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Abstract

Real-world control systems require policies that are not only
high-performing but also interpretable and robust. A promis-
ing direction toward this goal is model-based control, which
learns system dynamics and cost functions from historical
data and then uses these models to inform decision-making.
Building on this paradigm, we introduce DiffOP, a novel
framework for learning optimization-based control policies
defined implicitly through optimization control problems.
Without relying on value function approximation, DiffOP
jointly learns the cost and dynamics models and directly op-
timizes the actual control costs using policy gradients. To en-
able this, we derive analytical policy gradients by applying
implicit differentiation to the underlying optimization prob-
lem and integrating it with the standard policy gradient frame-
work. Under standard regularity conditions, we establish that
DiffOP converges to an ϵ-stationary point within O(ϵ−1) it-
erations. We demonstrate the effectiveness of DiffOP through
experiments on nonlinear control tasks and power system
voltage control with constraints.

Code — https://github.com/alwaysbyx/DiffOP
Extended version — https://arxiv.org/abs/2411.07484

Introduction
Operating and controlling complex physical systems in an
effective manner is of critical importance to society. Real-
world physical systems, such as power grids (Machowski
et al. 2020), commercial and industrial infrastructures (Jang
et al. 2024), transportation networks (Negenborn, De Schut-
ter, and Hellendoorn 2008), and robotic systems (Spong,
Hutchinson, and Vidyasagar 2020), require control policies
that are not only high-performing but also interpretable with
reliability and safety guarantees. To this end, optimization-
based policies such as model predictive control (MPC) have
been explored with known (Morari and Lee 1999; Grüne
et al. 2017) or learned system dynamics (Chen, Shi, and
Zhang 2019), offering a principled framework for perfor-
mance optimization, constraint satisfaction, and transparent
decision-making.

Optimization-based policies formulate control as a mathe-
matical optimization problem, where the goal is to minimize
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a system cost subject to dynamic equations and state-action
constraints. Prior work in this area often focuses on learn-
ing system dynamics and cost functions separately from his-
torical data to improve predictive accuracy (Chen, Shi, and
Zhang 2019; Salzmann et al. 2023; Zhang, Sun, and Shi
2021). However, this decoupled learning procedure can lead
to the objective mismatch problem (Donti, Amos, and Kolter
2017; Lambert et al. 2020), where the learned models per-
form well in isolation (e.g., accurate prediction), but fail to
guide optimal control decisions—since the training objec-
tives do not directly reflect control performance.

To enable end-to-end learning of optimization-based poli-
cies, recent works (Srinivas et al. 2018; Amos et al. 2018;
Jin et al. 2020; Xu, Molloy, and Gould 2024) have made
the optimization layers differentiable, allowing both the dy-
namics and cost function to be jointly learned. These ap-
proaches primarily focus on supervised imitation learning
settings, where the optimization policy is trained to mimic
expert demonstrations and achieve effective control.

More recently, research has moved beyond imitation
learning to explore reinforcement learning (RL)-based train-
ing of optimization-based policies, aiming to improve the
control performance through direct interaction with the en-
vironment. In particular, existing works have investigated
the integration of MPC with RL (Esfahani, Kordabad, and
Gros 2021; Lin et al. 2023; Reiter et al. 2025; Lawrence
et al. 2025), leveraging the fact that MPC naturally defines
a state-action value function Q, which can be updated via
Q-learning to enhance closed-loop control performance.

Building on this line of work, our approach departs
from value function approximation and instead treats the
optimization-based policy as a fully differentiable control
module. This work introduces DiffOP, a novel optimal con-
trol framework based on a Differentiable Optimization-
based Policy. DiffOP computes analytical policy gradients
by integrating trajectory derivatives derived from Pontrya-
gin’s Maximum Principle (PMP) (Jin et al. 2020; Xu, Mol-
loy, and Gould 2024) with the standard policy gradient algo-
rithm (Sutton and Barto 2018), enabling end-to-end learning
in model-free RL settings.

Our main contributions are as follows:

• We propose DiffOP, which learns optimization-based
control policies via policy gradients. A key technical in-
novation is the joint learning of both the cost function
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and system dynamics with environmental rewards, using
implicit differentiation and policy gradient updates.

• We provide, to the best of our knowledge, the first
non-asymptotic convergence guarantee for learning
optimization-based policies via policy gradients. Specif-
ically, we show that DiffOP converges to an ϵ-stationary
point within O(ϵ−1) iterations.

• We validate DiffOP on a set of nonlinear control tasks
and a real-world voltage control problem with safety con-
straints, demonstrating its ability to learn cost and dy-
namics models with superior control performance com-
pared to existing RL-based MPC methods and differen-
tiable optimization approaches in supervised settings.

Related Work
Differentiable Optimization for Control. Recent ad-
vances have enabled end-to-end learning of model-based
control policies (e.g., MPC) by making the underlying
optimization differentiable. This allows computing gradi-
ents w.r.t. optimization parameters, enabling learning via
gradient-based methods. One approach is to unroll the opti-
mization steps within the computational graph and apply au-
tomatic differentiation, as proposed in (Srinivas et al. 2018;
Liu et al. 2018). However, this method is memory-intensive
and may yield inaccurate gradients due to truncation. To
address the limitations of unrolling, (Amos et al. 2018)
proposed differentiable MPC by approximating the origi-
nal problem with iterative LQR and differentiating through
its KKT conditions, though this approach does not support
state constraints. Subsequently, (Jin et al. 2020) derived ex-
act analytical gradients by differentiating through Pontrya-
gin’s Maximum Principle (PMP), enabling support for state-
action constraints and improving computational efficiency.
More recently, (Xu, Molloy, and Gould 2024) introduced
IDOC, which applies variable elimination to the KKT sys-
tem to directly compute trajectory derivatives. While these
methods have primarily been applied to imitation learning,
our work builds on (Xu, Molloy, and Gould 2024) to enable
gradient computation for direct policy optimization.
Synthesis of MPC and RL. Supervised learning of MPC
policies often relies on minimizing proxy losses (e.g., pre-
diction error), which may not align with the true con-
trol objectives. To overcome this, there is increasing in-
terest in integrating RL with MPC to enhance closed-loop
performance. For example, (Chen, Cai, and Bergés 2019)
leverages Proximal Policy Optimization (PPO) to adapt lin-
ear dynamics models within the differentiable-MPC frame-
work (Amos et al. 2018), relying on LQR approxima-
tions. Given that MPC naturally defines a state-action value
function, (Gros and Zanon 2019, 2021; Lawrence et al.
2025) employ Q-learning with temporal-difference updates
to learn improved MPC policies. Additionally, (Seel, Gros,
and Gravdahl 2023) combines Q-learning with deterministic
policy gradients to improve convergence. Our work builds
on this direction but differs in that, instead of relying on
value function approximation or LQR-based structures, we
formulate the control policy as the solution to a parameter-
ized nonlinear optimization problem and derive exact ana-

lytical gradients via implicit differentiation. Beyond algo-
rithmic design, our work contributes theoretical convergence
results for the proposed framework, building on policy gra-
dient theory (Papini et al. 2018; Yang, Zheng, and Pan 2021;
Zhang et al. 2021) and recent work in bi-level optimiza-
tion (Ji, Yang, and Liang 2021; Kwon et al. 2023).

DiffOP: A Differentiable Optimization Policy
In this section, we introduce DiffOP, the optimization-based
control policy, and formalize its learning process as a bi-
level optimization problem. Throughout this paper, we use i
to denote the planning step within the optimization horizon,
and t to denote the actual time step in the control system.

Optimization-based Control Policy
The optimization-based control policy is defined as:

u⋆
0:H−1(xinit; θ) = argmin

u

H−1∑
i=0

c(xi, ui; θc) + cH(xH ; θH)

subject to x0 = xinit,

xi+1 = f(xi, ui; θf ),

g(xi, ui) ≤ 0, i = 0, ...,H − 1
(1)

where H is the planning horizon, xinit ∈ Rn is the ini-
tial state. We denote xi ∈ Rn, ui ∈ Rm as the system
state and control action at the i-th planning step, respec-
tively. c(xi, ui; θc), cH(xH ; θH) model the instantaneous
and terminal costs with learnable parameter θc and θH ,
f(xi, ui; θf ) models system dynamics with learnable pa-
rameters θf , and g(·) represents the state and control con-
straints, which are known to the control agent. In summary,
our policy (1) is represented by some parametric represen-
tation of the unknown cost and dynamics functions with pa-
rameters θ = (θc, θH , θf ) ∈ Rd.

Given a state x, DiffOP generates a sequence of control
actions by solving (1). We define the policy output as:

πθ(x) = {u⋆
0(x; θ), . . . , u

⋆
h−1(x; θ)}, (2)

where u⋆
i denotes the i-th action from the optimized se-

quence, and 1 ≤ h ≤ H specifies how many actions are
executed before receiving the next observation.

Remark 1. Although our policy optimizes over a finite hori-
zon, we do not name it as “MPC” since it is not limited
to receding-horizon execution. DiffOP allows execution of
multiple actions per optimization step (h ≥ 1). As shown
in both the algorithm and experiments, DiffOP naturally ac-
commodates arbitrary h through its policy gradient formula-
tion, supporting both step-wise (when h = 1 as in standard
MPC) and trajectory-level control (when h > 1). Moreover,
any standard optimization solver (Andersson et al. 2019;
Wächter and Biegler 2006) can be used to solve the policy.

Policy Learning as a Bi-Level Optimization
We are interested in learning the parameters in the policy
θ = (θc, θH , θf ) ∈ Rd to minimize the overall control costs.

19738



u⋆(θ) = argmin
H−1
∑
i=0

c(xi, ui; ) + cH(xH; )θc θH

g(xi, ui) ≤ 0
s.t. xi+1 = f(xi, ui, di; )θf

Optimization-based 
control policy

Learnable
parameters 

c( ⋅ ; θc),
cH( ⋅ ; θH),
f( ⋅ ; θf ) Action sequence 

xt

ut, ut+1,…, ut+h−1
Trajectory

Cost

Implicit Policy gradient

Environment 

Figure 1: Overview of the DiffOP framework. An optimization-based control policy generates an action sequence by solving a
parameterized optimal control problem with learnable dynamics and cost models. The environment executes the action sequence
and returns cost feedback, which is used to compute policy gradients for updating the parameters.

The policy optimization problem is formulated as:

min
θ

C(θ) := E

[
T∑

t=0

c(xt, ut;ϕc)

]
(3a)

subject to xt+1 = f(xt, ut;ϕf ), ∀t, (3b)
ut, . . . , ut+h−1 ∼ πθ(xt). (3c)

Upper-level: Unknown system (3a)(3b): Equation (3a) de-
scribes the ground-truth system cost model with parameters
ϕc and equation (3b) describes ground-truth system dynam-
ics parameterized by ϕf , both are unknown to the agent. The
decision maker seeks to learn an optimization-based policy
in the form of (1) with parameters θ = (θc, θH , θf ) that min-
imizes the expected accumulated costs in the real system.
Lower-level: Stochastic optimization-based policy (3c):
The lower-level optimization involves solving the optimiza-
tion policy to determine the control action at each time
step. To enable effective exploration during policy learning,
we introduce stochasticity by reparameterizing the policy
ut, . . . , ut+h−1 ∼ πθ(xt) as a truncated Gaussian distribu-
tion. Specifically, at each decision point t, the policy gener-
ates a sequence of h actions by solving the optimization, and
each action is sampled as:

ui ∼ N (u⋆
i , σ

2I), clipped to [u⋆
i ± βσ2I], (4)

for i = t, . . . , t + h − 1. Here u⋆
i denotes the determinis-

tic action at time step obtained by solving the optimization-
based policy (2). The term σ2I is the covariance matrix,
with σ2 > 0 controlling the variance of the exploration
noise, and I ∈ Rm×m is the identity matrix. The trunca-
tion bounds u⋆

τ ± βσ2I ensure the sampled actions remain
within a controlled range, with β > 0 serving as a hyperpa-
rameter that regulates the extent of exploration. This inde-
pendent Gaussian sampling is used for simplicity and ana-
lytical tractability in convergence analysis. In practice, Dif-
fOP can be extended to sample the action sequence jointly
from a multivariate Gaussian, allowing for correlated noise
across the planning horizon. The expectation E is taken
over the initial state distribution x0 ∼ D and the trajectory
(x0, u0, . . . , xT , uT ) induced by the stochastic policy (3c).
By choosing a truncated Gaussian distribution over a stan-

dard Gaussian distribution, we explicitly bound the devia-
tion of sampled actions from their optimal counterparts. This
bounded exploration helps control the variance of the policy
gradients, which is used for establishing gradient bounded-
ness and convergence analysis of our algorithm.

Crucially, we view problem (3) as a policy optimization
task, where the policy is implicitly defined through an opti-
mization problem. This formulation enables the adoption of
policy gradient methods for end-to-end training.

Proposed Algorithm
The proposed algorithm is summarized in Algorithm 1.
Our algorithm builds on the classic policy gradient frame-
work (Sutton and Barto 2018), and incorporates trajectory
derivatives derived from Pontryagin’s Maximum Principle
(PMP) (Jin et al. 2020; Xu, Molloy, and Gould 2024) to com-
pute gradients of the actual cost with respect to the policy
parameters θ := {θc, θH , θf}, which include the stage cost
parameters θc, terminal cost parameters θH , and dynamics
model parameters θf .

Algorithm 1: DiffOP

Input: θ(0) = (θ
(0)
c , θ

(0)
H , θ

(0)
f ), learning rate η

for k = 0, 1, . . . ,K − 1 do
for n = 1, . . . , N do

Sample the action as in eq (2)(4), ∀t
Collect the trajectory data (x

(n)
t , u

(n)
t , u⋆

t
(n)), ∀t

Calculate the gradient∇θu
⋆
t
(n) as in Proposition 1

end for
Estimate policy gradient ∇̂θC(θ(k)) as in Proposition 2

Update policy θ(k+1) ← θ(k) − η∇̂θC(θ(k))
end for

At each training iteration k, the algorithm collects a
batch of N trajectories by sampling actions from the cur-
rent optimization-based policy. For each trajectory, it com-
putes the gradients∇θu

⋆ of the optimal actions with respect
to the policy parameters. These gradients are then used to
estimate the overall policy gradient ∇̂θC(θ), which guides
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the parameter update via standard gradient descent. To de-
rive these gradients, we first present Proposition 1, which
characterizes the differentiability of the optimization-based
policy w.r.t. its parameters using the first-order optimality
conditions and the implicit function theorem.

We begin by defining x⋆
i , u

⋆
i as the optimal state and ac-

tion obtained by solving the optimization policy (1), where
i = 0, . . . ,H − 1 denotes the i-th planning step. We fur-
ther define ζ⋆ = (x⋆

0, u
⋆
0, x

⋆
1, u

⋆
1, . . . , u

⋆
H−1, x

⋆
H) as the

optimal solution trajectory over the horizon H . We stack
all constraints into a single vector-valued constraint κ :=
(κ−1, κ0, κ1, . . . , κH) ∈ Rnκ , nκ = (H +1)n+ q. Specifi-
cally, κ−1 = x⋆

0 is the input to the policy, and

κi =

{
(g̃(x⋆

i , u
⋆
i ), x

⋆
i+1 − f(x⋆

i , u
⋆
i ; θf )), i = 0, . . . ,H − 1,

g̃(x⋆
H), i = H,

(5)
where g̃(x⋆

i , u
⋆
i ) are the subset of active inequality con-

straints at i-th step, and q is the total number of active in-
equality constraints. The optimization problem in (1) can
be solved using general-purpose solvers (Gill, Murray, and
Saunders 2005; Diamond and Boyd 2016) to determine both
the optimal solution ζ⋆ and its active constraints κ.

Proposition 1 (Gradient of the optimization-based policy).
Suppose u⋆ is the solution of the optimization-based pol-
icy (1) and denote ζ⋆ as the resulting trajectory. Assume
c(·), cH(·), f(·), g(·) are twice differentiable in a neighbor-
hood of (θ, ζ⋆). Let

A = ∇ζκ(ζ
⋆; θ),

B = ∇2
θζJ(ζ

⋆; θ)−
H∑

i=−1

|κi|∑
j=1

λi,j∇2
θζ [κi(ζ

⋆; θ)]j ,

C = ∇θκ(ζ
⋆; θ),

D = ∇2
ζζJ(ζ

⋆; θ)−
H∑

i=−1

|κi|∑
j=1

λi,j∇2
ζζ [κi(ζ

⋆; θ)]j ,

If rank(A) = nκ and D is non-singular, then the gradient
∇θu

⋆
i takes the following form,

∇θu
⋆
i = [∇θζ

⋆](n+m)·i+n:(n+m)·(i+1), (6)

with

∇θζ
⋆ = D−1AT(AD−1AT)−1(AD−1B − C)−D−1B,

where n,m are the state and action dimensions, and the La-
grange multiplier λ ∈ Rnκ satisfies λTA = ∇ζJ(ζ

⋆; θ).

We note that λi,j is the dual variable corresponding to
the j-th element of κi(ζ

⋆; θ). Proposition 1 is a direct appli-
cation of the constrained optimization differentiation (Xu,
Molloy, and Gould 2024) and its proof is shown in our re-
port (Bian, Feng, and Shi 2025) for completeness.

We now turn to the estimation of the policy gradient.
Let τ = (x0, u0, x1, u1, . . . , uT−1, xT ) be the trajectory in-
duced by the policy. The analytical policy gradient update
rule would be the following:

Proposition 2 (Policy gradient update). Consider the policy
learning problem (3), the policy gradient takes the analytical
form of:

∇θC(θ) = E

[
L(τ)

(
T∑

t=0

1

σ2
[∇θu

⋆
t ]

T(ut − u⋆
t )

)]
, (7)

where ut, u
⋆
t are the actual control action and correspond-

ing optimal solution derived by the policy at time t.

Proof. The result follows from the REINFORCE gradient
estimator (Sutton and Barto 2018), applied to a stochastic
policy modeled as a Gaussian centered at the optimization-
based solution u⋆

t . For a detailed derivation, please refer to
our report (Bian, Feng, and Shi 2025).

By establishing differentiability of u⋆
t with respect to θ via

the implicit function theorem as described in Proposition 1,
we estimate the policy gradient in practice by Monte Carlo
sampling over N trajectories:

∇̂θC(θ(k)) = 1
N

∑N
n=1

[
L(τ (n))

∑T
t=0

1
σ2∇θu

⋆(n)⊤
t (u

(n)
t − u

⋆(n)
t )

]
(8)

It is worth noting that although we employ the REIN-
FORCE algorithm (Sutton and Barto 2018) in Algorithm 1
to estimate the policy gradients, there are several techniques
available to reduce the variance of the gradient estima-
tor (Zhao et al. 2011; Grathwohl et al. 2017) which could
be incorporated into the framework.

Non-Asymptotic Convergence Analysis
We present our main theoretical result, which establishes the
convergence properties of DiffOP when trained using Algo-
rithm 1. Since the policy is implicitly defined through an
optimization problem, the sensitivity of its solution with re-
spect to the policy parameters is central to the analysis.

Convergence Under Bounded Sensitivity
We begin by stating a sufficient condition for conver-
gence: bounded first- and second-order sensitivity of the
optimization-defined policy with respect to its parameters.
Assumption 1 (Bounded First/Second-Order Sensitivity).
There exists a constant Mu1 > 0,Mu2 > 0 such that for
all planning step i, the solution u⋆

i (x; θ) to the optimization-
defined policy satisfies:

∥∇θu
⋆
i (x; θ)∥ ≤Mu1,

∥∥∇2
θu

⋆
i (x; θ)

∥∥ ≤Mu2.

This assumption ensures that the policy responds
smoothly to changes in the parameters θ. Next, we assume
standard conditions within the policy optimization (Papini
et al. 2018), regarding the initial state distribution and the
trajectory cost.
Assumption 2. The initial state distribution D is supported
in a region with a finite radius D0. For any initial state x0 ∼
D, the trajectory cost L(τ) is bounded, i.e., there exists a
positive constant ML > 0 such that L(τ) ≤ML.

Now we can characterize the convergence of the proposed
algorithm.
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Theorem 1 (Convergence of DiffOP with Policy Gradient).
Suppose Assumptions 1 and 2 hold. For any ϵ > 0, and ν ∈
(0, 1), define a smoothness constant

LC = MLT (
√
mβMu2 +

1

σ2
M2

u1 + Tmβ2M2
u1),

a stepsize η = 1
4LC

, the number of policy iterations K, and
the number of sampled trajectories for each policy gradient
step N =

2mβ2M2
LT 2M2

u1

ϵ2 log 2Kd
ν . Then, with probability at

least 1− ν, we have

min
k=0,...,K−1

∥∇θC(θ(k))∥2 ≤ 16LC(C(θ(0))− C(θ))

K
+ 3ϵ.

(9)

where θ is the global optimum of (3).

Proof. The detailed proof is provided in our report (Bian,
Feng, and Shi 2025), building on standard stochastic ap-
proximation techniques (Papini et al. 2018) and adapted to
the implicit policy structure induced by optimization-based
control.

Sufficient Conditions for Bounded Sensitivity
We now present a common class of optimization-based poli-
cies that satisfy the sensitivity bounds in Assumption 1.
Specifically, we consider the unconstrained strongly convex
policy (1), for which concrete sufficient conditions can be
established.

Let x0 = xinit denote the initial state, and let u =
[u0, . . . , uH−1] ∈ RmH be the control sequence generated
by the optimization-based policy with parameters θ. The un-
rolled cost function can be written as:

J(xinit, u, θ) =
H−1∑
i=0

c(xi, ui; θc) + cH(xH ; θH), (10)

subject to the dynamics x0 = xinit, xi+1 = f(xi, ui; θf ) for
i = 0, . . . ,H − 1. We next introduce technical assumptions
that characterize the optimization landscape and smoothness
properties of this class of optimization-defined policies.

Assumption 3. The function J(xinit, u, θ) is µ-strongly con-
vex with respect to u.

Strong convexity ensures the uniqueness of the optimal
solution and the stability of the mapping from θ to the con-
trol sequence u⋆(x; θ). This injectivity yields well-defined
gradients and the convergence guarantees in our policy opti-
mization framework.

Assumption 4. Let z = (xinit, u, θ) and Z ⊂ Rnz be a
compact set. The unrolled cost function J(z) satisfies the
following:

• ∇zJ(z) is L1-Lipschitz: for any z, z′ ∈ Z ,

∥∇zJ(z)−∇zJ(z
′)∥ ≤ L1∥z − z′∥.

• ∇θ∇uJ(z) is L2-Lipschitz: for any z, z′ ∈ Z ,

∥∇θ∇uJ(z)−∇θ∇uJ(z
′)∥ ≤ L2∥z − z′∥.

• ∇2
uJ(z) is L3-Lipschitz: for any z, z′ ∈ Z ,∥∥∇2

uJ(z)−∇2
uJ(z

′)
∥∥ ≤ L3∥z − z′∥.

Assumption 4 captures the smoothness of the unrolled
cost function and its partial derivatives with respect to the
optimization variables and policy parameters. These con-
ditions ensure the gradients and Hessians involved in the
policy sensitivity analysis are well-behaved. Given Assump-
tions 3 and 4, we can show that Assumption 2 is satisfied.
Proposition 3. Under Assumptions 3 and 4, the
optimization-defined policy πθ satisfies the bounded
sensitivity condition stated in Assumption 1. In particular,
there exist constants

Mu1 =
L1

µ
, Mu2 =

L2

µ
+

L1L2 + L1L3

µ2
+

L2
1L3

µ3
,

such that for all planning steps i,

∥∇θu
⋆
i (x; θ)∥ ≤Mu1,

∥∥∇2
θu

⋆
i (x; θ)

∥∥ ≤Mu2.

Proof. The result follows from applying the implicit func-
tion theorem to the first-order optimality conditions of the
unconstrained problem. The complete proof is provided in
our report (Bian, Feng, and Shi 2025).

Our analysis makes a key theoretical contribution by es-
tablishing the first non-asymptotic convergence guarantee
for learning optimization-based policies via policy gradi-
ents. We show that DiffOP converges to an ϵ-stationary point
within O(1/ϵ) iterations under mild smoothness and strong
convexity assumptions. Notably, this matches the standard
convergence rate of first-order policy gradient methods, de-
spite the added complexity of differentiating through an im-
plicit optimization-based policy.

The central technical challenge lies in bounding the sen-
sitivity of the optimization solution w.r.t. policy parame-
ters. We address this by introducing structural assumptions
on the inner optimization problem and leveraging analyt-
ical tools from bilevel optimization theory (Ji, Yang, and
Liang 2021; Kwon et al. 2023). This analysis not only un-
derpins our convergence guarantee but also provides general
insights into when optimization-based policies admit stable
gradient-based learning. In more general settings, such as
non-convex or constrained optimization problems, the solu-
tion mapping can become non-smooth or even discontinu-
ous, especially near constraint boundaries or saddle points.
This can lead to unbounded gradients and unstable updates
during training, making theoretical convergence guarantees
significantly harder to establish. For instance, in the pres-
ence of inequality constraints, small changes in parameters
can trigger abrupt changes in the active set, breaking the
smoothness assumptions required for standard implicit dif-
ferentiation. Extending our convergence analysis to cover
such cases remains an important and challenging direction
for future work.

However, in practice, certain smooth non-convex con-
strained problems may exhibit locally bounded sensitivi-
ties (Scieur et al. 2022) and satisfy Assumption 1. To demon-
strate the practical performance of DiffOP, we include exper-
iments on constrained control tasks that highlight its appli-
cability to realistic settings.
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Systems Objective parameter θc, θH Dynamic parameter θf
Cartpole

c(xi, ui) = ∥θTc (xi − xnom)∥2 + ∥ui∥2
cH(xH) = ∥θTH(xH − xnom)∥2

length and mass for each link
Two-link robot arm length and mass for each link
6-DoF quadrotor maneuvering mass, wing length, inertia matrix

Table 1: Nonlinear experimental settings (Jin et al. 2020).

Figure 2: Control cost versus training iteration on nonlinear control tasks. Solid lines indicate the mean cost over 5 runs, and
shaded regions denote the 20th to 80th percentile range.

Experiments
In this section, we evaluate the effectiveness of DiffOP on
nonlinear control tasks and a constrained voltage regulation
problem. Detailed experimental settings are provided in our
report (Bian, Feng, and Shi 2025).

Nonlinear Control Tasks
In this section, we evaluate the proposed DiffOP framework
on a set of nonlinear control tasks. We follow the experimen-
tal setup introduced in (Jin et al. 2020), and summarize the
environment details in Table 1.

We compare against the following optimization-based
control baselines. In all methods, the forward pass is solved
using CasADi optimization solver (Andersson et al. 2019):
• PDP (Offline) (Jin et al. 2020): Learns optimization

parameters via Pontryagin Differentiable Programming
from expert trajectories. As a purely offline method, it
does not adapt online. Reported performance is taken di-
rectly from the original paper.

• RLMPC-TD (Gros and Zanon 2019): A model-free rein-
forcement learning approach that updates a short-horizon
MPC policy using temporal-difference (TD) Q-learning.

• RLMPC-DPG (Seel, Gros, and Gravdahl 2023): A vari-
ant of RLMPC-TD that also employs deterministic policy
gradient (DPG) for updating the MPC parameters, with
the same short-horizon control structure.

We evaluate DiffOP under two deployment modes to
highlight its flexibility:

• DiffOP (Step): At each time step, apply only the first
action of the optimized trajectory, i.e., a receding-horizon
scheme mirrors RLMPC-TD and RLMPC-DPG.

• DiffOP (Traj): Generate the entire optimized control
sequence once at the start of the episode and execute

it open-loop. This trajectory-optimization setting boosts
temporal consistency but sacrifices some robustness due
to its open-loop nature.

For fair comparison, the planning horizon is set to 6
for Cartpole and 12 for RobotArm and Quadrotor across
RLMPC-TD, RLMPC-DPG, and DiffOP (Step). For all Dif-
fOP experiments, we set β = 0.01, η = 0.1 and N =
10. RL-based MPC baselines are implemented using the
MPC4RL framework (Reinhardt et al. 2024). Results are
presented in Figure 2. Compared to RL-based MPC base-
lines, DiffOP (Step) achieves faster convergence and lower
final control cost across all nonlinear control tasks. In par-
ticular, it outperforms both RLMPC-TD and RLMPC-DPG
which often converge to suboptimal solutions and may fail
to consistently reduce control cost.

Compared to PDP (Offline), DiffOP (Traj) consistently
achieves lower control cost in Robot Arm and Quadrotor
tasks, showing the benefit of policy refinement through on-
line interaction. While PDP relies solely on supervised ex-
pert data, DiffOP (Traj) fine-tunes the optimization-based
policy using reinforcement learning, enabling it to surpass
offline imitation performance and adapt better to the true
system dynamics. These results highlight the effectiveness
of DiffOP under both receding-horizon and open-loop set-
tings, and its robustness across control tasks with different
levels of nonlinearity and complexity.

Voltage Control with Power Injection Constraints
We further evaluate DiffOP on a practical voltage con-
trol scenario involving reactive power constraints, using the
IEEE 13-bus radial distribution benchmark. We adopt the
experimental setup of (Feng et al. 2023), using the Pan-
dapower toolbox (Turitsyn et al. 2011) to simulate the power
network under two voltage disturbance scenarios: (1) high
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Transient cost Steady state cost
DiffOP (Step) -6.81 -0.11
RLMPC-DPG -6.11 -0.10
RLMPC-TD -4.62 -0.07
DiffOP (Traj) -6.80 -0.11
PDP (Offline) -5.86 -0.09
Stable-DDPG -5.61 -0.09
TASRL -6.76 -0.11

Table 2: Performance on 500 scenarios of the IEEE 13-bus
system. Lower cost indicates better performance. DiffOP
(Traj) and PDP use horizon H = 30 with open-loop exe-
cution; DiffOP (Step), RLMPC-DPG, and RLMPC-TD use
H = 6 with first-action execution.

voltage due to excess PV generation under strong sunlight,
and (2) low voltage caused by peak loads with insufficient
generation. For each scenario, we vary load profiles to in-
duce deviations of 5%–15% from the nominal voltage vnom.
The goal of voltage control is to achieve fast voltage restora-
tion to an acceptable range (5%) with minimal control.

Let vi ∈ R3 denote the squared voltage magnitudes, qi ∈
R3 the reactive power injection, and ui ∈ R3 the control
inputs at step i. We define the optimization-based control
policy for voltage regulation:

argmin
u

H−1∑
i=0

(
u⊤
i Cuui + (vi − vnom)

⊤
Cv(vi − vnom)

)
+ (vH − vnom)

⊤
Cv(vH − vnom) (11a)

s.t. vi+1 = Aqi + venv, qi+1 = qi + ui, (11b)
q ≤ qi ≤ q. (11c)

The objective (11a) penalizes both voltage deviation from
the nominal value vnom and control effort, where Cu is a
fixed parameter reflecting actuation cost. Equation (11b)
models the voltage and reactive power dynamics, where venv

is the initial voltage determined by load profiles. In gen-
eral, venv is considered static due to time-scale separation
between load change and the voltage control process. Con-
straint (11c) ensures that the reactive power injection qt re-
mains within operational limits. The policy parameters in-
clude θ = {Cv, A}, which are learned to optimize both
transient and steady-state performance—ensuring fast con-
vergence, low operational cost, and stable voltage profiles.

Our proposed DiffOP is evaluated in comparison with all
prior baselines, as well as two state-of-the-art algorithms de-
signed for voltage control:

• Stable-DDPG (Shi et al. 2022): An RL-trained mono-
tone neural policy for voltage control with theoretical
voltage restoration guarantees.

• TASRL (Feng et al. 2023): An RL-policy that incorpo-
rates Stable-DDPG and safe gradient flow to achieve fast
voltage restoration while guaranteeing steady-state opti-
mality with limited reactive-power capacity.

All optimization-based policies are trained on 10,000 trajec-
tories, each of length T = 30 seconds. The planning horizon

Figure 3: Voltage and reactive power trajectories. Solid lines
show post-training responses; dashed lines are pre-training
performance. Gray shaded areas denote the safe operating
bounds for system stability.

is set to H = 6 across RLMPC-TD, RLMPC-DPG, and Dif-
fOP (Step). The overall performance is summarized in Ta-
ble 2. For comparison, we use results reported in (Feng et al.
2023) for Stable-DDPG and TASRL. DiffOP consistently
achieves the lowest transient and steady-state costs across all
baselines. Compared to MPC-based approaches, DiffOP ef-
fectively learns both cost and dynamics parameters, achiev-
ing the best performance in both transient and steady-state
costs. Notably, it also outperforms RL-based neural network
policies in transient cost and matches TASRL’s steady-state
cost.

Further, we visualize the voltage and reactive power in-
jection trajectories in Figure 3. After policy optimization,
both variants exhibit significantly improved voltage regula-
tion and faster convergence, with all voltage trajectories sta-
bilized within the safe operating bounds (gray regions), in
contrast to the untrained policy. Notably, our framework nat-
urally supports applying a sequence of actions to the system,
rather than being limited to receding-horizon execution. De-
spite the different planning settings used in DiffOP (Step)
and DiffOP (Traj), both variants consistently learn effective
control policies.

Conclusion
In this paper, we proposed DiffOP, a novel framework for
learning optimization-based control policies via analytical
implicit policy gradients. Experiments on nonlinear control
and constrained voltage regulation tasks show that DiffOP
consistently improves performance and outperforms both
model-free and MPC-based baselines. This work opens the
door to several interesting directions for future research.
First, we aim to explore improved sample complexity for
learning the optimization-based policy. Secondly, it would
be of significant interest to further investigate the robustness
of DiffOP in comparison to model-free RL approaches. Fi-
nally, we envision extending the experimental results of Dif-
fOP to a wide range of real-world deployments.
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