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Abstract— Generative control policies have recently unlocked
major progress in robotics. These methods produce action
sequences via diffusion or flow matching, with training data
provided by demonstrations. But existing methods come with
two key limitations: they require expert demonstrations, which
can be difficult or costly to obtain, and they are limited to
relatively slow, quasi-static tasks. In this paper, we leverage a
tight connection between sampling-based predictive control and
generative modeling to address these issues. In particular, we
introduce generative predictive control, a supervised learning
framework for tasks with fast dynamics that are easy to
simulate but difficult to demonstrate. We show how trained
flow-matching policies can be warm-started at inference time,
maintaining temporal consistency and enabling high-frequency
feedback. We believe that generative predictive control offers a
complementary approach to existing behavior cloning methods,
and hope that it will pave the way toward generalist policies
that extend beyond quasi-static demonstration-oriented tasks.

I. INTRODUCTION AND RELATED WORK

Diffusion and flow matching policies have enabled tremen-
dous success in behavior cloning for quasi-static manipula-
tion [1]–[4]. Can generative policies also control systems
with fast nonlinear dynamics at high control frequencies,
where demonstrations are difficult to come by? In this paper,
we answer this question in the affirmative by introducing
generative predictive control (GPC), a supervised learning
framework for dynamic and difficult-to-demonstrate tasks.

Fig. 1 summarizes our approach. GPC alternates between
data collection via sampling-based predictive control (SPC)
and policy training via flow matching. The flow model pro-
vides extra samples for SPC, enabling continual performance
improvement while maintaining a supervised learning (e.g.,
regression) objective, which stabilizes the learning process.

1) Generative Policies: Diffusion [1] and flow matching
[2] have recently gained prominence as powerful policy
representations for robotics. These models typically focus on
behavior cloning [3], [4], where expert demonstrations serve
as training data. Generative policies have the key advantage
of multi-modal expressiveness, allowing multiple “paths”
to the same goal [1]. They also provide a natural choice
for handling image data [5]–[7]. Importantly, generative
policies are trained in a supervised manner, with clearly de-
fined regression targets. This improves training stability over
unsupervised reinforcement learning [8], [9], but requires
demonstrations. Obtaining sufficient demonstration data is
a key challenge, particularly for large generalist policies [2],
[10], [11]. While creative ways to obtain this data are an
area of active research [12], it is unlikely that demonstrations
alone will produce the internet-scale data used to train large
vision-language models any time soon. Furthermore, some
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Fig. 1: Generative predictive control is a supervised learning framework
for dynamic tasks that are difficult to demonstrate but easy to simulate.
First, we generate training data with sampling-based predictive control [16],
[17], [22], leveraging advances in massively parallel GPU simulation [19]–
[21]. We then use this data to train a flow matching policy, which in turn
provides additional high-quality samples. This results in better training data
for subsequent iterations, in a virtuous cycle. Code available: https://
github.com/vincekurtz/gpc.

tasks are simply difficult to demonstrate, particularly for
robots with fast nonlinear dynamics or unique morphologies.

2) Sampling-based Predictive Control (SPC): In parallel,
a very different trend has been gaining traction in the
nonlinear optimal control community. SPC is an alternative
to gradient-based model predictive control (MPC), where a
simple sampling procedure is used in place of a sophisticated
nonlinear optimizer [13]–[15]. Algorithms in this family
include model predictive path integral control (MPPI) [16],
predictive sampling (PS) [17], and cross-entropy methods
(CEM) [18]. SPC algorithms are exceedingly easy to im-
plement, and have been studied for some time. But recent
advances in simulation speed and parallelism [19]–[21] allow
them to scale to complex problems like dexterous manipu-
lation [22], legged locomotion [23] and more [17], [24].

In many ways, SPC complements generative behavior
cloning: it is agnostic to a robot’s morphology, and can
be quite effective on tasks with fast nonlinear dynamics.
Behavior cloning, on the other hand, has shown success on
tasks involving deformable objects like cloth and food [1]–
[4], which are hard to simulate at speeds sufficient for SPC.

3) Our Contribution: This paper highlights a deep con-
nection between generative policies and SPC. This connec-
tion was first identified by [25] in the context of MPPI.
DIAL-MPC [23] used this connection to improve SPC per-
formance for legged locomotion, but DIAL-MPC is fully
online and does not include policy training. In this paper, we
extend this connection to a general class of SPC algorithms
and leverage it train flow matching policies.

In particular, we propose GPC, a supervised learning
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framework for difficult-to-demonstrate tasks. We show how
flow-matching policies can be warm-started to encourage
temporal consistency, and demonstrate that warm-starts are
critical for high-rate feedback. We show that GPC outper-
forms proximal policy optimization (PPO) [26] in many
cases, and that our proposed warm-start scheme is more ef-
fective than action inpainting [27] at high-frequency control
rates.

To test scalability limits, we train policies on systems
ranging from an inverted pendulum to a humanoid robot,
and evaluate effectiveness in simulation. Our most difficult
task (humanoid standup) exposes current scalability limits:
seeding SPC with a GPC policy is effective, but applying
the policy directly is not. With this in mind, we provide a
detailed discussion of our method’s limitations and directions
for future work.

II. BACKGROUND

We consider optimal control problems of the standard form

min
u0,u1,...,uT

ϕ(xT+1) +

T∑
τ=0

ℓ(xτ , uτ ), (1a)

s.t. xτ+1 = f(xτ , uτ ), (1b)
x0 = xinit, (1c)

where xτ ∈ Rn represents the system state at time step τ ,
uτ ∈ Rm are control actions, ℓ(·, ·) and ϕ(·) are running
and terminal costs, and f(·, ·) captures the system dynamics.
For simplicity, we denote the T -length action sequence as
U = [u0, u1, . . . , uT ] and rewrite (1) in compact form as

min
U

J(U ;xinit), (2)

where both the costs and dynamics constraints are incorpo-
rated into the (possibly non-convex) objective J .

A. Sampling-based Predictive Control
MPC methods traditionally solve (1) with gradient-based

non-convex optimization. But these techniques face signifi-
cant challenges, particularly when it comes to the stiff and
highly nonlinear contact dynamics essential for contact-rich
robot locomotion and manipulation [13]–[15], [28].

In response to these challenges, SPC is gaining promi-
nence as a simple and computationally efficient alternative
to gradient-based MPC [16], [22], [23], [29], [30]. Instead of
relying on complex nonlinear optimization, SPC algorithms
perform a variation on the following simple procedure:

1) At step k, sample N candidate action sequences from
a Gaussian proposal distribution1.

U (i) ∼ N (Ūk−1, σ
2), i ∈ [1, N ]. (3)

2) Roll out (simulate) each action sequence from the latest
state estimate xk−1, recording the costs

J (i) = J
(
U (i);xk−1

)
. (4)

1Some SPC methods use a non-isotropic proposal distribution and update
the variance of the proposal distribution along with the mean. We focus on
an isotropic Gaussian with fixed variance for simplicity.

3) Update the mean action sequence according to some
weighting function g : R→ R+,

Ūk = Ūk−1 +

∑N
i=1 g(J

(i))(U (i) − Ūk−1)∑N
i=1 g(J

(i))
. (5)

4) Apply the first action from Ūk, and repeat in MPC
fashion from the updated state xk.

Different SPC algorithms arise from various choices of
g(·). For instance, MPPI [16] uses a Boltzmann-like expo-
nentially weighted average,

gMPPI(J) = exp (−J/λ) , (6)

where λ > 0 is the temperature parameter. A smaller λ
gives more weight to the lowest-cost samples. In the low-
temperature limit we recover predictive sampling [17],

gPS(J) = lim
λ→0

exp (−J/λ) , (7)

where the updated mean Ū is simply chosen as the lowest-
cost sample. Another popular option is CEM [18], [22],
which weighs the top performing samples equally,

gCEM (J) =

{
1 if J ≤ γ

0 otherwise
. (8)

The threshold γ is defined implicitly by a user-selected
number of elite samples. CEM is typically paired with
an adaptive update rule for the variance of the proposal
distribution. Tsallis-MPPI [31] provides a middle ground
between MPPI and CEM via a generalized exponential,

gTMPPI(J) = max(1− (r − 1)J/λ, 0)
1

r−1 , (9)

where the original MPPI update is recovered as r → 1.
The ability to parallelize rollouts (4) is a key advantage

over gradient-based MPC, an advantage that is further re-
inforced by massively parallel GPU simulators [19]–[21].
Sampling can also reduce the severity of local minima and
smooth out stiff dynamics associated with contact [32], [33].

B. Generative Modeling

Generative modeling considers a seemingly different prob-
lem: produce a sample x from a probability distribution p(x).
In the typical setting, we do not have access to p(x) in closed
form, but we do have samples (training data) from p(x).

1) Flow Matching: Flow matching [7] is based on the idea
of a probability density path pt(x). This path flows from an
easy-to-sample distribution p0(x) = N (0, I) at t = 0 to the
data distribution at t = 1. Flow matching methods learn a
vector field vθ(x, t) that moves samples along this path.

The flow network vθ is trained via standard (stochastic)
gradient descent methods on

min
θ

Et,x0,x1 [LFM (θ;x0,x1, t)] , (10)

where θ are learnable parameters (e.g., network weights) and

LFM (θ;x0,x1, t) =
∥∥vθ(tx1 + (1− t)x0, t

)
− (x1 − x0)

∥∥2 .
(11)
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The expectation in (10) is taken over t ∼ U(0, 1), x0 ∼
p0(x), and x1 ∼ p1(x). Each of these are easy to sample,
since we already have data points x1, and sampling p0(x)
is trivial. Intuitively, LFM pushes samples in a straight line
from x0 to x1. At inference time, we first sample x ∼ p0(x),
then integrate ẋ = vθ(x, t) from t = 0 to t = 1, typically
with a simple explicit Euler scheme.

2) Diffusion: Flow matching is equivalent (under some
technical conditions [34]) to diffusion-based generative mod-
eling [5], [6]. Diffusion models also consider a series of
probability distributions flowing from an initial Gaussian to
the data distribution. But rather than being parameterized by
a time t, these are typically parameterized by noise σ,

pσ(x) =

∫
p(y)N (x;y, σ2I)dy. (12)

For large σ, pσ(x) approaches an easy-to-sample Gaussian.
For small σ, pσ(x) approaches p(x).

Diffusion models learn the score sθ(x, σ) ≈ ∇x log pσ(x)
by removing noise added to the original data [5], [6]. We can
then use sθ to sample from pσ using Langevin dynamics

x← x+ ϵsθ(x, σ) +
√
2ϵz z ∼ N (0, I), (13)

with step size ϵ > 0. By gradually reducing σ, we arrive at
samples from the data distribution p(x).

III. SPC IS ONLINE GENERATIVE MODELING

This section establishes a formal connection between SPC
and generative modeling: we show that the SPC update (5)
is a Monte Carlo estimate of the score of a noised target
distribution. This connection was first identified for the case
of MPPI in [25] and used to develop DIAL-MPC, a multi-
stage SPC algorithm for legged robots [23]. Here we extend
this connection to generic SPC algorithms of the form (5).

First, we define a state-conditioned target distribution:

p(U | x) ∝ g(J(U ;x)), (14)

which is determined by the algorithm-specific weighting
function g(·) introduced in (5). In the spirit of score-based
diffusion [6], we define the noised target distribution

pσ(U | x) ∝ EŨ∼N (U,σ2)[g(Ũ)]. (15)

The score of this noised target is directly used in SPC:

Proposition 1. The score of the noised target distribution
(15) is given by

∇U log pσ(U | x) =
1

σ2

EŨ∼N (U,σ2)

[
g(Ũ)(Ũ − U)

]
EŨ∼N (U,σ2)

[
g(Ũ)

] .

(16)

Proof. For simplicity of notation, we drop the conditioning
on x and write the target distribution as pσ(U). We also
denote the normal density as

qU (Ũ) ≜ N (Ũ ;U, σ2).

The score of the target distribution is given by

∇U log pσ(U) =
∇Upσ(U)

pσ(U)
. (17)

In the numerator we have

∇Upσ(U) =
1

η
∇U

∫
qU (Ũ)g(Ũ)dŨ (18)

=
1

η

∫
∇UqU (Ũ)g(Ũ)dŨ (19)

=
1

η

∫
qU (Ũ)∇U log qU (Ũ)g(Ũ)dŨ (20)

=
1

η
EŨ∼N (U,σ2)

[
g(Ũ)

Ũ − U

σ2

]
, (21)

where η is a normalizing constant and we use the fact that
∇U log qU (Ũ) = (Ũ − U)/σ2.

Bringing 1/σ2 outside the expectation, we have

∇Upσ(U)

pσ(U)
=

EŨ∼N (U,σ2)

[
g(Ũ)(Ũ − U)

]
σ2EŨ∼N (U,σ2)

[
g(Ũ)

] (22)

and thus the proposition holds.

This means that the SPC update (5) provides a Monte
Carlo estimate of score ascent, e.g.,

Ūk ← Ūk−1 + σ2∇Ūk−1
log pσ(Ūk−1 | xk−1) . (23)

The additional σ2 term may seem like an annoyance, but in
fact Langevin step sizes ϵ ∝ σ2 are a standard recommen-
dation in the diffusion literature [5, Algorithm 1]. Here, the
step size choice emerges naturally from the SPC update (5).

This connection also sheds light on the benefits of pre-
dictive sampling (where we merely choose the best sample)
[17]. In particular, the unnoised target distribution for pre-
dictive sampling is a Dirac delta concentrating all probability
mass at global optima [25, Appendix A], leading to a noised
target distribution pσ(U | x) with modes at globally optimal
solutions. For this reason, we focus our numerical investi-
gations primarily on predictive sampling. A more thorough
exploration of the advantages and disadvantages of other SPC
algorithms is an important topic for future work.

IV. GENERATIVE PREDICTIVE CONTROL

The previous section shows that we can think of the mean
of the SPC sampling distribution, Ũk, as being drawn from
the state-conditioned optimal action distribution

Ūk ∼ p(U | xk) ∝ g (J(U ;xk)) . (24)

This leads to a natural question: can we train a generative
model to produce Ūk directly? In addition to imitating the
SPC update process, such a generative model

pθ(U | xk) ≈ p(U | xk), (25)

parameterized by network weights θ, would maintain a
structure compatible with the flow matching and diffusion
models used in behavior cloning [1]–[4].
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Remark 1. Behavior cloning methods condition on obser-
vations y = h(x) (or a history of observations) rather
than a full state estimate [1]. While we write pθ(U | x)
for notational simplicity, the GPC framework works with
observation conditioning. In fact, our implementation uses
observations h(x) rather than the full state x.

This is the basic idea behind GPC. We use data (Ūk, xk)
from running SPC in simulation to train a flow matching
model (25). This model is characterized by a vector field

U̇ = vθ(U, x, t) (26)

that pushes samples from Ut ∼ N (0, I) at t = 0 to the
target distribution (24) at t = 1. To learn this vector field,
we minimize a conditional flow matching loss similar to (10),

LGPC(θ;U0, Ūk, xk, t) =∥∥vθ(tŪk + (1− t)U0, xk, t)− (Ūk − U0)
∥∥2 , (27)

where (Ūk, xk) are data points generated by the SPC con-
troller, U0 ∼ N (0, I) is a sample from the proposal distri-
bution, and t ∼ U(0, 1) is sampled along the path2.

However, directly training a generative model on SPC
data is not particularly effective, as the training targets are
very noisy [35]. To avoid this issue, GPC performs several
cycles of SPC simulation and model fitting, as illustrated in
Fig. 1 and outlined in Algorithm 1. In each cycle, samples
from the partially-trained flow matching policy bootstrap
SPC, providing an improved sampling distribution and thus
better training data for the next model fitting step.

We first sample initial states x(j)
0 from initial conditions X0

for NE parallel simulations. We then perform SPC in each
environment, with NS samples coming from the Gaussian
proposal distribution (line 8) and the remaining samples from
the flow matching policy (line 9). The policy samples help
improve performance, while the Gaussian samples prevent
distribution collapse. After collecting a set of states x

(j)
k and

action sequences U
(j)
k , we fit the flow matching model (line

19). The expectation is taken over flow timesteps t ∈ U(0, 1),
initial samples U0 ∼ N (0, I), parallel environments j =
1, . . . , NE , and simulation steps k = 1, . . . ,K.

GPC benefits from parallelism throughout Algorithm 1.
In addition to parallel rollouts in the SPC update step (line
11), we parallelize over simulation environments (line 2) and
in the model training step (line 19). Our implementation
leverages the vectorization and parallelization tools in JAX
[36] together with the massively parallel robotics simulation
made possible by MuJoCo MJX [19].

V. USING A TRAINED GPC POLICY

1) Warm-Starts: In fast feedback loops, the multi-modal
expressiveness of generative models presents a challenge:
samples at subsequent timesteps can be drawn from different
modes, leading to a “jittering” (temporal consistency [3])

2To further improve training efficiency, we weigh data points according
to cosine similarity with Ūk−Ūk−1. This puts greater emphasis on samples
similar to Ūk−1, as illustrated by the shading in Fig. 1.

Algorithm 1: Generative Predictive Control
Input: SPC algorithm g(U), flow matching model

pθ(U | x), system model f(x, u).
Output: Trained flow model parameters θ.

1 while not converged do
2 for j = 1, ..., NE do
3 Sample initial conditions (parallel envs):
4 x

(j)
0 ∼ X0

5 Ū
(j)
0 ∼ N (0, σ2I)

6 for k ∈ [1,K] do
7 Sample action sequences:
8 U (i,j) ∼ N (Ū

(j)
k−1, σ

2I), i ∈ [1, NS ]

9 U (i,j) ∼ pθ(Ū
(j)
k−1 | x

(j)
k−1), i ∈ [NS , N ]

10 Parallel rollouts:

11 J (i,j) ← J
(
U (i,j);xi,j

k−1

)
12 Update actions via SPC:

13 Ū
(j)
k ← Ū

(j)
k−1 +

∑N
i=1 g(J(i,j))(U(i,j)−Ū

(j)
k−1)∑N

i=1 g(J(i,j))

14 Advance (parallel) simulations:

15 x
(j)
k ← f

(
x
(j)
k−1, u

(j)
k−1

)
16 end
17 end
18 Fit flow matching model:

19 minθ Et,U0,j,k

[
LGPC

(
θ;U0, Ū

(j)
k , Ū

(j)
k−1, x

(j)
k , t

)]
20 end

problem. A common solution is to roll out several steps
of the action sequence before replanning [1]. This forces
the controller to “commit” to a particular mode, but is not
suitable for highly dynamic tasks. Other alternatives like ac-
tion inpainting [27] are effective on quasi-static manipulation
tasks, but—as we will show—are not particularly helpful for
high-frequency feedback.

We propose a simple alternative inspired by warm-starts in
MPC. Rather than starting the flow generation process from
U0 ∼ N (0, I), we start from

U0 = (1− α)ϵ+ αŪk−1, ϵ ∼ N (0, I) (28)

where α ∈ [0, 1] is the warm-start level. With α = 1, the flow
process is started from the previous sample Ūk−1, while α =
0 recovers the Gaussian proposal distribution. Because the
flow matching vector field drives samples toward a mode of
the sampling distribution, flows with a high warm-start level
α tend to stay close to the same mode as the previous sample,
Ūk−1. This simple warm-start procedure enables smooth and
performant high-frequency control.

2) Deploying the Policy: We can use a GPC policy in
two ways. A direct application of the policy in receding-
horizon fashion, possibly with warm-starts, is simply termed
GPC. The second GPC+ strategy uses policy samples to
bootstrap SPC, alongside samples from the Gaussian pro-
posal distribution. GPC+ leverages inference-time compute
for better performance, but requires a state estimate from
which to perform the rollouts. Ordinary GPC does not require
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Fig. 2: Systems used to evaluate GPC performance in simulation, from
left to right: inverted pendulum, cart-pole, double cart-pole, push-T, planar
walker, luffing crane, humanoid standup.

a state estimate, as the policy can be conditioned on arbitrary
observations.

3) Risk-Aware Domain Randomization: Domain random-
ization (DR) has emerged as a key ingredient for sim-to-
real transfer of policies trained in simulation, particularly
for reinforcement learning (RL) [37], [38].

GPC and massively parallel simulation enable a range
of new DR possibilities. In particular, we can modify the
SPC rollouts (4) by simulating each action sequence U (i) in
several domains with randomized parameters (e.g., friction
coefficients, body masses, etc.). This results in cost values
indexed by both sample i and domain d, e.g.,

J (i,d) = J(U (i);xk−1, d). (29)

We then aggregate this cost data across domains before
performing the standard SPC update (5).

The simplest choice would be to average over domains,

J (i) = Ed

[
J (i,d)

]
. (30)

This is analogous to the typical RL domain randomization
framework, which considers the expected reward over all
domains. But GPC allows for other possibilities as well. We
can, for instance, use the worst-case cost,

J (i) = max
d

[
J (i,d)

]
, (31)

or more sophisticated risk metrics like conditional value-at-
risk (CVaR) [39], [40], which takes the expected cost in the
(1− β) tail of the distribution:

J (i) = inf
z∈R

Ed

[
z +

max(J (i,d) − z, 0)

1− β

]
, (32)

where β ∈ [0, 1) determines the degree of risk sensitivity.
These and other risk strategies for online domain ran-

domization are implemented in hydrax [24], making them
readily available for GPC training.

VI. SIMULATION STUDIES

In this section, we aim to answer the following:
1) Can GPC perform tasks that require multi-modal rea-

soning, as well highly dynamic tasks that require high-
frequency feedback (Sec. VI-A)?

2) Does GPC continually improve policy performance
over multiple iterations (Sec. VI-B)?

3) How do different domain randomization strategies im-
pact performance (Sec. VI-C)?

4) What are the scalability limits of this approach
(Sec. VI-D)?

In short, GPC is effective for systems with fast dynamics
at high feedback rates, enjoys the training stability character-
istic of supervised learning methods, and enables risk-aware
control, but demonstrates scaling limitations on our largest
and most difficult example (humanoid standup). We discuss
these scalability limits and possible solutions below.

We simulate GPC on seven systems of varying state di-
mension and task difficulty (see Fig. 2). The pendulum, cart-
pole, and double cart-pole are tasked with balancing upright.
In push-T, an actuated finger pushes a block to a goal pose.
The walker aims to move forward at a constant velocity,
while the crane swings its payload to a target position.
The humanoid attempts to stand up from arbitrary initial
configurations. Full details are available with the source
code: https://github.com/vincekurtz/gpc.

The three smallest examples use a multi-layer perceptron
for the flow network vθ, while the others use a convolutional
network with FiLM conditioning [41], as in [1]. All simu-
lations ran on a desktop computer with an NVIDIA RTX
4070 (12 GB) GPU. When evaluating trained policies, we
use MuJoCo CPU (64-bit) rather than MJX (32-bit), resulting
in a small sim-to-sim gap.

A. Policy Performance

Footage of closed-loop GPC performance on each of the
examples is shown in the accompanying video (https:
//youtu.be/mjL7CF877Ow). To evaluate performance
quantitatively, we perform 100 randomly-initialized simu-
lations and record the average cost per time step as a
performance metric. Figure 3a compares our approach (GPC,
GPC+) with PPO and SPC baselines. For PPO training, we
use the same cost (negative reward), network size, batch size,
and total number of simulation time steps3 as GPC. SPC and
GPC+ both use N = 128 rollouts. Interestingly, GPC and
GPC+ perform on par or better than PPO with the same
amount of training data. Of course, further hyperparameter
and reward tuning could improve both PPO and GPC perfor-
mance: a systematic hyperparameter sensitivity comparison
is left for future work.

Figure 3b compares our warm-start strategy with action
inpainting [27], both using the same GPC policy. For action
inpainting, we use the soft-masking pseudoinverse guidance
strategy of [27, Eq. 2-4]. Interestingly, action inpainting—a
state-of-the-art method for temporal consistency enforcement
in behavior cloning—degrades performance on these high-
frequency tasks. This is likely because action inpainting is
designed for relatively slow, quasi-static tasks with signifi-
cant inference delays. In contrast, GPC inference times range
between 1 and 10 milliseconds, resulting in feedback rates
between 100-1000 Hz.

Note that Fig. 3 provides some insight into relative per-
formance, but is limited. For instance, on the walker we find

3Full training details can be found in the open-source implementation.
While it is possible that other hyperparameters settings exist that could
produce better PPO performance, we took considerable effort via manual
hyperparameter tuning to ensure PPO produced as competitive of perfor-
mance as possible.
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(a) Comparing RL (PPO), predictive sampling (SPC), and our methods (GPC, GPC+). Applying the GPC policy directly provides performance on-par-with or better-than
SPC in all cases except humanoid standup. GPC+ meets or exceeds the performance of the other methods across all examples.

(b) Comparing warm-start strategies: action inpainting [27], no warm-start (α = 0), partial warm-start (α = 0.5), and full warm-start α = 1.0.

Fig. 3: Performance comparisons showing average cost per time step (lower is better). Black bars indicate standard deviation over 100 ten-second simulations
from randomized initial conditions.

Fig. 4: Closed-loop double cart-pole performance with and without warm-
starts. The warm-started policy (right) produces smooth actions and can
successfully balance. Without warm-starts (left), actions jitter between
modes, and the robot fails to balance.

that GPC enables smoother actions with far less “stumbling”
than SPC, though cost per step indicates similar performance.

GPC can handle multi-modal action distributions, as evi-
denced by effectiveness on the push-T task, which requires
multi-modal reasoning to reach around the block [1]. Inter-
estingly, GPC training takes under 20 minutes, while training
a similar diffusion policy takes around an hour, not counting
the time to gather demonstrations [1].

More importantly, GPC can control systems with fast
dynamics at high control rates. The double cart-pole
illustrates this fact, as well as the importance of warm-starts.
Fig. 4 shows performance with and without warm-starts.
Without warm-starts (left, α = 0), the control actions are

No DR Average DR CVaR DR
No model error 106 103 133

With model error 165 184 139

TABLE I: Time (seconds) for the crane to visit a sequence of 50 randomly
generated payload targets, under policies trained without DR, with standard
DR (30), and with a risk-averse CVaR strategy (32). CVaR improves
robustness at the cost of worse performance under nominal conditions.

dominated by significant noise (top plot) and the system can-
not swing upright (bottom plot). Warm-starts (right, α = 1),
lead to smoother control actions, and the robot successfully
balances around the upright configuration. The controller can
respond rapidly to complex system dynamics, as evidenced
by the rapid changes between 1 and 2 seconds in Fig. 4.

B. Training Stability

During the training process, we find that the average
cost of policy samples decreases monotonically between
iterations, modulo noise from initial conditions. This indi-
cates that GPC’s cycle of training and sampling continually
improves performance. These and other training curves are
shown in Fig. 5. While we leave a systematic hyperparameter
sensitivity study for future work, we empirically observe
that GPC benefits from the training stability of super-
vised learning. This contrasts with reinforcement learning
methods, which can exhibit high sensitivity to reward tuning,
implementation details, and even the random seed used for
training [8], [9].

C. Risk-Aware Domain Randomization

We use the luffing crane example to explore the impact
of different DR strategies. Specifically, we train three GPC
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Fig. 5: Training curves showing the average cost J , percent of states in which the flow-matching policy generated the best action sequence, and the loss
LGPC from three random seeds. GPC is able to leverage the training stability of supervised learning while avoiding the need for demonstrations.

policies: one with no DR, one with standard average-cost
DR (30), and one with a more conservative CVaR (32)
strategy (β = 0.25). We use 8 randomized domains, each
with slightly different joint damping, payload mass, payload
inertia, and actuator gains.

After training, we apply GPC with warm-starts. To eval-
uate closed-loop performance, we randomize 50 target lo-
cations for the payload to visit. The target moves to the
next location once the payload lies within 15 cm or after
10 seconds, whichever comes first. Table I reports the total
time to visit all 50 targets: lower times are better. The same
target location sequence is used for each policy.

Without model error in the simulator, both the non-
randomized policy and average-case DR perform signifi-
cantly better than the more conservative CVaR policy. When
we add model error to the simulator (lower joint damping,
heavier payload mass), all methods perform worse. But
the more conservative CVaR policy degrades the least, and
significantly outperforms the others.

D. Scalability

We chose example systems possessing 1 to 29 degrees-of-
freedom, in order to assess the scalability of Algorithm 1.
This scalability limit is reached with the largest humanoid
example: the GPC policy alone is unable to reliably stand
up, though GPC+ remains effective. Further cost and hyper-
parameter tuning, curriculum training, and more computation
could likely improve performance.

VII. LIMITATIONS AND FUTURE WORK

Limited effectiveness of basic GPC on the humanoid
standup example is the most severe limitation of our method,
as noted above. We believe that value function learning will
be a key advance in overcoming this limitation. Besides
being a key element of state-of-the-art reinforcement learning
methods, value learning would enable a reduced planning
horizon T in Problem 1. Reducing the planning horizon

reduces the dimensionality of the sampling space, making
planning easier while maintaining long-horizon reasoning.
Methods that leverage connections between the gradient of
the value function and the flow field vθ—which is in turn
closely related to the score ∇ log p(U | x) and therefore the
gradient of the cost (2)—are of particular interest.

For the basic GPC framework introduced here, we run
N short simulations—and even more under a risk-aware DR
strategy—to generate a single training data point. While these
simulation rollouts are significantly faster and cheaper to
collect than human demonstrations, methods that more fully
use all of the data from SPC rollouts could further improve
the sample efficiency of GPC.

Other performance improvements could come from more
benign algorithmic details. For instance, we represent action
sequences with simple zero-order-hold splines. Higher-order
splines [17] or alternative parameterizations could be more
effective. Better choices of action space, such as using task-
space/end-effector coordinates rather than joint coordinates,
could also be useful. Actuation limits, which are a critical
component of many robotics tasks, are not handled in any
particularly special way. Leveraging recent advances in con-
strained generative modeling [42]–[44] to do so is another
potentially fruitful area for future work.

Hardware experiments will provide an important platform
for exploring policies that are conditioned on complex ob-
servations like raw sensor data, images, or foundation model
embeddings [45]. Integrated simulation and rendering in the
recently-released MuJoCo playground [46] could provide a
useful platform for training image-conditioned policies.

VIII. CONCLUSION

We introduced generative predictive control (GPC), a
framework for learning flow matching policies on dynamic
tasks that are easy to simulate but difficult to demon-
strate. GPC leverages tight connections between generative
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modeling and sampling-based predictive control to gen-
erate training data for supervised learning without expert
demonstrations. We showed how warm-started GPC policies
enable real-time high-frequency control, ensuring temporal
consistency via warm-starts. GPC may offer a path toward
including dynamic and difficult-to-demonstrate tasks in a
generalist policy or large behavior model that combines data
from many tasks [2], [10], [11]. Future work will focus on
validating the GPC framework on hardware, incorporating
value function learning, and training multi-task policies.
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