derivation. Necessary optimality conditions for the discretized problem (1)
can be derived from Lemma 27 using the correspondence xt+ψt(xt, ut) = ft(xt, ut). We can
also derive the necessary optimality conditions simply by considering a sequence of control
variables u = (u0; . . . ;uτ−1) that minimize the objective J defined in (4).

Namely, the gradient of the objective J on u = (u0; . . . ;uτ−1) can be obtained by
gradient back-propagation as follows. First the states corresponding to the control variables
are computed in a forward pass

xt+1 = ft(xt, ut), for t ∈ {0, . . . , τ − 1}

starting from x0 = x̄0. Then the gradients ∇J (u) = (g0; . . . ; gτ−1) are computed in a
backward pass as

λτ = ∇hτ (xτ ),

λt = ∇xtft(xt, ut)>λt+1 +∇xtht(xt, ut), for t ∈ {0, . . . , τ − 1},
gt = ∇utft(xt, ut)>λt+1 +∇utht(xt, ut), for t ∈ {0, . . . , τ − 1}.

One easily verifies then that having gt = 0 for all t ∈ {0, . . . , τ − 1} correspond to the
optimality conditions presented in Lemma 27 with the correspondence xt + ψt(xt, ut) =
ft(xt, ut).

B.2 Sufficient Optimality Conditions

Sufficient optimality conditions can also be derived following sufficient optimality conditions
in continuous time presented by Mangasarian (1966); Arrow (1968); Kamien and Schwartz
(1971). We start by rewriting problem (1) as

min
x0,...,xτ∈Rnx
δ0,...,δτ−1∈Rnx

τ−1∑
t=0

mt(xt, δt) + hτ (xτ ), where mt(xt, δt) = inf
u∈Rnu

δt=f(xt,ut)−xt

ht(xt, u) (49)

subject to δt = xt+1 − xt, x0 = x̄0.
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Sufficient conditions can be expressed through the true Hamiltonian, presented by Clarke
(1979), and defined as the convex conjugate of mt(xt, ·), i.e., for xt, λt+1 ∈ Rnx ,

H̄t(xt, λt+1) = sup
δ∈Rnx

λ>t+1δ −mt(xt, δ)

= sup
u∈Rnu

λ>t+1(f(xt, ut)− xt)− ht(xt, u)

= sup
u∈Rnu

Ht(xt, u, λt+1),

where

Ht(xt, ut, λt+1) = λ>t+1(ft(xt, ut)− xt)− ht(xt, ut)

is the Hamiltonian associated with problem (1).

Theorem 28 Assume that mt defined in (49) is such that mt(xt, ·) is convex for any xt
and hτ is convex. If there exist x∗0, . . . , x

∗
τ and λ∗1, . . . , λ

∗
τ such that H̄t(·, λ∗t+1) is concave

and

λ∗t − λ∗t+1 ∈ ∂xtH̄t(x
∗
t , λ
∗
t+1) for t ∈ {1, . . . , τ − 1}, λ∗τ = ∇hτ (x∗τ ) (50)

x∗t+1 − x∗t ∈ ∂λt+1H̄t(x
∗
t , λ
∗
t+1) for t ∈ {0, . . . , τ − 1}, x∗0 = x̄0, (51)

then x∗0, . . . , x
∗
τ is an optimal trajectory for (49). Conditions (50) and (51) amount to the ex-

istence of u∗t ∈ arg maxu∈Rnu λ
>
t+1(f(xt, ut)−xt)−ht(xt, u), v∗t ∈ arg maxv∈Rnu λ

>
t+1ψt(xt, v)−

ht(xt, v) such that

λ∗t − λ∗t+1 = ∇xtψt(x∗t , v∗t )λ∗t+1 −∇xtht(x∗t , v∗t ), x∗t+1 − x∗t = ψt(x
∗
t , u
∗
t ).

Proof Since mt(xt, ·) is convex for any xt, problem (49) can be rewritten

min
x1,...,xτ∈Rnx

x0=x̂0

sup
λ1,...,λτ∈Rnx

τ−1∑
t=0

(
λt+1

>(xt+1 − xt)− H̄t(xt, λt+1)
)

+ hτ (xτ ). (52)

The above problem can be written as minx∈Rτnx supλ∈Rτnx c(x,λ) with c(x, ·) concave for
any x. The assumptions amount to consider x∗,λ∗ such that (i) 0 ∈ ∂λ∗c(x

∗,λ∗), (ii)
c(·,λ∗) convex and 0 ∈ ∂x∗c(x∗,λ∗). Then for any x ∈ Rτnx ,

sup
λ∈Rτnx

c(x,λ) ≥ c(x,λ∗)
(ii)

≥ c(x∗,λ∗)
(i)
= sup
λ∈Rτnx

c(x∗,λ).

Hence, x∗ ∈ arg minx∈Rτnx supλ∈Rτnx c(x,λ), that is, x∗0, . . . , x
∗
τ is an optimal trajectory.

Theorem 28 provides generic sufficient optimality conditions for problem of the form (1)
inspired by the continuous time viewpoint. However, as noted by Polak (2011), optimality
conditions in continuous time may not be informative for discrete time counterparts. This is
illustrated here by the difficulty to verify convexity ofmt(xt, ·) or the concavity of H̄t(·, λ∗t+1).
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Appendix C. Generic Convergence Results

In this section, we present the convergence analysis for generic problems of the form (1),
recalled below.

min
u0,...,uτ−1∈Rnu
x0,...,xτ∈Rnx

τ−1∑
t=0

ht(xt, ut) + hτ (xτ ) (53)

subject to xt+1 = ft(xt, ut) for t ∈ {0, . . . , τ − 1}, x0 = x̄0.

We decompose the problem in a composition by defining first the control of τ discrete
dynamics below.

Definition 29 We define the control of τ discrete time dynamics (ft : Rnx×Rnu → Rnx)τ−1t=0

as the function f [τ ] : Rnx × Rτnu → Rτnx, which, given an initial point x0 ∈ Rnx and
a sequence of controls u = (u0; . . . ;uτ−1) ∈ Rτnu, outputs the corresponding trajectory
x1, . . . , xτ , i.e.,

f [τ ](x0,u) = (x1; . . . ;xτ ) (54)

s.t. xt+1 = ft(xt, ut) for t ∈ {0, . . . , τ − 1}.

We consider then the cost of a sequence of control variables u = (u0; . . . ;uτ−1) ∈ Rτnu and
associated trajectory x = (x1; . . . ;xτ ) ∈ Rτnx , as

h(x,u) =
τ−1∑
t=0

ht(xt, ut) + hτ (xτ ).

Problem (53) amounts then to a compositional problem of the form

min
u∈Rτnu

J (u), for J (u) = h(g(u)), g(u) = (f [τ ](u, x̄0),u) (55)

We make the following regular smoothness assumptions.

Assumption 30 We consider all costs ht to be lh Lipschitz continuous, with Lh Lipschitz
continuous gradients and Mh Lipschitz continuous Hessians, then the cost function h is lh
Lipschitz continuous, with Lh Lipschitz continuous gradients and Mh Lipschitz continuous
Hessians.

We consider the dynamics to be Lipschitz-continuous with Lipschitz-continuous Jaco-
bians such that the control f [τ ] of these dynamics is lf [τ ] Lipschitz continuous with Lf [τ ]
Lipschitz continuous Jacobians as detailed in Lemma 36. The augmented function g is then

lg =
√
l2
f [τ ]

+ 1 Lipschitz continuous with Lg =
√
L2
f [τ ]

+ 1 Lipschitz continuous Jacobians.

Note: The notations h,J , g used in Appendix C for problems of the form (53) pertain
only to Appendix C, Lemma 48 and Corollary 49. In particular, the definition of g and its
smoothness properties differ here than from the main text (see (24)).
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C.1 Generic Convergence Results for ILQR

As explained in the main text for the problem without control costs (Section 4), the ILQR
algorithm amounts to linearizing g and taking a quadratic approximation of h such that,
provided that the minimum exists,

LQRν(J )(u) = arg min
v∈Rτnu

q
g(u)
h (`ug (v)) +

ν

2
‖v‖22

= −(∇g(u)∇2h(g(u))∇g(u)> + ν I)−1∇g(u)∇h(g(u)), (56)

where `ug and q
g(u)
h are the linear and quadratic expansions of, respectively, the control in

τ steps around u and the total costs around g(u). In other words the ILQR algorithm
is a generalized Gauss-Newton algorithm that exploits the compositional structure of the
problem. Lemma 31 below presents then the convergence to stationary point of the ILQR
algorithm from the lens of a generalized Gauss-Newton algorithm. Lemma 32 presents local
convergence guarantees.

Lemma 31 Under assumption 30, provided that the regularization ν satisfies

ν ≥ max

{
2l2gLh,

Lglh
2

γ

(
Lglh

4Lhlg(1 + β)

)}
,

for γ(x) = 1 +
√

1 + 1/x and β = Mhl
2
g/(3LgLh), the iterations of the ILQR algorithm

satisfy

min
k∈{0,...,K}

‖∇J (u(k))‖2 ≤

√
2(l2gLh + ν)

(
J (u(0))−minu∈Rτnu J (u)

)
K + 1

,

for J , h, g defining the objective in (55).

Proof Using Lemma 40 adapted to Assumption 30, we have that for any u,v ∈ Rτnu ,

(h ◦ g)(u+ v) ≤ (h ◦ g)(u) + q
g(u)
h ◦ `ug (v) +

a1 + a2‖v‖2
2

‖v‖22,

for a1 = Lglh, a2 = Mhl
3
g/3 + LgLhlg. For ν > l2gLh the minimizer in (56) is uniquely

defined. The oracle v = LQRν(J )(u) satisfies then ‖v‖2 ≤ lglh/ν. For ν ≥ a1(1 +√
1 + 4a2lglh/a

2
1)/2, we have a1 + a2lglh/ν ≤ ν. Expanding a1, a2, the condition ν ≥

a1(1 +
√

1 + 4a2lglh/a
2
1)/2 reads

ν ≥ Lglh
2

γ

(
Lglh

4Lhlg(1 + β)

)
for γ(x) = 1 +

√
1 + 1/x and β = Mhl

2
g/(3LgLh). Then, for v = LQRν(J )(u), we have

(h ◦ g)(u+ v) ≤ (h ◦ g)(u) + q
g(u)
h ◦ `ug (v) +

ν

2
‖v‖22

= (h ◦ g)(u)− 1

2
∇(h ◦ g)(u)>(∇g(u)∇2h(g(u))∇g(u)> + ν I)−1∇(h ◦ g)(u)

≤ (h ◦ g)(u)− 1

2(l2gLh + ν)
‖∇(h ◦ g)(u)‖22.
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We have then in terms of the ILQR iterations,

1

2(l2gLh + ν)
‖∇(h ◦ g)(u(k))‖22 ≤ (h ◦ g)(u(k))− (h ◦ g)(u(k+1)).

Summing over k = 0, . . . ,K − 1 and taking the minimum on the left-hand side gives the
result.

Lemma 32 Consider Assumption 30. Assume in addition that the dynamics are twice
differentiable with Lipschitz-continuous Hessian such that J = h ◦ g has MJ -Lipschitz
continuous Hessians. Consider u(k) to be close to a minimum u∗ of J = h ◦ g satisfying
µJ = λmin(∇2J (u∗)) > 0. If ‖u(k) − u∗‖2 ≤ µJ /MJ , and the regularization satisfies

ν ≥ κJ max{5Lhl2g , 8LJ },

for κJ = LJ /µJ , then the iterations of the ILQR algorithm converge linearly to u∗ as

‖u(k+1) − u∗‖2 ≤
(

1− µJ
16ν

)
‖u(k) − u∗‖2.

Proof Denote R = ‖u(k)−u∗‖2 and H =
∫ 1
0 ∇2J (u∗+t(u(k)−u∗))dt such that∇J (u(k)) =

∇J (u(k))−∇J (u∗) = H(u(k) − u∗). Note that (µJ /2) I ≤ (µJ −MJR/2) I � H � LJ I,
where LJ ≤ Lhl2g + Lglh is the Lipschitz continuity parameter of J = h ◦ g.

Denote P = ∇g(u)∇2h(g(u))∇g(u)> + ν I. We have

‖u(k+1) − u∗‖22 ≤ ‖u(k+1) − u(k)‖22 + (u(k+1) − u(k))>(u(k) − u∗) + ‖u(k) − u∗‖22
≤ ‖P−1H(u(k) − u∗)‖22 − (u(k) − u∗)>HP−1(u(k) − u∗) + ‖u(k) − u∗‖22
≤ (1 + L2

J ν
−2)‖u(k) − u∗‖22 − (u(k) − u∗)>HP−1(u(k) − u∗). (57)

Denote C = ∇g(u)∇2h(g(u))∇g(u)>. For ν such that ‖C‖2/ν < 1, we have

P−1 = ν−1(I +ν−1C)−1 = ν−1 I +ν−1
+∞∑
j=1

ν−jCj

Denoting G =
∑+∞

j=1 ν
−jCj , for ‖C‖2/ν ≤ (κ−1/4)/(1 + κ−1/4) with κ = LJ /µJ ≥ 1, we

have ‖G‖ ≤ κ−1/4. We then have

−(u(k) − u∗)>HP−1(u(k) − u∗) = −ν−1(u(k) − u∗)>H(u(k)

− u∗)− ν−1(u(k) − u∗)>GH(u(k) − u∗)

≤ −ν
−1µJ

2
‖u(k) − u∗‖22 +

ν−1LJ κ
−1

4
‖u(k) − u∗‖22

= −ν
−1µJ

4
‖u(k) − u∗‖22.
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Plugging the above equation into (57), we have that if ν satisfies in addition ν ≥ 8LJ κJ ,
the iterates of the ILQR algorithm converge linearly to u∗ as

‖u(k+1) − u∗‖22 ≤ (1 + L2
J ν
−2 − ν−1µJ /4)‖u(k) − u∗‖22 ≤

(
1− µh

8ν

)
‖u(k) − u∗‖22.

C.2 Generic Convergence Results for IDDP

We analyze the convergence of the IDDP through the lens of the ILQR algorithm. As these
two algorithms differ simply by the roll-out procedure, Lemmas 47 and 48, summarized in
Corollary 49, show that their oracles differ by at most

‖w − v‖2 ≤ ξ‖v‖22

for ξ independent of ν provided that ν is sufficiently large.

We can then show the convergence of IDDP to stationary points in Lemma 33, as well
as its local convergence behavior in Lemma 34.

Lemma 33 Under Assumption 30, provided that the regularization ν is larger than 2l2gLh
the oracle v = LQRν(J )(u) returned by the ILQR algorithm and the oracle w = LQRν(J )(u)
returned by the IDDP algorithm differ as

‖v −w‖2 ≤ ξ‖v‖22,

for ξ a constant independent of ν. Moreover, if the regularization ν satisfies

ν ≥ max

{
2l2gLh,

Lglh
2

γ

(
Lglh

4Lhlg(1 + β + β′)

)}
for γ(x) = 1 +

√
1 + 1/x and β = Mhl

2
g/(3LgLh), β′ = 2lhξ/(LhLg), the iterations of the

IDDP algorithm satisfy

min
k∈{0,...,K}

‖∇J (u(k))‖2 ≤

√
2(l2gLh + ν)

(
J (u(0))−minu∈Rτnu J (u)

)
K + 1

,

for J , h, g defining the objective in (55).

Proof To show the convergence of the IDDP, we consider selecting ν such that

J (u+w) ≤ J (u) + q
g(u)
h `ug (v) +

ν

2
‖v‖22

for w = DDPν(J )(u) and v = LQRν(J )(u). Using that costs and dynamics are Lipschitz
continuous, we have

|J (u+w)− J (u+ v)| ≤ lhlg‖w − v‖2.
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On the other hand, by Corollary 49 for ν ≥ 2Lhl
2
g , there exists a constant ξ independent of

ν such that ‖w − v‖2 ≤ ξ‖v‖22 and so

|J (u+w)− J (u+ v)| ≤ lhlgξ‖v‖22.

Now using Lemma 40 adapted to Assumption 30, we have that for any u,v ∈ Rτnu ,

J (u+ v) ≤ J (u) + q
g(u)
h ◦ `ug (v) +

a1 + a2‖v‖2
2

‖v‖22,

for a1 = Lglh, a2 = Mhl
3
g/3 + LgLhlg. Hence, we have

J (u+w) ≤ J (u) + q
g(u)
h `ug (v) +

a1 + a3‖v‖2
2

‖v‖22

for a3 = a2 + 2lhlgξ. Selecting ν ≥ a1(1 +
√

1 + 4a3lglh/a
2
1)/2, that is,

ν ≥ Lglh
2

γ

(
Lglh

4Lhlg(1 + β + β′)

)
for γ, β defined as in Lemma 31 and β′ = 2lhξ/(LhLg) ensures that a1 + a3‖v‖2 ≤ ν. So we
get that

J (u+w) ≤ J (u) + q
g(u)
h `ug (v) +

ν

2
‖v‖22.

The rest of the proof follows exactly the proof of Lemma 31.

Lemma 34 Consider Assumption 30. Assume in addition that the dynamics are twice
differentiable with Lipschitz-continuous Hessian such that J = h ◦ g has MJ -Lipschitz
continuous Hessians. Consider u(k) to be close to a minimum u∗ of J = h ◦ g satisfying
µJ = λmin(∇2J (u∗)) > 0. If ‖u(k) − u∗‖2 ≤ µJ /MJ , and the regularization satisfies

ν ≥ max{2l2gLh, 5κJLhl2g , 8κJLJ , 32ξ
L2
J

MJ
},

for κJ = LJ /µJ , then the iterations of the IDDP algorithm converge linearly to u∗ as

‖u(k+1) − u∗‖2 ≤
(

1− µJ
32ν

)
‖u(k) − u∗‖2.

Proof Given the kth iteration u(k) of the IDDP, denote

u
(k+1)
IDDP = u(k) + DDP(J )(u(k)), u

(k+1)
ILQR = u(k) + LQR(J )(u(k)),

the next iteration if the LQR or the DDP oracles are used respectively. We have using
Lemma 31 and Lemma 47,

‖u(k+1)
IDDP − u∗‖2 ≤ ‖u

(k+1)
ILQR − u∗‖2 + ξ‖LQR(J )(u(k))‖22

≤
(

1− µJ
16ν

+ ξ
L2
J
ν2
‖u(k) − u∗‖2

)
‖u(k) − u∗‖2.
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The result follows by using that ‖u(k) − u∗‖2 ≤ µJ /MJ and taking

ν ≥ 32ξLJ
MJ

.

Appendix D. Conditioning Analysis

D.1 Smoothness Estimations

To derive simple bounds on the Lipschitz-continuity constants of the trajectory function
f [τ ], we present first a compact formulation of the first and second order information of f [τ ]

with respect to the first and second order information of the dynamics (ft)
τ−1
t=0 in Lemma 35.

We require the following tensor notations in this subsection.
A tensor A = (ai,j,k)1≤i≤d,1≤j≤p,1≤k≤n ∈ Rd×p×n is represented as a list of matrices A =

(A1, . . . , An) where Ak = (ai,j,k)1≤i≤d,1≤j≤p ∈ Rd×p for k ∈ {1, . . . n}. Given A ∈ Rd×p×n
and P ∈ Rd×d′ , Q ∈ Rp×p′ , R ∈ Rn×n′ , we denote

A[P,Q,R] =

(
n∑
k=1

Rk,1P
>AkQ, . . . ,

n∑
k=1

Rk,n′P
>AkQ

)
∈ Rd

′×p′×n′ .

For A0 ∈ Rd0×p0×n0 , P ∈ Rd0×d1 , Q ∈ Rp0×p1 , R ∈ Rn0×n1 denote A1 = A0[P,Q,R] ∈
Rd1×p1×n1 . Then, for S ∈ Rd1×d2 , T ∈ Rp1×p2 , U ∈ Rn1×n2 , we have

A1[S, T, U ] = A0[PS,QT,RU ] ∈ Rd2×p2×n2 .

If P,Q or R are identity matrices, we use the symbol “ · ” in place of the identity matrix.
For example, we denote A[P,Q, In] = A[P,Q, ·] =

(
P>A1Q, . . . , P

>AnQ
)
. If P,Q or R are

vectors we consider the flattened object. In particular, for x ∈ Rd, y ∈ Rp, we denote

A[x, y, ·] =
(
x>A1y, . . . , x

>Any
)> ∈ Rn,

rather than having A[x, y, ·] ∈ R1×1×n. Similarly, for z ∈ Rn, we denote

A[·, ·, z] =
n∑
k=1

zkAk ∈ Rd×p.

We denote ‖a‖2 the Euclidean norm for a ∈ Rd, ‖A‖2,2 the spectral norm of a matrix
A ∈ Rd×p, and we define the norm of a tensorA induced by the Euclidean norm as ‖A‖2,2,2 =
supx 6=0,y 6=0,z 6=0A[x, y, z]/(‖x‖2‖y‖2‖z‖2).

We refer to the third-order tensor agglomerating all second derivatives ∂2xixjfk(x) of a

vector function f : Ra → Rb at a point x ∈ Ra as simply the Hessian of f at x ∈ Ra.

Lemma 35 Consider the control f [τ ] of τ dynamics (ft)
τ−1
t=0 as defined in Def. 29 and an

initial point x0 ∈ Rnx. For x = (x1; . . . ;xτ ) and u = (u0; . . . ;uτ−1), define

F (x,u) = (f0(x0, u0); . . . ; fτ−1(xτ−1, uτ−1)),
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such that x = f [τ ](x0,u) is the unique solution of the implicit equation x = F (x,u). The
transpose Jacobian of the control f [τ ] of the dynamics (ft)

τ−1
t=0 on u ∈ Rτnu can be written

∇uf [τ ](x0,u) = ∇uF (x,u)(I−∇xF (x,u))−1.

The Hessian of the control f [τ ] of the dynamics (ft)
τ−1
t=0 on u ∈ Rτnu can be written

∇2
uuf

[τ ](x0,u) = ∇2
xxF (x,u)[N,N,M ] +∇2

uuF (x,u)[·, ·,M ]

+∇2
xuF (x,u)[N, ·,M ] +∇2

uxF (x,u)[·, N,M ],

where M = (I−∇xF (x,u))−1 and N = ∇uf [τ ](x0,u)>.

Proof Denote simply, for u ∈ Rτnu , ϕ(u) = f [τ ](x0,u) with x0 a fixed initial state. By
definition, the function ϕ can be decomposed, for u ∈ Rτnu , as ϕ(u) = (ϕ1(u); . . . ;ϕτ (u)),
such that

ϕt+1(u) = ft(ϕt(u), E>t u) for t ∈ {0, . . . , τ − 1}, (58)

with ϕ0(u) = x0 and for t ∈ {0, . . . , τ − 1}, Et = et ⊗ Inu is such that E>t u = ut, with et
the t+ 1th canonical vector in Rτ , ⊗ the Kronecker product and Inu ∈ Rnu×nu the identity
matrix. By taking the derivative of (58), we get, denoting xt = ϕt(u) for t ∈ {0, . . . , τ} and
using that E>t u = ut,

∇ϕt+1(u) = ∇ϕt(u)∇xtft(xt, ut) + Et∇utft(xt, ut) for t ∈ {0, . . . , τ − 1}.

So, for v = (v0; . . . ; vτ−1) ∈ Rτnu , denoting ∇ϕ(u)>v = (y1; . . . ; yτ ) s.t. ∇ϕt(u)>v = yt for
t ∈ {1, . . . , τ}, we have, with y0 = 0,

yt+1 = ∇xtft(xt, ut)>yt +∇utft(xt, ut)>vt for t ∈ {0, . . . , τ − 1}. (59)

Denoting y = (y1; . . . ; yτ ), we have then

(I−A)y = Bv, i.e., ∇ϕ(u)>v = (I−A)−1Bv,

where A =
∑τ−1

t=1 ete
>
t+1 ⊗ At with At = ∇xtft(xt, ut)> for t ∈ {1, . . . , τ − 1} and B =∑τ

t=1 ete
>
t ⊗Bt−1 with Bt = ∇utft(xt, ut)> for t ∈ {0, . . . , τ − 1}, i.e.

A =



0 . . . . . . 0

A1
. . .

...

0
. . .

...
. . .

. . .
. . .

...
0 . . . 0 Aτ−1 0


, B =


B0 0 . . . 0

0
. . .

. . .
...

...
. . .

. . . 0
0 . . . 0 Bτ−1

 .

By definition of F in the claim, one easily check thatA = ∇xF (x,u)> andB = ∇uF (x,u)>.
Therefore, we get

∇uf [τ ](x0,u) = ∇ϕ(u) = ∇uF (x,u)(I−∇xF (x,u))−1.
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For the Hessian, note that for g : Rd → Rp, f : Rp → R, x ∈ Rd, we have ∇2(f ◦
g)(x) = ∇g(x)∇2f(x)∇g(x)> +∇2g(x)[·, ·,∇f(x)] ∈ Rd×d. If f : Rp → Rn, we have ∇2(f ◦
g)(x) = ∇2f(x)[∇g(x)>,∇g(x)>, ·] +∇2g(x)[·, ·,∇f(x)] ∈ Rd×d×n. Applying this on ft ◦ gt
for gt(u) = (ϕt(u), E>t u), we get from (58), using that ∇gt(u) = (∇ϕt(u), Et),

∇2ϕt+1(u) = ∇2ϕt(u)[·, ·,∇xtft(xt, ut)]
+∇2

xtxtft(xt, ut)[∇ϕt(u)>,∇ϕt(u)>, ·] +∇2
ututft(xt, ut)[E

>
t , E

>
t , ·]

+∇2
xtutft(xt, ut)[∇ϕt(u)>, E>t , ·] +∇2

utxtft(xt, ut)[E
>
t ,∇ϕt(u)>, ·],

for t ∈ {0, . . . , τ−1}, with∇2ϕ0(u) = 0. Therefore, for v = (v0; . . . ; vτ−1),w = (w0; . . . ;wτ−1) ∈
Rτnu , µ = (µ1; . . . ;µτ ) ∈ Rτnx , we get

∇2ϕ(u)[v,w,µ] =
τ−1∑
t=0

∇2ϕt+1(u)[v,w, µt+1]

=
τ−1∑
t=0

(
∇2
xtxtft(xt, ut)[yt, zt, λt+1] +∇2

ututft(xt, ut)[vt, wt, λt+1] (60)

+∇2
xtutft(xt, ut)[yt, wt, λt+1] +∇2

utxtft(xt, ut)[vt, zt, λt+1]
)
,

where y = (y1; . . . ; yτ ) = ∇ϕ(u)>v, z = (z1; . . . ; zτ ) = ∇ϕ(u)>w, with y0 = z0 = 0 and
λ = (λ1; . . . ;λτ ) ∈ Rτnx is defined by

λt = ∇xtft(xt, ut)λt+1 + µt for t ∈ {1, . . . , τ − 1}, λτ = µτ .

On the other hand, denoting Ft(x,u) = ft(xt, ut) for t ∈ {0, . . . , τ − 1}, the Hessian of F
with respect to the variables u can be decomposed as

∇2
uuF (x,u)[v,w,λ] =

τ−1∑
t=0

∇2
uuFt(x,u)[v,w, λt+1] =

τ−1∑
t=0

∇2
ututft(xt, ut)[vt, wt, λt+1].

The Hessian of F with respect to the variable x can be decomposed as

∇2
xxF (x,u)[y, z,λ] =

τ−1∑
t=0

∇2
xxFt(x,u)[y, z, λt+1] =

τ−1∑
t=1

∇2
xtxtft(xt, ut)[yt, zt, λt+1].

A similar decomposition can be done for ∇2
xuF (x,u). From (60), we then get

∇2ϕ(u)[v,w,µ] = ∇2
xxF (x,u)[y, z,λ] +∇2

uuF (x,u)[v,w,λ]

+∇2
xuF (x,u)[y,w,λ] +∇2

uxF (x,u)[v, z,λ].

Finally, by noting that

y = (∇uF (x,u)(I−∇xF (x,u))−1)>v,

z = (∇uF (x,u)(I−∇xF (x,u))−1)>w

λ = (I−∇xF (x,u))−1µ
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the claim is shown.

Lemma 35 can be used to get estimates on the smoothness properties of the control of
τ dynamics given the smoothness properties of each individual dynamics.

Lemma 36 If τ dynamics (ft)
τ−1
t=0 are Lipschitz continuous with Lipschitz continuous Ja-

cobians, then the function u→ f [τ ](x0,u), with f [τ ] the control of the τ dynamics (ft)
τ−1
t=0 ,

is lf [τ ]-Lipschitz continuous and has Lf [τ ]-Lipschitz continuous Jacobians with

lf [τ ] ≤ lufS, Lf [τ ] ≤ S(Lxxf l
2
f [τ ]

+ 2Lxuf lf [τ ] + Luuf ), (61)

where luft= supx,u ‖∇uf(x, u)‖2,2, lxft= supx,u ‖∇xf(x, u)‖2,2, Lxxft = supx,u ‖∇2
xxf(x, u)‖2,2,2,

Luuft = supx,u ‖∇2
uuf(x, u)‖2,2,2, Lxuft = supx,u ‖∇2

xuf(x, u)‖2,2,2, S=
∑τ−1

t=0 (lxf )t, and we drop
the index t to denote the maximum over all dynamics such as lxf = maxt∈{0,...,τ−1} l

x
ft

.

Proof The Lipschitz continuity constant of u → f [τ ](x0,u) and its Jacobians can be esti-
mated by upper bounding the norm of the Jacobians and the Hessians. With the notations
of Lemma 35, ∇xF (x,u) is nilpotent of degree τ since it can be written ∇xF (x,u) =∑τ−1

t=1 et+1e
>
t ⊗∇xtft(xt, ut) and (A⊗B)(C ⊗D) = (AC ⊗BD). Hence, we have

(I−∇xF (x,u))−1 =
τ−1∑
t=0

∇xF (x,u)t.

The Lipschitz continuity constant of f [τ ] is then estimated by

‖∇uf [τ ](x0,u)‖2,2 ≤ ‖∇uF (x,u)‖2,2‖(I−∇xF (x,u))−1‖2,2 ≤ luf
τ−1∑
t=0

(lxf )t.

As shown in Lemma 35, the Hessian of u→ f [τ ](x0,u) can be decomposed as

∇2
uuf

[τ ](x0,u) = ∇2
xxF (x,u)[N,N,M ] +∇2

uuF (x,u)[·, ·,M ]

+∇2
xuF (x,u)[N, ·,M ] +∇2

uxF (x,u)[·, N,M ],

where M = (I−∇xF (x,u))−1 and N = ∇uf [τ ](x̄0,u)>. Given the structure of F , bounds
on the Hessians are ‖∇2

abF (x,u)‖2,2,2 ≤ Labf for a, b ∈ {x,u}, where ‖A‖2,2,2 is the norm
of a tensor A w.r.t. the Euclidean norm as defined in the notations. Note that for a
given tensor A ∈ Rd×p×n and P,Q,R of appropriate sizes, we have ‖A[P,Q,R]‖2,2,2 ≤
‖A‖2,2,2‖P‖2,2‖Q‖2,2‖R‖2,2. We then get

||∇2
uuf

[τ ](x0,u)||2,2,2 ≤ Lxxf ‖N‖22,2‖M‖2,2 + Luuf ‖M‖2,2 + 2Lxuf ‖M‖2,2‖N‖2,2,

where for twice differentiable functions we used that Lxuf = Luxf .
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D.2 Time-varying Dynamics Case

Lemma 37 presents a simple extension of Lemma 6 for time-varying dynamics. Note that
provided that condition (62) is satisfied, the analysis of the ILQR and IDDP algorithms
remain essentially unchanged, up to different constants.

Lemma 37 Consider the control of τ discrete time dynamics (ft : Rnx × Rnu → Rnx)τ−1t=0

as defined in Definition 29. If the dynamics ft are Lipschitz continuous and satisfy

∀x, u ∈ Rnx × Rnu , σmin(∇uft(x, u)) ≥ σft > 0, (62)

then the control f [τ ] of these dynamics satisfy for all t ∈ {0, . . . , τ − 1},

∀x0,u ∈ Rnx × Rτnu , σmin(∇uf [τ ](x0,u)) ≥ σf [τ ] :=
mint∈{0,...,τ−1} σft

1 + maxt∈{0,...,τ−1} l
x
ft

> 0,

where lxft = supu∈Rnu lft(·,u) is the maximal Lipschitz-continuity constant of the functions
ft(·, u) for any u ∈ Rnu.

Proof With the notations of the proof of Lemma 6 we have

σmin(∇uf [τ ](x0,u)) ≥ σmin(∇uF (x,u))

σmax(I−∇xF (x,u))
,

where here F (x,u)=(f0(x0, u0); . . . ; fτ−1(xτ−1, uτ−1)). Noting that σmin(∇uF (x,u)) ≥
mint∈{0,...,τ−1} σft and σmax(I−∇xF (x,u)) ≤ 1 + maxt∈{0,...,τ−1} l

x
ft

concludes the proof.

Appendix E. Linearization by Static Feedback and Brunovsky’s Form

We briefly recall here the rationale behind the parameterization of a system in Brunovsky’s
form and the theory underlying the existence of static feedback linearization in continuous
time, see, e.g. Isidori (1995); Busawon and Djemäı (2009) for more details on these subjects
and Aranda-Bricaire et al. (1996) for an analysis of feedback linearization in discrete time.

E.1 Brunovsky’s Form

We start by understanding the relevance of the parameterization in Brunovsky’s form for
discrete time linear systems of the form

xt+1 = Axt +But for t = 0, 1, . . . (63)

for xt ∈ Rnx , ut ∈ Rnu with nu = 1 for ease of presentation, where A ∈ Rnx×nx , B ∈ Rnx×1
and we denote nx = n for more readability. An important property that can be investigated
for such system is its controllability, i.e., whether, from any initial state x0, we can reach any
state x∗ after a sufficient number of steps of the discrete dynamical system and appropriate
control variables. This question can be answered by examining the controllability matrix
C = [B,AB, . . . An−1B] associated to the system (63). If C has full row rank, i.e., rank(C) =
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n, then the system is controllable in at most n steps, as observed from standard linear
algebra considerations. For a controllable system (63), we can investigate whether there
exists a reparameterization of the system in variables yt = Mxt, vt = Nut + Pyt, in which
the notion of controllability is transparent in the reparameterized system yt+1 = Fyt+Gvt,
for F,G defined appropriately from A,B,M,N, P . One ideal reparameterization is given
by Brunovsky’s form,

y
(1)
t+1 = y

(2)
t

y
(2)
t+1 = y

(3)
t

...

y
(n−1)
t+1 = y

(n)
t

y
(n)
t+1 = vt

that is yt+1 = Dyt + Evt

for D =
∑n−1

i=1 eie
>
i+1 the upper-shift matrix in Rn and ei the ith canonical vector in Rn with

E = en. In this reparameterized system of equations, after n steps of the linear system we

naturally have that y
(i)
n = vi−1 for i ∈ {1, . . . , n}, that is, the operator that, at n control

variables associates the state of the system after n steps is just the identity operator, which
clearly satisfies the definition of controllability.

To get such a parameterization, consider state variables of the form yt = Mxt for M
invertible. The resulting linear system has the form yt+1 = MAM−1yt + MBut. We then
need to choose M such that MAM−1 = D + EJ for some J ∈ R1×n and FB = E such
that by defining vt = EJyt + Eut, we get that yt+1 = Dyt + Evt. Such invertible matrix
M can be computed in closed form from the expressions of A, B, D and E as CK−1 for
C the controllability matrix associated to the pair (A,B) defining the linear system (63)
and K the controllability matrix associated to the pair D,E defining the linear system in
Brunovsky’s form. This is essentially the approach taken in Lemma 38.

E.2 Static Feedback Linearization for Continuous Time Systems.

Consider a continuous dynamical system of the form

ẋ = f(x) + g(x)u (64)

for f : Rnx → Rnx and g : Rnx → Rnx with u ∈ R, and we denote here nx = n for
more readability. Static feedback linearization schemes aim to find a reparameterization
of this system around an initial state x0 such that the system is linear and controllable
in the reparameterized variables under suitable assumptions on f and g. The point of
departure of the analysis of conditions for the existence of a static feedback linearization
scheme (Isidori, 1995, Section 4) is to consider a function h which defines the output of the
system (64) as z = h(x). We may then analyze the influence of the control on this output
through the derivatives of z. Namely, we have that ∂z

∂t = ∂h
∂x

∂x
∂t = ∂h

∂x(f(x) + g(x)u) =
Lfh(x) + Lgh(x)u, where we defined the derivative of h : Rn → R along f : Rn → Rn
as Lfh(x) =

∑n
i=1

∂h
∂xi

(x)fi(x) for fi(x) the ith coordinate of f(x). If Lgh(x) = 0 in a
neighborhood of the initial state x0, i.e., the derivative of the output function h along
g is zero, then the control has no effect on the first derivative of the output for t small
enough, i.e., ∂z

∂t (t) = Lfh(x(t)). Analyzing the second derivative of the output, we have
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∂2z
∂t2

= L2
fh(x)+LgLfh(x)u, where LgLfh(x) =

∑n
i=1

∂Lfh
∂xi

(x)gi(x) and L2
fh(x) = LfLfh(x).

If LgLfh(x) = 0 in a neighborhood of the initial state, then the control variable has no effect
on the second derivative of the output for t small enough. Continuing this way, if for any
k ∈ {0, . . . , n− 1}, LgLkfh(x) = 0 around x0 and LgL

n
fh(x0) 6= 0 then the derivatives of the

output satisfy ∂kz
∂tk

= Lkfh(t) for t small enough and ∂nz
∂tn (0) = Lnfh(x0) + LgL

n−1
f h(x0)u(0).

In other words, under the aforementioned conditions, the output of the system can be seen
as a dynamical system driven by its nth derivative. Given an output function h satisfying
the aforementioned conditions, we can then consider the reparameterization yi = Li−1f h(x)

(which corresponds to consider a system whose coordinates are defined by the ith derivative
of the output) and define v = Lnfh(x) +LgL

n−1
f h(x)u such that the reparameterized system

takes the form
ẏ1 = y2
ẏ2 = y3

...
ẏn−1 = yn
ẏn = Lnfh(x) + LgL

n−1
f h(x)u = v.

We recognize here again a parameterization in Brunovsky’s form, here for the continuous
time system considered. Existence of an output function satisfying the aforementioned
assumptions and such that the reparameterization is a diffeomorphism around the initial
point can be verified by considering the involutivity and regularity of the vector field defined
by repeated Lie brackets of the function f on the function g, see, e.g. Isidori (1995, Lemma
4.2.2).

E.3 Reparameterization in Brunovsky Form

Lemma 38 shows how a discrete time system driven by its kth derivative can be expressed
in Brunovsky’s form (19) (Brunovskỳ, 1970).

Lemma 38 Consider the Euler discretization of a single-input continuous-time system
driven by its nx

th derivative as presented in (20). If |∂vψ(y, v)| > 0 for all y ∈ Rnx , v ∈ R
then the dynamical system (20) can be linearized by static feedback into the canonical
form (19).

Proof Denoting A = I +∆D, with D the upper-shift matrix in Rnx , the original dynamical
system (20) can be written as yt+1 = Ayt + ∆ψ(yt, vt)e, with e = enx the nx

th canonical
vector in Rnx . It suffices to note that the matrix A is similar to a matrix of the form
B = D+ ec> for some vector c. Namely, denoting Pnx = (pnx,1, . . . , pnx,nx)> the nx

th lower
triangular Pascal matrix defined by rows pnx,i = (

(
i−1
j−1
)
)nxj=1 with the convention

(
i
j

)
= 0

if i < j and Q = Pnx diag((∆i−nx)nxi=1), we get that BQ = QA for B = D + ec> with
c = ((−1)nx−i

(
nx
i−1
)
)nxi=1.

Hence, by considering the change of variable zt = a(yt) = Qyt, we get that

zt+1 = Bzt + ∆ψ(yt, vt)Qe = Dzt + c>zte+ ∆ψ(yt, vt)e,

using that Qe = e. By defining wt = b(yt, vt) = c>Qyt + ∆ψ(yt, vt) we get the desired
form (19). The transformation a is a diffeomorphism since Q is invertible. The transforma-
tions b(yt, ·) are also diffeomorphisms since |∂vψ(y, v)| > 0 for all y ∈ Rnx , v ∈ R.
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Appendix F. Convergence Analysis of ILQR

F.1 Global Convergence Analysis

In the statement of Theorem 13, we used Lemma 39 to relate the constants associated to
gradient dominance properties of the costs on the sates to the constant associated to the
gradient dominance property of the cost on the trajectory with, in Theorem 13, compared
to Lemma 39, we used µt = µ for all t such that µh = ‖µ−1‖−1q = µτ−q = µ/τ2r/(2r−1).

Lemma 39 Let h1, . . . , hτ be differentiable functions from Rnx → R such that

‖∇ht(xt)‖2 ≥ µrt (ht(xt)− h∗t )r for t ∈ {1, . . . , τ},

for some constants µt ≥ 0, r ∈ [1/2, 1). The function h : x = (x1; . . . ;xτ ) → ∑τ
t=1 ht(xt)

satisfies

‖∇h(x)‖2 ≥ µrh(h(x)− h∗)r for µh = ‖µ−1‖−1q ,

for q = 2r/(2r− 1) and µ−1 = (µ−11 , . . . , µ−1τ )> with ‖µ−1‖−1+∞ = mint∈{1,...,τ} µt if r = 1/2.

Proof Denoting for simplicity δt = ht(xt)− h∗, we have

‖∇h(x)‖22 =
τ∑
t=1

‖∇ht(xt)‖22 ≥
τ∑
t=1

(µtδt)
2r = ‖µ� δ‖2r2r ≥

1

‖µ−1‖2rq
(δ> 1)2r,

for q = 2r/(2r−1), where µ = (µ1, . . . , µτ )>, δ = (δ1, . . . , δτ )>, � denotes the element-wise
product, and we used Hölder’s inequality ‖x‖p‖y‖q ≤ |x>y| for p = 2r, q = p/(p − 1) =
2r/(2r − 1), x = µ � δ and y = µ−1. Plugging the values of δ in the inequality above, we
get

‖∇h(x)‖2 ≥ ‖µ−1‖−rq

(
τ∑
t=1

ht(xt)− h∗t

)r
= µrh(h(x)− h∗)r,

where we used that, since h is decomposable in the variables xt, h
∗ =

∑τ
t=1 h

∗
t .

Lemma 40 states that a linear quadratic approximation of the compositional objective
in (24) approximates the objective up to a cubic error.

Lemma 40 Given Assumption 11, we have, for problem (24),

|(h ◦ g)(u+ v)−(h ◦ g)(u)−qg(u)h ◦ `ug (v)|≤
Lg‖∇h(g(u))‖2+(Mhl

3
g/3+LgLhlg)‖v‖2

2
‖v‖22.

Proof We have for any u,v ∈ Rτnu ,

|h(g(u+v))−h(g(u))−qg(u)h (`ug (v))| ≤ |h(g(u+v))−h(g(u))−qg(u)h (g(u+v)−g(u))|
+ |qg(u)h (g(u+v)−g(u))−qg(u)h (`ug (v))|.
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On one hand, we have, by Taylor-Lagrange inequality,

|h(g(u+v))−h(g(u))−qg(u)h (g(u+v)−g(u))| ≤ Mh

6
‖g(u+ v)−g(u)‖32 ≤

Mhl
3
g

6
‖v‖32.

On the other hand, we have,

|qg(u)h (g(u+v)−g(u))−qg(u)h (`ug (v))| =
∣∣∣(g(u+v)−g(u)−∇g(u)>v)>∇h(g(u))

+
1

2
(g(u+v)−g(u)−∇g(u)>v)>∇2h(g(u))(g(u+v)−g(u)+∇g(u)>v)

∣∣∣
≤ Lg‖∇h(g(u))‖2

2
‖v‖22 +

LhLglg
2
‖v‖32.

F.2 Local Convergence Analysis

Lemma 41 provides a bound on the oracle returned by an ILQR method in terms of the
constants introduced in Theorem 18.

Lemma 41 Given Assumption 17 on problem (24), we have for any u ∈ Rτnu, ν ≥ 0,

‖LQRν(J )(u)‖2 ≤
l

lσ + ν
‖∇h(g(u))‖∗g(u).

Proof For u ∈ Rτnu , ν ≥ 0, denoting ∇2h(g(u)) = H, ∇g(u) = G, we have

LQRν(J )(u) = −GH1/2(H1/2G>GH1/2 + ν I)−1H−1/2∇h(g(u)).

Recall that by definition of σ and l, we have σ ≤ σmin(GH1/2), σmax(GH1/2) ≤ l. By
considering the singular value decomposition of GH1/2, we then have

‖GH1/2(H1/2G>GH1/2 + ν I)−1‖2 ≤ max
x∈[σ,l]

x

ν + x2
=


σ

σ2+ν
if ν ≤ σ2

1
2
√
ν

if σ2 ≤ ν ≤ l2
l

l2+ν
if ν ≥ l2

.

By analyzing each case, we get the claimed inequality.

Lemma 42 provides a bound on the differences of gradients of a self-concordant function.
It replaces the classical bound we can have for Lipschitz continuous gradients.

Lemma 42 For a ϑh-self-concordant strictly convex function h (Nesterov, 2018, Definition
5.1.1) and y, x such that ‖y − x‖x < 1/ϑh, we have,

‖∇h(y)−∇h(x)‖∗x ≤
1

1− ϑh‖y − x‖x
‖y − x‖x.

Proof Denote J =
∫ 1
0 ∇2h(x+ t(y− x))dt and H = ∇2h(x), we have ‖∇h(y)−∇h(x)‖∗x =

‖J(y− x)‖∗x = ‖H−1/2JH−1/2‖2‖y− x‖x. Now H−1/2JH−1/2 � 0 since h is strictly convex
and by (Nesterov, 2018, Corollary 5.1.5), we have J � ∇2h(x)/(1 − ϑh‖y − x‖x) hence
‖H−1/2JH−1/2‖2 ≤ 1/(1− ϑh‖y − x‖x).
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F.3 Total Complexity Bound

Lemma 43 refines the regularization choice of Theorem 13 by exploiting an additional as-
sumption of strong convexity of the costs.

Lemma 43 Consider h to be µh-strongly convex and Assumption 11 to be satisfied. Con-
dition (27) is satisfied by choosing a regularization

ν ≥ ν(u) =

(
1 +

α

2(1 + θg‖∇h(g(u))‖2/(√µhρg))

)
Lg‖∇h(g(u))‖2,

for ρh = Lh/µh, ρg = lg/σg, θg = Lg/(σ
2
g
√
µh), α = 4ρ2gρh(β + 1), β = Mhl

2
g/(3LhLg).

Proof Let u ∈ Rτnu , G = ∇g(u), H = ∇2h(g(u)). We have using that G>G � σ2g I, i.e.,

G>G invertible,

LQRν(J )(u) = −G(G>G)−1(H + ν(G>G)−1)−1∇h(g(u))

= −G(G>G)−1/2((G>G)1/2H(G>G)1/2 + ν I)−1(G>G)1/2∇h(g(u)).

By bounding each formulation, using ‖G(G>G)−1‖ ≤ 1/σg for the first formulation, and,
‖G(G>G)−1/2‖2 ≤ 1, (G>G)1/2H(G>G)1/2 � µhσ2g for the second formulation,

‖LQRν(J )(u)‖2/‖∇h(g(u))‖2 ≤ min{l2g/(µhσgl2g + νσg), lg/(ν + µhσ
2
g)}

≤ 2lg/(ν(1 + σg/lg) + µhσg(σg + lg))

≤ 2lg/(ν + µhσglg),

where we used that min{a, b} ≤ 2/(1/a+1/b). Hence, condition (27) is satisfied if ν satisfies
a1 + a2/(a3 + ν) ≤ ν with a1 = Lg‖∇h(g(u))‖2, a2 = 2a0lg‖∇h(g(u))‖2, a3 = σglgµh,
a0 = Mhl

3
g/3+LgLhlg. Hence, condition (27) is satisfied for ν ≥ ν0 = (a1 − a3 + (a1 +

a3)
√

1 + 4a2(a1 + a3)−2)/2. Since
√

1 + 2x ≤ 1 + x, we have ν0 ≤ a1 + a2/(a1 + a3), so it
suffices to take a regularization larger than or equal to

ν(u) = Lg‖∇h(g(u))‖2 +
2l2g(Mhl

2
g/3+LgLh)‖∇h(g(u))‖2

Lg‖∇h(g(u))‖2 + σglgµh
.

Lemma 44 details the computations of the complexity bounds of the ILQR algorithm in
the case of strongly convex costs, used in (41) before taking into account the local quadratic
convergence.

Lemma 44 Consider the notations and assumptions of Theorem 21. The number of iter-
ations of the ILQR algorithm with regularizations

νk =

(
1 +

α

2(1 + θg‖∇h(g(u(k)))‖2/(√µhρg))

)
Lg‖∇h(g(u(k)))‖2,
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needed to reach an accuracy ε is at most

k ≤ 2ρh ln

(
δ0
ε

)
+ 4θg

(√
δ0 −

√
ε
)

+ 2α ln

(
θg
√
δ0 + ρg

θg
√
ε+ ρg

)
,

where ρh = Lh/µh, ρg = lg/σg, θg = Lg/(σ
2
g
√
µh), θh = Mh/(2µ

3/2
h ), α = 4ρ2gρh(β + 1),

β = Mhl
2
g/(3LhLg)

Proof Let u ∈ Rτnu and v = LQRν(u)(J )(u) for

ν(u) =

(
1 +

α

2(1 + θg‖∇h(g(u))‖2/(√µhρg))

)
Lg‖∇h(g(u))‖2.

As shown in Lemma 43, the chosen regularization ensures the sufficient decrease (27). As
in (29), in the proof of Theorem 13, we get that

J (u+ v)− J (u) ≤ −1

2

σ2g
σ2gLh + ν(u)

‖∇h(g(u))‖22 = − b1x
3 + b2x

2

b3x2 + b4x+ 1
,

where x = ‖∇h(g(u))‖2, b1 = Lg/(2lgµhLhσg), b2 = 1/(2Lh), b3 = L2
g/(σ

3
g lgµhLh), b4 =

Lg/(σglgµh)+Lg/(σ
2
gLh)+2a0/(σ

3
gµhLh). The function f1(x) = (b1x

3+b2x
2)/(b3x

2+b4x+1)
is increasing and since h is strongly convex, we have that ‖∇h(g(u))‖22 ≥ µh(h(g(u))−h∗) =
µhδ for δ = J (u)−J ∗. Hence, as in the proof of Theorem 13, we get that the total number
of iterations to reach an accuracy ε is at most k ≤ f2(δ0)− f2(ε) where

f ′2(δ) =
1

f1(
√
µhδ)

=
1 + c1δ

1/2 + c2δ

c3δ + c4δ3/2
,

where c1 = θg(ρ
−1
g + 2ρg + ρ−1h ) + 4ρ3gθh/(3ρh), c2 = θg

2/(ρgρh), c3 = 1/(2ρh), c4 =
θg/(2ρgρh). By standard integration, we have that an antiderivative of f ′2 is

f2(x) =
ln(δ)

c3
+

2c2
c4

√
δ − 2

(c2c
2
3 − c4c1c3 + c24)

c3c24
ln(c4

√
δ + c3)

= 2ρh ln(δ) + 4θg
√
δ + 8ρ2g(ρh + 2ρ2gθh/(3θg)) ln(θg

√
δ/(2ρhρg) + 1/(2ρh)).

The result follows.

We present below the proof of Corollary 23 that ensures the validity of the line-search
procedure presented in Algorithm 2.

Corollary 45 Consider the assumptions and notations of Theorem 21 on problem (2) and
Algorithm 2 with an initial scaled regularization guess ν̄−1 ≤

(
1 + α/(2 + 2θg

√
δ0/ρg)

)
Lg.

The total number of calls to ILQR oracles of Algorithm 2 to reach an accuracy ε is at most
2k(δ0, δ

′)+ln ln(ε−1)+dlog2 ((1 + α/2)Lg/ν̄−1)e , where k(δ0, δ
′) is defined as in Theorem 21

and δ′ = 1/(32ρh(θh(1+2
√
ρhρ

3
g/3)+

√
ρhθg(1+2ρgρh))2) is a gap of quadratic convergence

for Algorithm 2.
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Proof Define for u ∈ Rτnu ,

ν̄(u) =

(
1 +

α

2(1 + θg
√
J (u)−minv∈Rτnu J (v)/ρg))

)
Lg

Since h is strongly convex, we have that ‖∇h(g(u))‖2 ≥ √µh(h(g(u))−miny∈Rτnx h(y)) =√
µh(J (u) − minv∈Rτnx J (v)), where we recall that miny∈Rτnx h(y) = minv∈Rτnx J (v) as

shown in Theorem 13. Hence, we have that ν̄(u)‖∇h(g(u))‖2 ≥ ν(u) for ν(u) defined in
Lemma 43. Therefore, by Lemma 43, the line-search procedure of Algorithm 2 at the kth

iteration necessarily terminates with a scaled regularization ν̄k ≤ 2ν̄(uk) since we chose
ν̄−1 ≤ ν̄(u0) and since ν̄(uk) necessarily increases over the iterations as J (uk) decreases
when condition (27) is satisfied.

Moreover, since ν̄(u) is upper bounded by (1+α/2)Lg the total number of calls to oracles
made by the line-search inner loop to satisfy the decrease condition after k iterations is at
most

k +

⌈
log2

(
(1 + α/2)Lg

ν̄−1

)⌉
.

Since the line-search ensures the decrease condition (27), we have, as in Theorem 21
that for νk = ν̄k‖∇h(g(uk))‖2,

J (uk+1)− J (uk) ≤ −
1

2

σ2g
σ2gLh + νk

‖∇h(g(u))‖22

≤ −1

2

σ2g
σ2gLh + 2ν̄(uk)‖∇h(g(u))‖2

‖∇h(g(u))‖22

≤ −1

4

σ2g
σ2gLh + ν̄(uk)‖∇h(g(u))‖2

‖∇h(g(u))‖22.

The rest of the proof of Lemma 44 follows, and we get that the number of iterations of
Algorithm 2 to reach an accuracy ε is at most 2k(δ0, ε) for k(δ0, ε) defined as in Theorem 21.

For the quadratic convergence rate, we have, with the notations of the proof of Theo-
rem 21, that

νk/λh(g(uk)) ≤ 2ν̄(uk)‖∇h(g(uk))‖22/λh(g(uk)) ≤ 2
√
Lh(Lg+2lg(Mhl

2
g/3+LgLh)/(σgµh)).

The rest of the proof follows with a slightly modified quadratic convergence gap.

Appendix G. Convergence Analysis of IDDP

The ILQR and IDDP algorithms differ only by the rolling-out phase. The former uses the
linearized dynamics, while the latter uses the original shifted dynamics. We formalize the
roll-out phase in Definition 46.

Definition 46 We define the roll-out of τ policies πt : Rnx → Rnu along τ dynamics
φt : Rnx × Rnu → Rnx from x0 as

rollout : x0, (φt)
τ−1
t=0 , (πt)

τ−1
t=0 7→ (u0, . . . , uτ−1)

s.t. ut = πt(xt), xt+1 = φt(xt, ut), for t ∈ {0, . . . , τ − 1}.
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With the notations of Definition 46, denoting

Φ(x,u) = (φ0(x0, u0); . . . ;φτ−1(xτ−1, uτ−1))

π(x) = (π(x0); . . . ;π(xτ−1))

for x = (x1; . . . ;xτ ),u = (u0; . . . ;uτ−1), the trajectory x = φ[τ ](x0,u) associated to u is
the unique solution of x = Φ(x,u) and the roll-out is the unique solution of

u = π(x), x = Φ(x,u). (65)

Given a trajectory (x1; . . . ;xτ ) = f [τ ](x0,u) computed from u = (u0; . . . ;uτ−1), and
τ policies (πt)

τ−1
t=0 computed in the backward pass of Algorithm 1, the ILQR and IDDP

algorithms can be expressed as

LQRν(J )(u) = rollout(0, (`t)
τ−1
t=0 , (πt)

τ−1
t=0 )

for `t(yt, vt) = `xt,utft
(yt, vt) = ∇xtft(xt, ut)>yt +∇utft(xt, ut)>vt (66)

DDPν(J )(u) = rollout(0, (δt)
τ−1
t=0 , (πt)

τ−1
t=0 )

for δt(yt, vt) = δxt,utft
(yt, vt) = ft(xt + yt, ut + vt)− ft(xt, ut) (67)

To analyze the convergence of the IDDP algorithm, we consider how close it is from the
ILQR algorithm. This can be traced as measuring how the roll-out phase differ between
using `xt,utft

(yt, vt) or δxt,utft
(yt, vt) as done in Lemma 47.

Lemma 47 Given τ discrete dynamics ft : Rnx×Rnu → Rnx and τ policies πt : Rnx → Rnu
for t = 0, . . . , τ − 1, denote

v = rollout(0, (`t)
τ−1
t=0 , (πt)

τ−1
t=0 ), w = rollout(0, (δt)

τ−1
t=0 , (πt)

τ−1
t=0 ),

for `t, δt defined as in (66) and (67) from (x1; . . . ;xτ ) = f [τ ](x0,u) and u = (u0; . . . ;uτ−1).
Suppose that the policies are affine of the form are πt(xt) = Ktxt+kt, and that all dynamics
are Lipschitz continuous with Lipschitz-continuous Jacobians. Then the directions v and w
differ by

‖w − v‖2 ≤ η(K)‖v‖22
for η(K) an increasing function of ‖K‖2 detailed in the proof.

Proof In this proof, we ignore the dependency w.r.t. x̄0 and denote simply f [τ ](u) =
f [τ ](x̄0,u). Similarly, we denote `[τ ](v) = `[τ ](0,v) and δ[τ ](w) = δ[τ ](0,w) the trajectories
associated to the linearized and shifted dynamics starting from 0. For y = (y1; . . . ; yτ ), de-
note π(y) = (π0(0);π1(y1); . . . ;πτ−1(yτ−1)). Denoting K =

∑τ
t=2 ete

>
t−1⊗Kt−1 ∈ Rτnu×τnx ,

k = (k0; . . . ; kτ−1) ∈ Rτnx we have that π(v) = Kv + k with

0 . . . . . . 0

K1
. . .

...

0
. . .

...
. . .

. . .
. . .

...
0 . . . 0 Kτ−1 0


.
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The roll-outs are defined as the solutions of

v = π(`[τ ](v)), w = π(δ[τ ](w))

From Lemma 35, the linearized trajectories can be expressed as

`[τ ](v) = (I−A)−1Bv

for B = ∇uF (x,u)>, A = ∇xF (x,u)>, with F (x,u) = (f0(x0, u0); . . . ; fτ−1(xτ−1, uτ−1))
for x = (x1; . . . ;xτ ), u = (u0; . . . ;uτ−1). We have that v satisfy

v = K(I−A)−1Bv + k.

Note that A + BK =
∑τ

t=2 ete
>
t−1 ⊗ (At−1 + Bt−1Kt−1) for Bt = ∇utft(xt, ut)>, At =

∇xtft(xt, ut)>, that is

BK +A =



0 . . . . . . 0

U1
. . .

...

0
. . .

...
. . .

. . .
. . .

...
0 . . . 0 Uτ−1 0


,

for Ut = At + BtKt. So I−A − BK is invertible by solving an autoregressive problem.
We then have that (I−K(I−A)−1B)(I +K(I−A−BK)−1B) = I such that the solution of
v = π(`[τ ](v)) is

v = k +K(I−A−BK)−1Bk.

Forw = (w0; . . . ;wτ−1), denote z = (z1; . . . ; zτ ) = δ[τ ](w) s.t. zt+1=ft(xt+zt, ut+wt)−ft(xt, ut)
for t ∈ {0, . . . , τ−1}, with z0=0. By the mean value theorem, for all t ∈ {0, . . . , τ−1}, there
exists ζt,1, . . . , ζt,nx ∈ Rnx , ηt,1, . . . , ηt,nx ∈ Rnu s.t. for all i ∈ {1, . . . , nx}, denoting fi the
ith coordinate of f , we have

fi(xt + zt, ut + wt)− fi(xt, ut + wt) = ∇xt+ζt,ifi(xt + ζt,i, ut+wt)
>zt

fi(xt, ut+wt)− fi(xt, ut) = ∇ut+ηt,ifi(xt, ut+ηt,i)>zt,

with ‖ζt,i‖2 ≤ ‖zt‖2 and ‖ηt,i‖2 ≤ ‖wt‖2. We can then write the dynamics of zt as

zt+1 = Ctzt +Dtwt for t ∈ {0, . . . , τ − 1}

Ct =

nx∑
i=1

ei ⊗∇xt+ζt,ifi(xt+ζt,i, ut+wt)> Dt =

nx∑
i=1

ei ⊗∇ut+ηt,ifi(xt, ut+ηt,i)>.

Denoting C =
∑τ

t=2 etet−1⊗Ct−1, D =
∑τ

t=1 ete
>
t ⊗Dt−1, we get that δ[τ ](u) = (I−C)−1Dv.

Since w = π(δ[τ ](u)), we get that w satisfies

w = K(I−C)−1Dw + k.
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The solution of this system can be found as before as

w = k +K(I−C −DK)−1Dk.

We then have

‖w − v‖2 ≤ ‖K‖2‖(I−C −DK)−1D − (I−A−BK)−1B‖2‖k‖2
Then, we decompose the middle term as

(I−C −DK)−1D − (I−A−BK)−1B

= ((I−C −DK)−1 − (I−A−BK)−1)D − (I−A−BK)−1(B −D)

= (I−C −DK)−1(C −A+ (D −B)K)(I−A−BK)−1D

− (I−A−BK)−1(B −D).

We have (I−A−BK)−1 =
∑τ−1

t=0 (A+BK)t since (A+BK)τ = 0. So we get

‖(I−A−BK)−1‖2 ≤
τ−1∑
t=0

‖A+BK‖t2 ≤
τ−1∑
t=0

(lxf + luf‖K‖2)t := S1(K),

for lxf , l
u
f defined as in Lemma 36. Similarly, we have

‖(I−C −DK)−1‖2 ≤
τ−1∑
t=0

(nxl
x
f + nxl

u
f‖K‖2)t := S2(K).

Using the block structure of the matrices, we have, using that ‖ηt,i‖ ≤ ‖wt‖2, ‖ζt,i‖ ≤ ‖zt‖2,

‖B −D‖2 ≤ nxLuuf ‖w‖2
‖A− C‖2 ≤ nx(Lxxf ‖z‖2 + Lxuf ‖w‖2),
‖D‖2 ≤ nxluf ,

for Luuf , Lxxf , L
xu
f defined as in Lemma 36. In addition, we have that ‖z‖2 ≤ lf [τ ]‖w‖2,

where lf [τ ] is the Lipschitz-constant of f [τ ] computed in Lemma 36.
So in total we get that

‖w − v‖2 ≤ ‖K‖2(nx2S1(K)S2(K)luf (Lxxf lf [τ ] + Lxuf + Luuf ‖K‖2) + nxS1(K)Luuf )‖w‖2‖k‖2
:= η1(K)‖w‖2‖k‖2

Now since w = k +K(I−C −DK)−1Dk and k = v −K(I−A)−1Bv, we have

‖w‖2 ≤ (1 + nx‖K‖2S2(K)luf )‖k‖2,
‖k‖2 ≤ (1 + ‖K‖2lf [τ ])‖v‖2.

Hence, we get

‖w − v‖2 ≤ η1(K)(1 + nx‖K‖2S2(K)luf )(1 + ‖K‖2lf [τ ])2‖v‖22
:= η(K)‖v‖22.
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It remains to bound the Lipschitz continuity constant of the policies derived in the
backward pass of the ILQR and IDDP algorithms. In the general case, i.e., problem (1),
Lemma 48 shows that the policies are Lipschitz continuous with a Lipschitz continuity pa-
rameter independent of ν provided that ν is sufficiently large. For the restricted problem (2),
the policies are Lipschitz continuous with a Lipschitz continuous parameter independent of
ν unconditionally, as shown in Lemma 50.

Lemma 48 Consider problem (1) with dynamics and costs Lipschitz continuous with Lipschitz-
continuous Jacobians as in Assumption 30. For any ν ≥ 2lgLh, the policies πt : yt 7→
Ktyt+kt computed in Algorithm 1 are well-defined and Lipschitz continuous with ‖Kt‖2 ≤ c
for c independent of ν.

Proof For t ∈ {0, . . . , τ − 1}, denote f [t:τ ](xt,u[t:τ−1]) = (xt+1; . . . , xτ ) the control of the
dynamics ft, . . . , fτ−1 starting from xt with control variables u[t:τ−1] = (ut; . . . ;uτ−1). For

t = 0, denoting [0 : τ ] = [τ ], we retrieve Definition 29. Define similarly g[t:τ ](u[t:τ−1]) =

(f [t:τ ](xt,u[t:τ−1]),u[t:τ−1]) and h[t:τ ](x[t+1;τ ],u[t:τ−1]) =
∑τ−1

s=t hs(xs, us) + hτ (xτ ). The tth

policy πt(yt) is formally equal to v∗t (yt) for

v∗t (yt), . . . v
∗
τ−1(yt) = arg min

ut,...,uτ−1

q
f [t:τ ](xt,u[t:τ−1])

h[t:τ ]
(`
xt,ut:τ−1

f [t:τ ]
(yt,v[t:τ−1]),v[t:τ−1]) +

ν

2
‖v[t:τ−1]‖22

= (ν I +∇g[t:τ ](u[t:τ ])∇2h[t:τ ](g[t:τ ](u[t:τ ]))∇g[t:τ ](u[t:τ ])
>)−1(Ayt + a)

for some A, a independent of ν. For ν > Lh[t:τ ] l
2
g[t:τ ]

the policies are well-defined. Since

Lh[t:τ ] = Lh[τ ] = Lh and l2
g[t:τ ]

≤ l2
g[0:τ ]

= l2g , the policies are well-defined for any ν ≥ 2lgLh.

Moreover, for any ν ≥ 2lgLh,

‖(ν I +∇g[t:τ ](u[t:τ ])∇2h[t:τ ](g[t:τ ](u[t:τ ])))
−1‖2 ≤

1

lgLh
.

Hence, the associated policy πt is at most 1/(lgLh) Lipschitz-continuous.

Corollary 49 Consider problem (1) with dynamics and costs Lipschitz continuous with
Lipschitz-continuous Jacobians as in Assumption 30. For any ν ≥ 2lgLh, there exists a
constant η independent of ν, such that the ILQR or IDDP directions v = LQRν(J )(u) and
w = DDPν(J )(u) on any control variables u ∈ Rτnu differ by

‖w − v‖2 ≤ η‖v‖22.
Proof The result follows from Lemma 47 and 48.

Lemma 50 Consider Algorithm 1 applied to problems of the form (2), that is, such that
Rt = 0, Qt = 0, qt = 0. Assume in addition that the costs are strongly convex, the dynamics
are surjective and both costs and dynamics are smooth as described in Assumption 11. The
policies πt : yt → Ktyt + kt computed in Algorithm 1 are always well-defined and such that
‖Kt‖2 ≤ c for some c independent of ν.
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Proof Consider Kt, Jt defined in Algorithm 1 for a command u ∈ Rτnu , a regularization
ν > 0 and no control costs (Rt = 0, Qt = 0, qt = 0). By recursion, we have that Jt is positive
definite, since

Jt = Pt +A>t J
1/2
t+1(I +ν−1J

1/2
t+1BtB

>
t J

1/2
t+1)

−1J
1/2
t+1At,

and Jτ = Pτ , and Pt are positive definite.
In particular, Jt � Pt � µh I and for any t ∈ {1, . . . , τ − 1},

‖Jt‖2 ≤ Lh + (lxf )2‖Jt+1‖2

≤
τ∑
s=t

(

s−1∏
j=t

(lxf )2)Lh,

where here and in the following we use lxf , l
u
f defined in Lemma 36. Therefore, we have

sup
t∈{1,...,τ}

‖Jt‖2 ≤ Lh
τ∑
t=1

(lxf )2(s−t).

On the other hand, we have

Kt = −(ν I +B>t Jt+1Bt)
−1B>t Jt+1At

The spectral norm of the matrix (ν I +B>t Jt+1Bt)
−1B>t can be bounded just as in Lemma 43

given the assumptions. Namely, we have,

‖(ν I +B>t Jt+1Bt)
−1B>t ‖2 ≤

2luf
ν + µhσf l

u
f

.

Hence, we have

sup
t∈{0,...,τ−1}

‖Kt‖2 ≤
2luf l

x
f

ν + µhσf l
u
f

Lh

τ∑
t=1

(lxf )2(s−t)

≤
2lxf
µhσf

Lh

τ∑
t=1

(lxf )2(s−t).

Corollary 51 Consider Algorithm 1 applied to problems of the form (2), that is, such that
Rt = 0, Qt = 0, qt = 0. Assume in addition that the costs are strongly convex, the dynamics
are surjective and both costs and dynamics are smooth as described in Assumption 11.
Then there exists a constant η independent of ν, such that the ILQR or IDDP directions
v = LQRν(J )(u) and w = DDPν(J )(u) on any control variables u ∈ Rτnu differ by

‖w − v‖2 ≤ η‖v‖22.

Proof Follows from Lemma 47 and 50.
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Appendix H. Detailed Computations

In this Appendix, we detail some technical computations done in the paper.

H.1 Details on Theorem 10

Proof [Details on Eq. (22)] Note that ∇vΦ(y,v) = diag((∇vtφ(yt, vt))
k−1
t=0 ), such that, by

definition of diag,

∇vΦ(y,v) =
k∑
t=1

ete
>
t ⊗∇vt−1φ(yt−1, vt−1)

=

k∑
t=1

ete
>
t ⊗ ∂vt−1b(yt−1, vt−1)e

>∇a(yt+1)
−1

=

(
k∑
t=1

∂vt−1b(yt−1, vt−1)ete
>
t ⊗ 1

)
(I⊗e>)

(
k∑
t=1

ete
>
t ⊗∇a(yt+1)

−1

)
= diag((∂vtb(yt, vt))

k−1
t=0 )(I⊗e>) diag((∇a(yt+1)

−1)k−1t=0 ),

where k = nx, and we use that (A⊗B)(C⊗D) = (AC⊗BD) for A,B,C,D of appropriate
sizes and 1 is the identity in R1. Similarly, one has that, for D =

∑k−1
t=1 ete

>
t+1 the upper-shift

matrix in Rk = Rnx .

∇yΦ(y,v) =
k−1∑
t=1

ete
>
t+1 ⊗∇ytφ(yt, vt)

=

(
k−1∑
t=1

ete
>
t+1 ⊗ I

)(
k∑
t=1

ete
>
t ⊗∇yt−1φ(yt−1, vt−1)

)
= (D ⊗ I) diag(∇ytφ(yt, vt)

k−1
t=0 ).
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On the other hand, we have

diag(∇ytφ(yt, vt)
k−1
t=0 ) =

k−1∑
t=0

et+1e
>
t+1 ⊗

(
∇a(yt)D

> +∇ytb(yt, vt)e>
)
∇a(yt+1)

−1

=

k−1∑
t=0

et+1e
>
t+1 ⊗∇a(yt)D

>∇a(yt+1)
−1

︸ ︷︷ ︸
A

+
k−1∑
t=0

et+1e
>
t+1 ⊗∇ytb(yt, vt)e>∇a(yt+1)

−1

︸ ︷︷ ︸
B

A =

(
k−1∑
t=0

et+1e
>
t+1 ⊗∇a(yt)

)
(I⊗D>)

(
k−1∑
t=0

et+1e
>
t+1 ⊗∇a(yt+1)

−1

)
= diag((∇a(yt))

k−1
t=0 )(I⊗D>) diag((∇a(yt+1)

−1)k−1t=0 )

B =

(
k−1∑
t=0

et+1e
>
t+1 ⊗∇ytb(yt, vt)

)
(I⊗e>)

(
k−1∑
t=0

et+1e
>
t+1 ⊗∇a(yt+1)

−1

)
= diag((∇ytb(yt, vt))k−1t=0 )(I⊗e>) diag((∇a(yt+1)

−1)k−1t=0 ).

Proof [Details on line (ii) in Eq. (23)] Denote Kt = ∇a(yt). Using that Det=et−1, we have
FA=(D ⊗ I)(

∑n
t=1 ete

>
t ⊗Kt−1) =

∑n
t=2 et−1e

>
t ⊗Kt−1) =

∑n−1
t=1 ete

>
t+1Kt and, using that

e>t D = e>t+1, we have CF = (
∑n

t=1 ete
>
t ⊗Kt)(D ⊗ I) =

∑n−1
t=1 ete

>
t+1 ⊗Kt. Therefore, we

have FA = CF , and similarly we can show that FA−1 = C−1F .

Proof [Details on line (iii) in Eq. (23)] Since D =
∑k−1

t=1 ete
>
t+1, we have Dj =

∑k−j
t=1 ete

>
t+j

hence Dk = 0. Therefore, F ⊗G = D⊗D> is nilpotent of order k. Hence, (I−F ⊗G)−1 =∑k−1
t=0 D

t⊗ (D>)t and so, for F = D⊗ I, we have (I−F ⊗G)−1F = (
∑k−1

t=0 D
t⊗ (D>)t)(D⊗

I) =
∑k−1

t=1 D
t ⊗ (D>)t−1.

Proof [Details on the extension to multi inputs] Consider the multi-input case as described

in Def. 9. For any k ≥ r, j ∈ {1, . . . ,mu}, i ∈ {1, . . . , rj}, we have ζ
(i)
k,j = w

(j)
k+i−rj−1.

Denote T =
∑k

i=1

∑mu
j=1 eje

>
i ⊗ eie

>
j for ei, ej canonical vectors of, respectively, Rk and

Rmu . For w = (w0; . . . ;wk−1), we have that ω = Tw reorders the coordinates of w such

that ω = (ω1; . . . ;ωmu) with ω
(i)
j = w

(j)
i−1 for i ∈ {1, . . . , k}, j ∈ {1, . . . ,mu}. Hence, we

have for any k ≥ r, j ∈ {1, . . . ,mu}, denoting here ei the ith canonical vector in Rrj , Drj
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the upper-shift matrix in Rrj ,

ζk,j = (Dk−1
rj erj , . . . , Drjerj , erj )ωj

= (0rj , . . . , 0rj︸ ︷︷ ︸
k−rj

, e1, . . . , erj )ωj = (0rj , . . . , 0rj , Irj )ωj := Cjωj ,

where 0rj is the null vector in Rrj and Irj is the identity matrix in Rrj . So we get that

zk =

mu∑
j=1

eje
>
j ⊗ Cj

ω =

mu∑
j=1

eje
>
j ⊗ Cj

Tw,

i.e., zk = Mw with σmin(M>) = 1.

Consider k = r and the notations of the proof of Theorem 10. We can write that
yt+1 = a−1(MB(φ[k](y0,v),v)). Hence,

∇vφ{k}(y0,v) =
(
∇vB(y,v)+∇vΦ(y,v)(I−∇yΦ(y,v))−1∇yB(y,v)

)
M>∇a(yk)

−1.

The discrete time dynamic can be written

yt+1 = a−1(Ja(yt) +Kb(yt, vt)),

with, denoting ej,i the ith canonical vector in Rrj and e`j the `j
th canonical vector in Rnx .

J =


Dr1 0 . . . 0

0
. . .

. . .
...

...
. . .

. . . 0
0 . . . 0 Drmu

 , Drj =

rj∑
i=1

ej,ie
>
j,i+1, K =

mu∑
j=1

e`je
>
j , `j =

j∑
s=1

rs.

Hence, we have for t ∈ {0, . . . , τ − 1},

∇vtφ(yt, vt) = ∇vtb(yt, vt)K>∇a(yt+1)
−1

∇ytφ(yt, vt) =
(
∇a(yt)J

> +∇ytb(yt, vt)K>
)
∇a(yt+1)

−1.

The rest of the proof follows as in the proof of Theorem 10 by redefining E = I⊗K>, G =
I⊗J>, F = Dk ⊗ I for Dk the upper-shift matrix in Rk = Rr, V= diag((∇vtb(yt, vt))k−1t=0 ).
We then get

∇vφ{k}(y0,v)∇a(yk) = V

(
I−
(
k−1∑
i=1

Di
k ⊗K>(J>)i

)
A−1Y

)−1
M>.

The result follows for k = r and for k > r the same reasoning as in the single input case
applies.
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Figure 8: Convergence of gradient descent (GD), ILQR and IDDP to control a bicycle model
of a car for a tracking cost.

H.2 Details on Theorem 24

Proof [Details on Eq. (43)] With the notations of Theorem 13, we have that

δk+1 − δk ≤ −
1

2

σ2gx
2

σ2gLh + ξx+ ρhχ2x2
,

with x = ‖∇h(g(u(k)))‖2 and δk = J (u(k)) − J ∗. The function f1 : x → σ2gx
2/(2(σ2gLh +

ξx+ ρhχ
2x2)) is strictly increasing, so we can follow the steps of the proof Theorem 13 and

obtain that f2(δk)(δk+1 − δk) ≤ −1 with

f ′2(δ) =
1

f1(
√
µhδ)

= 2ρh
1

δ
+ 2θgξ

1√
δ

+ 2θg
2ρhχ

2.

The result follows by integrating f ′2 and, as in the proof Theorem 13, we have that conver-
gence to an accuracy ε is ensured after at most k ≤ f2(δ0)− f2(ε).

Appendix I. Additional Numerical Evaluations

Realistic model of a car with tracking cost. On Figure 8, we consider the same setting
as for the simple model of a car except that we replace the simple model of the dynamics of
a car by a bicycle model driven by tire forces taken from Liniger et al. (2015), also detailed
by Roulet et al. (2024). We considered a fourth order Runge Kutta discretization scheme
of the continuous dynamics of the bicycle model of the car. We keep a tracking cost as
explained for the simple model of a car in Section 5. We use a discretization step ∆ = T/τ
for a total time T = 2, and a number of discretization steps τ = 25. We use random initial

control sequences u
(0)
t ∼ N (0, σ) for σ = 1/τ = 25.
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In this case, the ILQR and IDDP algorithms do not appear to converge to the same value
across random initial control sequences. This suggests no convergence to global minima in
this example.

Contouring costs and model predictive controllers can circumvent the difficulty of this
task as presented by Liniger et al. (2015); Roulet et al. (2024). However, the bottleneck of,
e.g., model predictive controllers remain an algorithm such as ILQR or IDDP to compute
the short term policies. Understanding the behavior of these algorithms may then help the
design of model predictive controllers.

Convergence rates. In Figure 9, we plot convergence in iterates for the pendulum exam-
ple. We retrieve a similar superlinear rate of convergence after some number of iterations.

In Figure 10, we also consider convergence rates in function values, that is, ρ(k) =
(c(k) − c∗)/(c(k−1) − c∗) for c(k) the cost at iterate k and c∗ the minimal cost. To plot this
rate, we consider c∗ = 0 when subsampling the costs.

We observe generally a long phase where the convergence rate is close to one, followed
by a sudden phase of superlinear convergence where the rate drops to 0. The second
phase of convergence outlined in the theory of Section 4 appears transient. The algorithms
appear to mostly show a phase of sublinear convergence followed by a phase of superlinear
convergence.
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Figure 9: Convergence rate in iterates, κ(k) = ‖u(k+1)−u(k)‖2/‖u(k)−u(k−1)‖2, along iter-
ations of ILQR and IDDP algorithms for the pendulum example with or without
subsampling the costs. For each algorithm and each setting we plot the conver-
gence rate up to the final iterate before the algorithm stopped and use a log scale
x-axis to zoom on the final iterates.
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Figure 10: Convergence rate in function values, ρ(k) = (c(k) − c∗)/(c(k−1) − c∗), along iter-
ations of ILQR and IDDP algorithms for the pendulum example or the simple
model of a car with subsampling the costs. The minimal cost is set to c∗ = 0.
For each algorithm and each setting we plot the convergence rate up to the final
iterate before the algorithm stopped and use a log scale x-axis to zoom on the
final iterates.
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