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Abstract

We study the problem of trajectory optimization
in settings where the system dynamics are un-
known and it is not possible to simulate trajecto-
ries through a surrogate model. When an offline
dataset of trajectories is available, an agent could
directly learn a trajectory generator by distribution
matching. However, this approach only recovers
the behavior distribution in the dataset, and does
not in general produce a model that minimizes
a desired cost criterion. In this work, we pro-
pose Drifting MPC, an offline trajectory optimiza-
tion framework that combines drifting generative
models with receding-horizon planning under un-
known dynamics. The goal of Drifting MPC is
to learn, from an offline dataset of trajectories, a
conditional distribution over trajectories that is
both supported by the data and biased toward opti-
mal plans. We show that the resulting distribution
learned by Drifting MPC is the unique solution of
an objective that trades off optimality with close-
ness to the offline prior. Empirically, we show
that Drifting MPC can generate near-optimal tra-
jectories while retaining the one-step inference
efficiency of drifting models and substantially re-
ducing generation time relative to diffusion-based
baselines.

1. Introduction
Trajectory optimization lies at the heart of control and
robot autonomy. In many settings, however, computing an
accurate control law through trajectory optimization is itself
difficult because it requires a model of the environment
that is sufficiently faithful for planning. While data-driven
modeling (Willems et al., 2005; Tang and Daoutidis, 2022;
Coulson et al., 2019; Russo and Proutiere, 2023) and system
identification (Ljung, 1998) provide natural alternatives, in
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the presence of noise or nonlinearities, it may be difficult
to construct a model of the system that is accurate enough
to compute a control law. The system dynamics may be
unknown or hard to identify precisely. In such cases, the
agent must rely on an offline dataset of previously collected
trajectories, often generated by heterogeneous and possibly
suboptimal controllers, to learn an optimal action plan.

Reinforcement learning (Sutton and Barto, 2018) is a
natural alternative in this setting. In particular, model-based
RL (Polydoros and Nalpantidis, 2017; Argenson and
Dulac-Arnold, 2021) seeks to learn a model of the system
from data and then use that model for planning or policy
improvement (Janner et al., 2019; Yu et al., 2020; Kidambi
et al., 2020). This can be effective when the learned model
is sufficiently accurate in the regions visited by the resulting
controller. However, the quality of the control law then
depends on the quality of the learned model over long
horizons, and even small prediction errors may accumulate
during rollouts and distort the optimization process (Foffano
et al., 2025; Janner et al., 2019; Yu et al., 2020). This
issue is particularly acute in offline settings, where the
model must be learned from a fixed dataset and cannot be
corrected through further interactions (Kidambi et al., 2020;
Prudencio et al., 2023).

A different alternative is to bypass explicit model learning
altogether and instead learn a conditional generator that pro-
poses full trajectory plans directly from data (Janner et al.,
2021; 2022). In this setting, one does not attempt to iden-
tify the underlying transition dynamics and then optimize
through it. Rather, one learns a distribution over trajec-
tories themselves, conditioned on the current state. This
perspective is attractive for two reasons: (i) it amortizes
computation so that planning at test time reduces to gen-
erating and scoring candidate trajectories; (ii) it shifts the
learning problem from system identification to trajectory
generation (Janner et al., 2021; Chen et al., 2021; Janner
et al., 2022), which can be preferable in settings where ac-
curate one-step prediction is difficult but the dataset still
contains coherent long-horizon behavior. In principle, such
a model can be embedded inside a receding-horizon control
strategy by repeatedly sampling candidate trajectories from
the current state and executing the control action from the
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Receding-Horizon Control via Drifting Models

one with smallest cost.

Yet, this approach introduces a fundamental mismatch
between modeling and optimization. A generator trained
only by distribution matching will reproduce the behavior
contained in the offline dataset, namely what the data-
collecting controllers tended to do, but not necessarily what
is optimal according to some cost criterion. The challenge
is therefore to retain the computational advantages of direct
trajectory generation while biasing the generated plans
toward optimal solutions.

Diffusion-based planners address this challenge by com-
bining trajectory generation with reward or cost guidance
(Janner et al., 2022), and have shown that generative
models can be effective tools for planning. Their main
drawback is computational: they require multiple denoising
steps at inference time, which makes them difficult to
deploy in real-time control scenarios where the planner
must be queried repeatedly. Drifting models provide a
complementary alternative (Deng et al., 2026). They replace
iterative denoising with a one-step pushforward generator
trained through an attraction-repulsion field, making them
attractive for fast receding-horizon planning. However, if
applied directly to offline data, they still converge to the
empirical behavior distribution, and therefore do not in
general solve the trajectory optimization problem of interest.

In this work, we propose Drifting MPC, an offline trajectory
optimization framework that combines drifting generative
models with receding-horizon planning under unknown dy-
namics. The key idea is to modify the positive drift field so
that the learned generator is trained toward an optimal target
distribution rather than toward the raw dataset distribution.
More precisely, we use an exponentially tilted offline prior,
which increases the influence of optimal trajectories while
preserving regularization toward the local support of the
data. The learned generator is then used inside a best-of-M
receding-horizon planner: given the current state and a cost
query, it proposes several candidate trajectories, their known
quadratic cost is evaluated, and the first control of the best
candidate is executed.

We prove that our method is theoretically sound and we em-
pirically validate it by comparing it with several baselines,
showing that our method can produce optimal controls with
a speed close to executing the closed form solution.

2. Related Work
Trajectory modeling for offline decision-making A
closely related line of work views offline decision-making
as a sequence or trajectory modeling problem. Decision
Transformer casts offline reinforcement learning as return-

conditioned sequence generation (Chen et al., 2021; Em-
mons et al., 2021), while Trajectory Transformer models
trajectories autoregressively and performs planning in the
learned sequence space (Janner et al., 2021). More broadly,
conditional generative modeling has also been proposed as a
general framework for offline decision-making (Ajay et al.,
2023). These works share the same high-level motivation
as ours: replace explicit dynamic programming or repeated
model rollouts with a learned model over trajectories. Our
setting, however, is different in two key respects. First, we
target one-step trajectory generation rather than autoregres-
sive generation. Second, instead of conditioning on desired
return or using search over a sequence model, we bias the
learned distribution by changing the positive distribution in
the drifting objective itself.

Diffusion-based planning and control Diffusion models
(Ho et al., 2020) have recently become a standard tool for
generative planning. Diffuser formulates planning as condi-
tional trajectory denoising and try to include constraints, or
goal information through test-time guidance (Janner et al.,
2022). Related diffusion-based methods have also been
used as policy classes for offline reinforcement learning and
robot control (Wang et al., 2023; Chi et al., 2024). These
methods form the most natural baseline family for our work.
The main difference is computational: diffusion planners
rely on multiple denoising steps at inference time, whereas
Drifting MPC aims to learn a one-step proposal model that
can be queried repeatedly inside a receding-horizon loop.

Offline model-based planning and learning-augmented
MPC Another nearby literature studies offline planning
through learned dynamics models. Model-based offline re-
inforcement learning and planning methods such as MBOP,
MOPO, MOReL, and MOPP learn a surrogate model from
static data and then optimize through that model at test time
(Argenson and Dulac-Arnold, 2021; Yu et al., 2020; Ki-
dambi et al., 2020; Zhan et al., 2022). Closely related are
learning-augmented MPC approaches, which use learned
proposal distributions or sequence models to warm-start or
regularize online planning (Sacks and Boots, 2022; Celestini
et al., 2024; Russo and Proutiere, 2023; Tranos et al., 2023).
Drifting MPC is related to this line of work in that it is also
used inside a receding-horizon controller, but it differs in
a fundamental way: it does not roll candidate trajectories
through a learned model or solve a trajectory optimization
problem online.

Drifting models and regularized control. Our method
builds directly on Drifting Models, which replace itera-
tive denoising of diffusion models with a single pushfor-
ward map (Deng et al., 2026). Standard drifting, however,
matches the data distribution and therefore recovers the of-
fline behavior prior rather than an objective-aware planning
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Receding-Horizon Control via Drifting Models

distribution. Drifting MPC addresses exactly this limitation,
so that the generator is biased towards optimal trajectories.
This idea is also closely related to the broader control-as-
inference view of regularized optimal control, where optimal
control distributions arise by exponentially tilting a prior
with task-dependent rewards or costs (Levine, 2018).

3. Background and Problem Definition
In receding-horizon control at every decision step the con-
troller must synthesize a sequence of control actions that
minimize some cost criterion. When an accurate model
is available, this problems fits naturally within a model-
predictive control (MPC) framework. In the regime con-
sidered in this paper, however, we assume the agent does
not have access to the underlying transition law. We now
describe the model considered in the paper and the problem
definition.

3.1. Setting

Model In the following we consider a discrete-time con-
trol system M = (X ,U , f, ρ0, H), where X ⊆ Rdx is
the state space, U ⊆ Rdu is the control space, f is the
unknown transition law over the next state, ρ0 is the initial-
state distribution, and H ∈ N is the planning horizon.
Therefore, at each timestep the state evolves according to
xt+1 ∼ f(· | xt, ut), where ut is the control action at
timestep t, and the initial state is x0 ∼ ρ.

In the following, we write an H-step trajectory as

τ = (x0, u0, x1, u1, . . . , xH−1, uH−1, xH), x0 = x,

where x is the initial state, and by τt = (x0, u0, . . . , xt, ut)
its truncation to the first t transitions. We also denote by
TH(x) the set of all such H-step trajectories starting at
x, and by TH =

⋃
x∈X TH(x) the corresponding global

trajectory space.

Trajectory cost In the following, we associate to each
trajectory τ a cost. Specifically, the finite-horizon cost asso-
ciated with a trajectory τ ∈ TH(x) is

Jx(τ ;ω) :=

H−1∑
t=0

(
x⊤
t Q(ω)xt+u⊤

t R(ω)ut

)
+x⊤

HQ(ω)xH .

(1)
where Q(ω) ∈ Rdx×dx and R(ω) ∈ Rdu×du are semi-
definite positive matrices parametrized by a cost param-
eter ω = (q, r) ∈ Ω in a compact set Ω. For simplic-
ity, without loss of generality in the following we assume
Q(ω) = diag(q) and R(ω) = diag(r) and

Ω = [qmin, qmax]
dx × [rmin, rmax]

du ,

with non-negative bounds qmin ≥ 0, qmax ≥ 0.

3.2. Problem Definition

We are interested in deriving a data-driven receding-horizon
control law to minimize the expected cost Jx(·;ω) at any
starting state x and cost parameter ω. Unlike previous work
on data-driven methods, we consider a generative approach
in which we learn a law µx,ω over the set of trajectories
TH(x) for a given cost descriptor ω. In particular, our goal is
not to learn just any law, but rather a law µx,ω that minimizes
the expected trajectory cost.

Objective In the following, for any fixed (x, ω) ∈ X ×Ω
we consider the following optimization problem

min
µ∈∆(TH(x))

Eτ∼µ [Jx(τ ;ω)]

s.t. µ (dxt+1 | τt) = f (dxt+1 | xt, ut) a.s. ∀t < H,
(2)

where ∆(TH(x)) denotes the set of probability measures
over H-step trajectories starting at x.

Control law We propose to use a minimizer of Eq. (2) to
implement a receding-horizon control law. Assuming the
agent can compute a minimizer µ⋆

x,ω at any (x, ω), then,
at any timestep t after observing the state x, the agent can
sample a trajectory τ ∼ µ⋆

x,ω and execute the first control
action u0 in this trajectory. The agent then observes the next
state and repeats the procedure.

Importantly, in this paper we rule out learning a model-
based inner loop to approximate µ⋆: therefore we cannot
score candidate controls by simulating them forward. This
motivates an algorithimic design that learns a full distri-
bution over H-step trajectories (and not only actions). At
the same time, we also need to find a distribution µ that
minimizes the expected cost.

Offline trajectories Lastly, we assume the agent has ac-
cess to an offline dataset of trajectories

D = {τi}Ni=1, (3)

where each τi is a horizon-H trajectory segment generated
by some control law. In the following, we denote by PD =
1

|D|
∑|D|

i=1 δτi the empirical distribution of trajectories in D.

3.3. Drifting Models

Drifting models are one-step generative models that learn
by iteratively transporting samples toward a desired target
distribution p (Deng et al., 2026). The goal of these models
is to train a generator so that it produces a sample distributed
according to p in a single forward pass. Henceforth, in con-
trast to diffusion models, which require multiple denoising
steps at inference time, drifting models retain single-step
generation, which makes them particularly appealing for
receding-horizon control.

3
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Receding-Horizon Control via Drifting Models

Mathematically, given some noise ε ∼ N (0, I), a generator
produces a sample z = Gθ(ε), which induces a conditional
distribution qθ. Then, at training time, the evolution of a
sample z is governed by the following equation zk+1 =
zk + Vp,qθ (zk) where Vp,qθ is a drift field that quantifies
the shift. Following (Deng et al., 2026), we obtain that
Vp,qθ = 0 when p = qθ (it is also possible to give some
sufficient conditions under which Vp,qθ ≈ 0 implies qθ ≈ p).
Therefore, the objective is to train Gθ so that E[∥Vp,qθ∥] ≈
0.

To define a drift field Vp,qθ , the main idea is to ensure that
it moves generated samples toward a chosen positive dis-
tribution p while repelling them from the current model
distribution qθ. To that aim, we define the drift field as

Vp,qθ (z) = V +
p (z)− V −

qθ
(z). (4)

where V +
p is the positive mean-shift field and V −

q (z) is
the negative mean-shift field. To define these fields, we
introduce a kernel that measures local similarity

k(z, z′) = exp

(
−∥z − z′∥22

T

)
,

where T > 0 is a temperature parameter. Then, the positive
and negative mean-shift fields are defined as

V +
p (z) =

Ez+∼p [k (z, z
+) (z+ − z)]

Ez+∼p [k (z, z+)]
, (5)

V −
qθ
(z) =

Ez−∼qθ [k (z, z
−) (z− − z)]

Ez−∼qθ [k (z, z
−)]

. (6)

Training is performed with a fixed-point objective: if zθ =
Gθ(ε), then the model is updated so that z moves toward its
drifted target,

Ldrift(θ) = Ez∼qθ

[
∥z − sg (z + Vp,qθ (z))∥

2
2

]
, (7)

where sg(·) denotes stop-gradient. At equilibrium, the gen-
erated distribution matches the chosen positive distribution.

4. Method
Our method revolves around solving Eq. (2) using an
offline dataset D, and using the minimizer µ⋆ to compute a
receding-horizon control law. We propose Drifting MPC,
a method based on Drifting Models (Deng et al., 2026) to
learn a minimizer µ⋆ for any (x, ω). The goal of Drifting
MPC is to learn, from the offline dataset D, a conditional
generator that maps noise, the current state, and the cost
parameter to a distribution over relative trajectories that is
both supported by the data and skewed toward low-cost
plans. The learned generator is then used as a proposal
mechanism inside a best-of-M receding-horizon planner.

The central question is how to modify the drift modeling
approach to learn µ⋆ given an offline dataset D. In fact,
if one simply applied the drift modeling approach to learn
a distribution µ ≈ PD, we do not necessarily have that
µ minimizes Eq. (2). We propose to change the positive
mean-shift field V +

PD
in drift modeling so that the learned

generator is not only faithful to the offline data, but also
biased toward trajectories that are useful for control.

In the following subsection, we introduce a method to shift
a (conditioned) positive drift field, so that we can approxi-
mately solve Eq. (2).

4.1. Conditionally Shifted Drift Fields

We now explain how to modify the drift modeling approach
to learn shifted distributions conditioned on some query c. In
the following we denote a planning query by c = (x0, ω) ∈
X ×Ω, and define a conditional generator as a parametrized
model Gθ : Rdϵ × R2dx+du → RH·(dx+du)+dx that takes
as input a conditioning query c and noise ϵ ∼ pϵ (with
pϵ = N (0, I)). The genorator maps noise to samples
z = Gθ(ϵ, c): hence, the generator induces the conditional
pushforward distribution

qθ(· | c) = [Gθ(·, c)]#pϵ.

4.1.1. TARGET DISTRIBUTION

The goal of generative modeling is to train Gθ so that it
induces some desired target distribution. Assume we have
some prior distribution p0(· | x0) over trajectories with
starting state x0 and satisfying the transition law f . The
key idea is to replace this prior with a cost-aware positive
distribution. For an inverse temperature β > 0, define the
tilted target

pβ(dτ | c) ∝ exp (−βJx0
(τ ;ω)) p0(dτ | x0). (8)

where the weight exp (−βJx0(τ ;ω)) down-weights trajec-
tories with larger cost, and promotes trajectories with lower
cost.

We can show than this distribution pβ solves a regularized
version of Eq. (2).
Theorem 1 (Variational characterization of the tilted distri-
bution). Fix c = (x0, ω) and β > 0. Let p0(· | x0) be a
reference distribution over trajectories and define

pβ(dτ | c) = e−βJx0 (τ ;ω)

Zβ(c)
p0(dτ | x0), (9)

where Zβ(c) =
∫
e−βJx0 (τ ;ω)p0(dτ | x0). Then pβ(· | c)

is the unique minimizer of

min
p≪p0(·|x0)

Eτ∼p [Jx0
(τ ;ω)] +

1

β
KL (p(· | c)∥p0(· | x0)) .

(10)
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Receding-Horizon Control via Drifting Models

Proof. For any p ≪ p0(· | x0),

log
dp

dpβ
= log

dp

dp0
+ βJx0

(τ ;ω) + logZβ(c).

Taking expectation with respect to p yields

KL(p∥pβ) = KL(p∥p0) + βEp[Jx0
(τ ;ω)] + logZβ(c).

Rearranging gives

Ep[Jx0
(τ ;ω)] + 1

β

(
KL(p∥p0) + logZβ(c)

)
= 1

β KL(p∥pβ).

The first term on the r.h.s. is constant in p, while the second
is non-negative and vanishes only when p = pβ .

Theorem 1 shows that pβ is not merely favoring low-cost
trajectories: it is targeting the solution of a problem that
trades off two competing objectives: minimizing control
cost and remaining close to the offline trajectory prior.
The distribution is characterized by β, which defines how
aggressively the the tilted distribution shifts away from the
prior p0 towards lost-cost trajectories. From a practical
perspective, early in training small values of β may be
beneficial, as it recovers a behavior-like prior and stabilize
optimization. As training proceeds, larger values of β
gradually transform the same local prior into a sharper,
more optimization-oriented target.

4.1.2. TILTING LEMMA

In the following result, we show how pβ can be learned
using drift modeling. The idea is to tilt the positive drift
field V +

p0
. Recall that to define a drifting field we require

a kernel that measures local similarity. We use a Gaussian
kernel

k(τ, τ ′) = exp

(
−∥τ − τ ′∥22

T

)
,

where T > 0 is a temperature parameter. Then, given an
initial state x0 and a trajectory τ ∈ TH(x0), the positive
mean-shift field for p0 in x0 is defined as

V +
p0
(τ ;x0) =

Eτ+∼p0(·|x0) [k (τ, τ
+) (τ+ − τ)]

Eτ+∼p0(·|x0) [k (τ, τ
+)]

, (11)

and similarly for pβ we have

V +
pβ
(τ ;x0) =

Eτ+∼pβ(·|x0) [k (τ, τ
+) (τ+ − τ)]

Eτ+∼pβ(·|x0) [k (τ, τ
+)]

. (12)

Using the simple fact that pβ ∝ exp(−βJx0
)p0, we find the

following immediate result implying that it is sufficient to
tilt the original mean-shift drift.

Lemma 1 (Tilting). Fix c = (x0, ω) and let p0(·|x0) be a
reference distribution over trajectories. Define the weight
wβ(τ ; c) = exp(−βJx0(τ ;ω)). Define the weighted mean-
shifted operator:

V +
p0
(τ ;β, c) :=

Eτ ′∼p0(·|x0) [wβ(τ
′; c)k(τ, τ ′)(τ ′ − τ)]

Eτ ′∼p0(·|x0) [wβ(τ ′; c)k(τ, τ ′)]
.

We have that

V +
pβ
(τ ;x0) = V +

p0
(τ ;β, c) p0 − a.e.

Proof. By definition of pβ , for any integrable h we have

Eτ ′∼pβ
[h(τ)] =

∫
h(τ ′)

wβ(τ
′; c)

Z
p0(dτ

′ | x0),

=
1

Z
Eτ ′∼p0(·|x0)[w(τ

′; c)h(τ ′)].

Apply this identity in V +
pβ
(τ ;x0) with h(τ ′) = k(τ, τ ′)(τ ′−

τ) for the numerator and h(τ ′) = k(τ, τ ′) for the denomi-
nator. The factor 1/Z cancels between numerator and de-
nominator, yielding the claim.

This result is what makes Drifting MPC implementable. It
shows that the algorithm only needs relative importance
weights of the form e−βJ , not samples from a globally
normalized target distribution. The proposition therefore
provides the formal bridge between the ideal cost-aware
target and the practical minibatch-level computation carried
out during training.

4.1.3. DRIFT LOSS

We are now ready to define the drift loss used to train the
generator Gθ. First, we define p̂0(· | x0) as an empirical
prior computed using the offline data D.

We use the following empirical prior

p̂0(· | x0) :=

N∑
i=1

αi(x0) δτi(·), (13)

where αi is defined as the following normalized weight

αi(x0) ∝ kx(x0, xi)1{i ∈ NK(x0)},

where xi is the initial state of trajectory τi. The kernel
kx : Rdx × Rdx → [0,∞) measures the similarity between
x0 and xi and NK(x0) is the set of K nearest neighbors
retrieved from the offline dataset D defined according to
some distance. Intuitively, (13) focuses the prior generator
on trajectories that are compatible with x0, and with
Kx(x0, xi) = 1{x0=xi} we retrieve the true empirical prior.

5
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Receding-Horizon Control via Drifting Models

Then, for a given c = (x0, ω), we define the empirical drift
loss by the following fixed-point objective

Ldrift(θ; c) = E
[∥∥∥τ − sg

(
τ + V̂p̂0,qθ (τ ;β, c)

)∥∥∥2
2

]
,

(14)
where the empirical drift field V̂p̂0,qθ (τ ;β, c) for τ ∼ qθ(· |
c) is defined as

V̂p̂0,qθ (τ ;β, c) = V̂ +
p̂0
(τ ;β, c)− V̂ −

qθ
(τ ; c),

with positive drift field V̂ +
p̂0
(τ ;β, c) and negative drift field

V̂ −
qθ
(τ ; c). These fields are defined as follows

V̂ +
p̂0
(τ ;β, c) := EB+,τ+

[
k̃+B,β(τ, τ

+; c)(τ+ − τ)
]
,

V̂ −
qθ
(τ ; c) := EB−,τ−

[
k̃−B (τ, τ

−; c)(τ− − τ)
]

with τ+ ∼ p̂0(· | x0), τ− ∼ qθ(· | c). The batch B =
{B+,B−} is used to empirically approximate the weights,
and it contains positive samples

B+ = (τ+i )Ki=1, τ
+
i ∼ p̂0(· | x0),

and negative samples

B− = (τ−i )Mi=1, τ
−
i ∼ qθ(· | c).

Then, the normalized positive weights k̃+B (τ, τ
+) for the

positive field is defined as

k̃+B,β(τ, τ
+; c) =

e−βJ̃i(ω) k(τ, τ+)∑
τj∈B+ e−βJ̃j(ω) k(τ, τj)

. (15)

where we used Lemma 1 and J̃i(ω) denotes the relabeled
cost of the i-th retrieved trajectory in B+ under the query
parameter ω. Lastly, the normalized weight for the negative
field is

k̃−B (τ, τ
−; c) =

k(τ, τ−)∑
τj∈B−\{τ} k(τ, τj)

. (16)

Hence, Equation (14) moves each generated sample toward
a local, cost-aware mean shift of the offline data while re-
pelling it from the current model distribution.

4.2. Full algorithm

We now describe how Drifting MPC is trained in practice
and how it is used at test time.

Training phase The training objective is obtained by av-
eraging the conditional drift loss Eq. (14) over a distribution
of planning queries c. To that end, let

ρ̂0 :=
1

N

N∑
i=1

δxi

Algorithm 1 Training Drifting MPC
Require: offline dataset D = {τi}Ni=1; generator Gθ;

neighborhood size K; negative batch size M ; query
distribution ρ̂0 ×Unif(Ω); inverse-temperature sched-
ule β

1: for each stochastic gradient step do
2: Sample a batch of queries cb = (x

(b)
0 , ω(b)), b =

1, . . . , B, with x
(b)
0 ∼ ρ̂0 and ω(b) ∼ Unif(Ω).

3: for b = 1, . . . , B do
4: Construct positive batch B+

b = (τ+i )Ki=1 from
p̂0(· | x(b)

0 ) and compute J̃i(ω
(b)) for each τ+i ∈

B+
b .

5: Sample ϵ1, . . . , ϵM ∼ N (0, I) and construct a
negative batch B−

b = (τ−1 , . . . , τ−M ), τ−j =
Gθ(ϵj , cb).

6: for j = 1, . . . ,M do
7: Compute the fields V̂ +

p̂0
(τ−j ;β, cb), V̂

−
qθ
(τ−j ; cb)

using Eqs. (15) and (16) and set

V̂p̂0,qθ (τ
−
j ;β, cb) = V̂ +

p̂0
(τ−j ;β, cb)−V̂ −

qθ
(τ−j ; cb)

8: end for
9: Form the empirical query loss

L̂drift(θ; cb) =
1

M

M∑
j=1

∥δj∥22,

δj := τ−j − sg
(
τ−j + V̂p̂0,qθ (τ

−
j ;β, cb)

)
.

10: end for
11: update θ by a gradient step on 1

B

∑B
b=1 L̂drift(θ; cb)

12: end for

denote the empirical distribution of initial states in the of-
fline dataset, where xi is the initial state of trajectory τi. At
each training step, we sample an initial state x0 ∼ ρ̂0 and
independently sample a cost parameter ω ∼ Unif(Ω). This
induces a random query c = (x0, ω). Sampling queries in
this way amounts to a form of meta-training: rather than
learning a generator for a single fixed objective, the model
is trained over a family of problems indexed by both the
current state and the cost parameter. The generator therefore
learns an amortized map from queries to low-cost trajectory
proposals.

Formally, the training objective is

Ltrain(θ) = Ex0∼ρ̂0, ω∼Unif(Ω) [Ldrift(θ; (x0, ω))] , (17)

where Ldrift(θ; c) is the conditional fixed-point loss in
Eq. (14). In practice, Eq. (17) is optimized by stochas-
tic gradient descent using Monte Carlo approximations of
both the positive and negative drift fields.

For a sampled query c = (x0, ω), we first construct a local

6
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Algorithm 2 Receding-horizon planning with Drifting MPC

Require: current state x; cost parameter ω; trained genera-
tor Gθ; number of candidates Mplan

1: Construct the query c = (x, ω)
2: Sample m = 1, . . . ,Mplan candidate trajectories from

the generator τ (m) = Gθ(ϵm, c), ϵm ∼ N (0, I), and
evaluate their cost

Cm = Jx(τ
(m);ω).

3: Choose m⋆ = argmin1≤m≤Mplan
Cm

4: Execute the first control of τ (m
⋆), observe the next state,

and repeat.

positive batch

B+ = (τ+1 , . . . , τ+K), τ+i ∼ p̂0(· | x0),

by retrieving trajectories whose initial states are close to x0

according to the weights αi(x0) in Eq. (13). These trajecto-
ries are then relabeled using the sampled cost parameter ω,
producing relabeled costs

J̃i(ω) = Jxi
(τ+i ;ω),

which enter the positive weights in Eq. (15). Next, we
sample a negative batch

B− = (τ−1 , . . . , τ−M ), τ−j = Gθ(ϵj , c), ϵj ∼ N (0, I),

from the current generator. The empirical positive and nega-
tive drift fields are then computed from B+ and B− using
Eqs. (15) and (16), and the loss Eq. (14) is evaluated on the
generated samples. The full training procedure is summa-
rized in Algorithm 1.

Inference and receding-horizon control Once training is
complete, the generator is used as a one-step proposal mech-
anism inside a best-of-M MPC loop (the corresponding
test-time procedure is summarized in Algorithm 2). Given
the current state x and a query cost parameter ω, we form
the planning query c = (x, ω) and sample

τ (m) = Gθ(ϵm, c), ϵm ∼ N (0, I), m = 1, . . . ,Mplan.

Each sampled trajectory is then evaluated under the true
objective using Cm = Jx(τ

(m);ω). The planner selects the
lowest-cost candidate (tie breaks arbitrarily),

m⋆ = arg min
1≤m≤Mplan

Cm,

and executes only the first control of τ (m
⋆). After the

next state is observed, the whole procedure is repeated.
This yields a receding-horizon controller that combines

an amortized, cost-aware trajectory generator with online
selection among a small number of sampled plans.

For this type of inference mechanism, we are able to pro-
vide the following Best-of-M guarantee over T steps. We
consider a fix ω cost, and introduce the following set of
δ-optimal trajectories for δ > 0:

Aδ(x, ω) = {τ ∈ TH(x) : Jx(τ ;ω) ≤ J⋆
x(ω) + δ}

for c = (x, ω) and J⋆
x(ω) := ess infτ∈TH(x)Jx(τ ;ω),

where the essential infimum is taken with respect to the
underlying trajectory law induced by (ρ0, f). We also let
τ̂t ∈ argminm=1,...,Mplan

Jxt(τ
(m)
t ;ω) be the trajectory

selected by the planner, with (τ
(i)
t )i sampled i.i.d. from

qθ(· | xt, ω), and let

Eδ,t = {Jxt(τ̂t;ω) > J⋆
xt
(ω) + δ}

be the event that the planner is δ-suboptimal at timestep t.

Then, the following theorem gives a best-of-M guarantee
for the receding-horizon planner induced by Drifting MPC.

Theorem 2. Fix ω ∈ Ω, and let pβ be as in Eq. (9). Assume
there exists ϵ, η > 0 such that

ess supx∈XdTV(qθ(· | x, ω), pβ(· | x, ω)) ≤ ε(ω),

ess infx∈X pβ(Aδ(x, ω) | x, ω) ≥ η(ω) > 0.

Then, for any t ∈ {0, . . . , T − 1} we have

P

(
T−1⋃
t=0

Eδ,t

∣∣∣ ω) ≤ T exp (−Mplan max(0, η(ω)− ε(ω))) .

(18)

Proof. Let {Ft}t≥1 be the filtration of the history up to
step t, and let ct = (xt, ω) be the query at step t. Fix a
timestep t ≥ 0. Given the current query ct, the candidates
(τ

(i)
t )

Mplan

i=1 are sampled i.i.d. from qθ(· | ct). Hence,

P(Eδ,t | Ft, ω) =

Mplan∏
m=1

P
(
τ
(m)
t /∈ Aδ(xt, ω) | Ft, ω

)
,

= [1− qθ(Aδ(xt, ω) | ct)]Mplan .

Now, since dTV(qθ(· | ct), pβ(· | ct)) = supmeas. A |qθ(A |
ct)− pβ(A | ct)|, it follows that for any measurable event
A we have

qθ(A | ct) ≥ [pβ(A | ct)− dTV(qθ(· | ct), pβ(· | ct))]+,

where [x]+ = max(x, 0). Applying this result with A =

7
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Figure 1. Rollouts obtained for the different models (H = 30).

Aδ(xt, ω) we get

P(Eδ,t | Ft, ω)

≤ [1− pβ(A | ct) + dTV(qθ(· | ct), pβ(· | ct))]Mplan

+ ,

≤ exp
{
−Mplan [pβ(A | ct)− dTV(qθ(· | ct), pβ(· | ct))]+

}
,

≤ exp
{
−Mplan [η(ω)− ε(ω)]+

}
.

The conclusion follows from a tower rule argument and a
union bound over timesteps.

In this result the quantity η measures how much probabil-
ity mass the tilted target pβ assigns to δ-optimal trajecto-
ries, while ε measures how closely the learned generator qθ
matches pβ in total variation. Whenever η > ε, the proba-
bility of making a δ-suboptimal planning decision decays
exponentially in the number of sampled candidates Mplan.
This result shows that larger planning budgets and better
approximation of pβ directly improve the reliability of the
closed-loop planner, ensuring its δ-optimality.

5. Numerical Results
In this section, we present numerical experiments illustrat-
ing the advantages of our approach on a dynamical system.

Environment, dataset, and oracle The benchmark envi-
ronment is the one-dimensional mass-spring-damper system

ṗ = v, v̇ = −ks
m

p− c

m
v +

1

m
u,

which is discretized exactly under zero-order hold before
being used for dataset collection and oracle evaluation. The
default physical parameters in code are m = 1.0, ks = 1.0,
c = 0.2, and ∆t = 0.05. The planning horizon is set equal
to the episode length, and we consider values of 30, 50,
and 100. Initial states are sampled uniformly from the

Table 1. Cost (mean ± SE and median [IQR]) and rollout time
(mean ± SE) via BCa bootstrap (10 000 resamples).

Method Avg Cost Median Cost [IQR] Avg Time [ms]

Horizon 30
Oracle 90.1± 12.9 46.5 [16, 114] 13.3± 0.1
Drift MPC 105.8± 14.2 54.3 [21, 127] 29.8± 0.9
Drift Prior 116.9± 15.6 60.1 [22, 158] 28.5± 0.2
Diffusion 119.6± 16.2 58.2 [21, 143] 1623± 3.3
Guided Diffusion 106.4± 14.6 51.4 [18, 133] 2068± 3.7

Horizon 50
Oracle 107.3± 13.6 49.5 [21, 126] 36.4± 0.2
Drift MPC 131.5± 15.6 69.0 [30, 154] 54.3± 0.7
Drift Prior 169.2± 21.4 83.2 [39, 193] 52.4± 0.2
Diffusion 201.9± 22.7 122.8 [54, 246] 2707± 4.6
Guided Diffusion 623.5± 201.5 67.8 [34, 161] 3467± 5.9

Horizon 100
Oracle 93.2± 9.5 65.3 [24, 122] 141± 0.4
Drift MPC 122.6± 11.3 85.2 [40, 161] 135± 0.8
Drift Prior 168.1± 16.1 116.4 [60, 206] 134± 0.5
Diffusion 8647± 694 7080 [3194, 12035] 5514± 8.5
Guided Diffusion 27317± 6192 1565 [441, 13580] 7055± 10.8

box [−2, 2] × [−2, 2]. Offline trajectories are collected
by a mixture of controllers: a finite-horizon LQR oracle
with optional action noise (10% of the dataset), a noisy
PD controller (10%), and a smooth random open-loop
controller (80%). The oracle benchmark is a finite-horizon
LQR computed by backward Riccati recursion using the
true discretized linear dynamics.

Implemented baselines We compare the proposed
method, Drifting MPC, with 3 baselines:

• Drifting Prior: a drifting generator conditioned
only on x0.

• Diffusion: a DDPM-style (Ho et al., 2020) trajec-
tory generator, without cost conditioning at test time.

• Guided Diffusion: the same model as in the Dif-
fusion (Janner et al., 2022) baseline, but now equipped
with classifier guidance at test time. The guidance sig-
nal is the cumulative trajectory cost, as in the Diffuser
architecture.1

Every method has been trained on the same dataset, using
500 training epochs. Diffusion methods use 64 denoising
steps.

Results Our numerical results show that Drifting MPC
consistently achieves the best overall performance among
the learned methods. In Fig. 1, its rollout closely matches

1Since we assume that the cost function is available at test time,
the gradient of the cumulative cost can be computed in closed form,
eliminating the need to train an additional classifier.

8



440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494

Receding-Horizon Control via Drifting Models

100 101 102

Oracle cost

100

101

102
Le

a
rn

e
d
 M

e
th

o
d
 c

o
st

Drifting MPC

100 101 102

Oracle cost

Drifting Prior

100 101 102

Oracle cost

Diffusion

100 101 102

Oracle cost

Guided Diffusion

Horizon 30

102 104

Oracle cost

102

104

Le
a
rn

e
d
 M

e
th

o
d
 c

o
st

Drifting MPC

102 104

Oracle cost

Drifting Prior

102 104

Oracle cost

Diffusion

102 104

Oracle cost

Guided Diffusion

Horizon 50

101 102 103 104

Oracle cost

102

104

Le
a
rn

e
d
 M

e
th

o
d
 c

o
st

Drifting MPC

101 102 103 104

Oracle cost

Drifting Prior

101 102 103 104

Oracle cost

Diffusion

101 102 103 104

Oracle cost

Guided Diffusion

Horizon 100

Figure 2. Scatter plots comparing the cost of 100 rollouts against the Oracle for horizons H ∈ {30, 50, 100}.

the oracle, unlike Drifting Prior and the diffusion baselines.
Table 1 confirms that Drifting MPC attains substantially
lower cost while remaining much faster than diffusion-based
planners, and the scatter plots in Fig. 2 show that its perfor-
mance is not only better on average but also more consis-
tent, with costs concentrated near the oracle across episodes.
While Oracle and Drifting methods maintain similar perfor-
mance across horizons, both Diffusion baselines degrade
significantly as the horizon grows. Their median costs are
notably lower, however, indicating that a few catastrophic
rollouts skew the mean; we attribute this to insufficient
training epochs (and likely too few denoising steps) for con-
vergence. This highlights that Drifting converges to a near-
optimal solution faster than the diffusion baselines. Finally,
Drifting methods generate rollouts within the same order
of magnitude as the oracle, whereas Diffusion methods can
be generally much slower due to repeated denoising steps
and, for guided diffusion, the per-step classifier-guidance
gradient computation.

6. Conclusions
We introduced Drifting MPC, an offline trajectory optimiza-
tion framework that combines one-step drifting generative
models with receding-horizon planning by tilting the learned
trajectory distribution toward low-cost trajectories while re-
maining supported by offline data. This establishes a princi-
pled connection between trajectory generation and regular-
ized optimal control, and yields a planner that can be queried

efficiently at test time. Our experiments show that Drift-
ing MPC outperforms both the drifting prior and diffusion-
based baselines, achieving near-oracle performance while
preserving the computational advantage of one-step genera-
tion.Future work should focus on a broader investigation of
alternative guidance mechanisms.
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