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Abstract— We propose VidPlan, an inference-time planning
framework that uses action-conditioned video models as high-
fidelity world models for robot manipulation. In contrast to state-
of-the-art (SOTA) generalist policies learned via behavior cloning,
a world modeling recipe enables counterfactual reasoning with
context-specific information at inference time, leading to stronger
zero-shot generalization. Moreover, world models can enable
the optimization of action sequences that maximize predicted
rewards. However, we demonstrate that naively utilizing a
video model for inference-time optimization can result in
world model hacking, where optimized action sequences exploit
hallucinations in the world model without leading to successful
real-world executions. To mitigate this challenge, we develop a
novel uncertainty quantification method that constrains action
optimization to high-confidence regions. Further, we introduce
a novel hierarchical reward prediction model to capture both
semantic and fine-grained task progress, designed within a
flow map framework for real-time optimization of video plans.
Through extensive experiments on manipulation tasks, we
demonstrate that VidPlan achieves improved generalization,
higher task success rates, and stronger instruction following
compared to SOTA vision-language-action baselines.

I. INTRODUCTION

How can we train generalist policies for robot manipulation
that have the ability to plan, i.e., to optimize actions at
inference time by making counterfactual predictions about
how the world will evolve? Planning is a core component
of both human cognition [1] and artificial intelligence [2],
[3]. However, SOTA robot policies [4], [5] are dominated
by behavior cloning [6], [7], which trains reactive mappings
from observations to actions using human demonstrations. In
principle, planning affords several key advantages over behav-
ior cloning for manipulation. For example, the planner can
evaluate multiple different strategies using context-specific
information at inference time for stronger generalization than
behavior-cloning. Further, using its “world model” [8], the
robot can optimize actions, considering fine-grained effects
beyond the immediate future.

In this paper, we demonstrate the use of action-conditioned
video generation models [9], [10] as high-fidelity world
models for planning in robot manipulation. In theory, video
models serve as ideal world models; through internet-scale
training on video data, they can capture complex physical
interactions (e.g., contact dynamics and deformations), pro-
duce highly photorealistic outputs with fine-grained details,
and be fine-tuned with domain-specific robotics data. How-
ever, to date, the use of video models for inference-time
planning in manipulation has been extremely limited. Prior
and concurrent work focus on planning with task-specific
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reward functions [11], using video models to generate sub-
goal images for an independent low-level goal-conditioned
policy [12], using text-to-video models to generate a video
plan which is executed without inference-time optimization
with respect to a reward function [13], [14], or selecting from
a small number of generated plans without further local (e.g.,
gradient-based) optimization [15].

To our knowledge, there is no prior work that demonstrates
a generalist (language-conditioned) policy for robot manipu-
lation which uses a video model for inference-time, gradient-
based planning. We posit that realizing the full potential
of this vision requires solutions to three key challenges.
First, gradient-based optimization of plans can result in world

model hacking: optimized actions exploit hallucinations in
the world model to predict high rewards without successful
real-world execution. Second, inference speed is a major
bottleneck: modern diffusion-based video models induce
high latency, hindering real-time execution. Third, successful
planning requires a general-purpose reward model that takes
into account both high-level semantic features of plans (e.g.,
whether the robot is moving towards the object implied by the
language instruction) and fine-grained details (e.g., precisely
how the robot is approaching an object).

Contributions. We introduce VidPlan, an inference-time
planning framework for generalist robot manipulation using
high-fidelity video models (see Figure 1). VidPlan consists of
three technical innovations that address the aforementioned
challenges. (1) We propose a novel method for calibrated

uncertainty estimation for action-conditioned video models
to ensure that optimized actions are constrained to high-
confidence world model predictions. (2) We demonstrate the
use of flow maps [16] to achieve significant (e.g., 20 ⇠ 50⇥)
speedups in video generation without degrading plan quality.
(3) We develop a hierarchical reward modeling approach
that captures both high-level semantic features of plans
and fine-grained details. Extensive experiments demonstrate
significant improvements in instruction following, overall
success rates, and efficiency compared to SOTA generalist
policies [4]. To our knowledge, VidPlan represents the first
work to showcase generalist manipulation capabilities using
physically-grounded, uncertainty-aware video models for
gradient-based planning.

II. RELATED WORK

Video Generation Models as Embodied World Models.
Advances in controllable video synthesis [17], [18], [19]
has catalyzed recent work in robotics exploring the use of



Fig. 1: VidPlan enables robots to plan at inference time, leveraging context-specific information and counterfactual reasoning
to achieve stronger generalization compared to SOTA behavior-cloned policies.

video models as embodied world models, which predict
future states conditioned on robot actions (see [20] for a
survey). However, video models remain highly susceptible
to hallucinations, such as objects that appear or disappear,
and unrealistic contact dynamics and deformations [21],
[22], [23]. Additionally, video generation incurs prohibitive
inference-time compute costs, e.g., one future prediction
takes up to 10 seconds on A100 GPUs [10]. For faster
inference, recent work has sought to accelerate the sampling
process through architectural improvements [24], [25], [26]
and distillation-based methods [27], [28], [29], [30], [31], [32].
Other approaches leverage flow matching models, offering
higher inference speeds [33]. In this work, we propose using a
flow map for diffusion-to-flow-matching distillation to achieve
up to 50⇥ faster planning.

Uncertainty Quantification for Video Models. Generative
models have a strong propensity to hallucinate [34], [35], [36],
[37], [38], [39]. Prior work [40], [41] has explored uncertainty
quantification (UQ) as a mechanistic tool to identify and
mitigate hallucinations. The effectiveness of these methods
has driven a rapid growth in uncertainty quantification to
improve the explainability of the often obscure decision-
making processes of large generative models [42]. In general,
UQ methods for generative models avoid traditional ap-
proaches, such as Bayesian Neural Networks [43], variational
inference [44], and Deep Ensembles [45], due to their
prohibitive computation costs, opting for more efficient
strategies for estimating the model’s confidence. Notably,
while a large body of work [46], [47], [42] exists for
UQ of LLMs and image generation models, only a few
papers have examined UQ of video models. Prior work
S-QUBED [48] estimates the total predictive uncertainty
of video models, disentangling its aleatoric and epistemic
components. However, S-QUBED is limited to text-to-video
models. Another work C

3 [49] explores dense confidence
prediction but relies on the selection of a prediction accuracy
threshold, which can be challenging to specify a priori. To
address these limitations, we introduce a novel UQ method
that learns the distribution of prediction errors to derive
calibrated confidence estimates [50], [51].

World Models for Planning in Robot Manipulation.
Latent world models have been adopted to predict future

states for inference-time planning [52], [53], [54], but are
limited to goal-conditioned and localization tasks. Prior
work [11] employs video models as dynamics predictors
to compute action trajectories by minimizing the photometric
error between generated and goal images or image keypoints.
However, image reconstruction error generally fails to capture
semantic notions of task completion, which is determined by
salient interactions that are crucial for evaluating true success.
Other methods [12] utilize VLMs as commonsense evaluators
for video plans but rely on goal-conditioned policies for
low-level control. Subsequent work [13], [14], [15] directly
generates robot actions within the video plan, eliminating the
need for separate low-level policies. However, these methods
either do not optimize the resulting actions at inference-
time [13], [14] or only select actions from a small set of
candidate actions without gradient-based optimization [15],
limiting their effectiveness. In contrast, our method utilizes a
general-purpose reward model to identify promising candidate
actions, which is subsequently refined these actions through
gradient-based optimization.

Reward Modeling. Designing an appropriate objective
function has been a longstanding challenge for both planning
and reinforcement learning. Prior work has explored learned
reward models that track task progress as value signals [55].
Given the significant cost of manual reward engineering and
the challenge of generalization to new tasks, recent methods
have explored leveraging the commonsense understanding
of VLMs to evaluate robot trajectories [56], [57], [58], [59].
These methods often aim to track the progress of the task
by finetuning on both successful and (synthetic) failure robot
trajectories. Another line of work directly utilizes video
models as reward models, for example, using video prediction
likelihood or conditional entropy as reward signals [60], [61].

III. PROBLEM FORMULATION

We formulate the robot manipulation task as a Partially
Observable Markov Decision Process (POMDP), defined by
the tuple hS,A,O, f,Ri, representing the state space, action
space, observation space, dynamics model, and reward model.
To enable robot planning, we parameterize the environment
dynamics model using an action-conditioned video model
V✓ : O

T
⇥A

H
! O

H that stochastically generates future



frames given a sequence of actions at:t+H�1 2 A
H of hori-

zon H , as well as the history and current robot observations
ot�T+1:t 2 O

T of length T . A state transition results in
a reward rt+1:t+H ⇠ R(· | ot+1:t+H , at:t+H�1, `), given the
future observations, actions, and task instruction `.

IV. INFERENCE-TIME PLANNING WITH VIDEO MODELS

We introduce VidPlan, our inference-time planning frame-
work for robot manipulation, which consists of (i) an
uncertainty-aware video generation model for high-fidelity
dynamics prediction with calibrated confidence estimates (Sec-
tion IV-A), (ii) an efficient flow map for deriving compatible
flow-matching models from diffusion models for faster
inference (Section IV-B), and (iii) a hierarchical reward
model (Section IV-C) that captures semantic and spatio-

temporal progress, fusing the commonsense knowledge
of vision-language foundation models with video models.
Together, these components enable inference-time counterfac-
tual reasoning and robot action optimization, as illustrated
in Figure 2.

We formulate video generation using a diffusion process1.
Given a current observation ot�T+1:t and an action chunk
at:t+H�1 over a prediction horizon of length H , the video
model V✓ predicts the future evolution ot+1:t+H of the
environment: ot:t+H ⇠ V✓(· | ot�T+1:t, at:t+H). We assume
that the robot’s observations at each timestep consist of
three camera views (left and right scene cameras and a
wrist camera) stacked into a single frame, while the robot’s
actions consist of the 6-degree-of-freedom cartesian end-
effector pose (linear position and Euler angles) and the
gripper position. Notably, video models are limited by two
critical challenges when applied to robot planning: (i) they
hallucinate often, confidently generating inaccurate future
predictions that could degrade the real-world performance of
computed plans, and (ii) they do not run in real-time, making
online planning infeasible. We address these outstanding
challenges via uncertainty-aware video generation and flow
maps, respectively.

VidPlan uses an optimization-based paradigm for inference-
time robot planning, defined by the optimization problem:

maximize
at:t+H�1

J (R(ot+1:t+H , at:t+H�1), ht+1:t+H)

subject to (ot+1:t+H , ht+1:t+H) = V✓(·;U�),

(1)

with dynamics model V✓, UQ head U� , and objective J ,
which is a function of the predicted rewards R(·) and the
video model’s uncertainty ht+1:t+H . Directly optimizing the
problem in (1) is generally infeasible in most practical situa-
tions. Hence, we adopt a two-stage optimization process that
fits elegantly with our hierarchical reward model. Specifically,
given observations ot�T+1:t and an instruction `, VidPlan
first generates a suite of candidate actions {a

i

t:t+H�1}
n

i=1

through an action proposer u. Subsequently, each action
is rolled out with the video model V✓, yielding future
states {o

i

t+1:t+H
}
n

i=1, which are then evaluated with the
semantic reward model Ru. However, the planner may

1We provide a brief overview of video diffusion models in Appendix II.

exploit dynamics and rewards prediction errors to maximize
J . To mitigate this occurrence, we modulate the reward
predictions using the video model’s uncertainty, limiting the
effects of physically-inconsistent future predictions. Further,
we refine the action associated with the highest reward to
obtain a

?

t:t+H�1 through uncertainty-aware, gradient-based
optimization of predicted rewards from the spatio-temporal
reward model Rl. Thereafter, we execute the resulting
action on the robot and repeat the planning procedure.
(We summarize the key components of our framework in
Appendix I-F.) Next, we discuss each component of VidPlan
in greater detail.

A. Uncertainty-Aware Diffusion Modeling

To derive calibrated uncertainty estimators for video
generation, we recall that diffusion models can be formulated
using probability flow ordinary differential equations (PF-
ODEs) [51]: dx = ��̇(t)�(t)rx log p(x;�(t))dt, with a pre-
defined noise level scheduler �. Diffusion models are trained
to model the score rx log p(x;�(t)). Following [51], we
train V✓ to optimize the loss function:

E�,x1,x0

h
w(�)

���V✓(cin(�) · xc; cnoise(�))

�
1

cout(�)
(x1 � cskip(�) · xc)

���
2

2

i
,

(2)

where w(�) = �(�)cout(�)
2, � ⇠ pd, xc = x1 + �x0,

x1 ⇠ pdata, and x0 ⇠ N (0, I). (cin, cout, cskip) and cnoise

are scaling factors and conditioning inputs, respectively.
In Equation (2), note that no video predictor can per-

fectly recover the denoised data sample x1, given only
partial observability of the random variables x1 and x0

through x1 + �x0. Concretely, for E�,x1,x0 [·] = 0, the pre-
dicted output V✓(·) must be identically equal to the target

1
cout(�)

(x1 � cskip(�) · xc), or more generally, both quantities
must be almost surely equal in a probabilistic sense. However,
training a video predictor to satisfy this objective is infeasible
in practice, without making restrictive assumptions about the
distribution of x1. Furthermore, given the stochasticity of the
target, deterministic video predictors generally underperform
stochastic predictors, as shown in previous work [62], [63],
[51]. As a result, many SOTA diffusion models [50], [51],
[63] utilize stochastic sampling processes to learn the mean of
the target data, noise, or velocity. This design choice induces
a distribution p` over the prediction error:

`(·) = V✓(cin(�) · (x1 + �x0))

�
1

cout(�)
(x1 � cskip(�) · (x1 + �x0)).

(3)

where we have omitted the conditioning input cnoise(�) for
notational simplicity. The randomness of ` results from the
stochasticity of x1 and x0. We posit that the distribution of p`
provides useful insights into the knowledge boundaries of V✓.
In particular, the entropy of the error distribution represents
an interpretable measure of uncertainty in the video model’s
generated outputs. For example, highly stochastic dynamic
interactions would result in a higher-entropy error distribution.



Fig. 2: VidPlan Architecture. VidPlan is composed of three key components: (i) an uncertainty-aware video generation
model for dynamics prediction, (ii) a novel flow map for diffusion-to-flow-matching distillation for faster inference, and (iii)
a hierarchical reward model for capturing semantic and spatio-temporal progress from videos.

Likewise, the expected error of the distribution provides a
measure of the predicted accuracy of the generated video. We
leverage these metrics during action optimization to ensure
that dynamics and rewards predictions remain physically
consistent with the real-world. Inspired by prior work [49],
we discretize the latent error space into bins and predict the
probability mass associated with each bin. This design choice
preserves the generality of our proposed approach without
the restrictions that arise from simplifying assumptions on
the true distribution of the latent error. However, in contrast
to [49], our method does not require the selection of an error
threshold for broader effectiveness.

We utilize a U-Net as the backbone for the UQ model U� .
To learn temporal relationships, we augment the U-Net with a
self-attention transformer, incorporated in the bottleneck layer.
We train the UQ model using the cross-entropy loss function
for calibrated probabilistic predictions, in line with prior work.
We discuss further implementation details in Appendix I-F.

B. Real-time Video Generation via Flow Map

Although diffusion models excel as probabilistic models
for complex distributions such as world dynamics, their slow
inference speed remains a major bottleneck for real-time
planning. Leveraging the computation efficiency of flow
matching [33], we develop an approach that can fine-tune
diffusion world models for faster inference. We adopt the flow
map framework [16], which provides a unified perspective
over various distillation methods while offering flexibility
in design and stability in training. Among the algorithmic
families it introduces, we select Progressive Self-Distillation
(PSD) because it neither requires Jacobian–vector product
(JVP) operations as in [31], nor does it require maintaining
additional copies of the base network as in distribution-
matching approaches [32], [64], [26]. This design choice
enables efficient stable training for large-scale world models.

A flow map Xs,t(x) [16] maps a noisy input x at time s to
a less noisy prediction at time t, where xs and xt are solutions
to the probability flow satisfying dxt

dt
= bt(xt), where bt is

the velocity field as in flow matching. A commonly used
parameterization is Xs,t(x) = x + (t � s)vs,t(x), where
vs,t denotes the mapping field at time s with the desired
ending time t that we need to model. Directly training the
model with randomly sampled pairs of s and t leads to
unstable predictions. To improve training stability, we leverage
the property: limt!s @tXs,t(xs) = vs,s(x) = bs(xs) [16] to
fine-tune the flow map model using the loss function L =

Lflow(v) + Ldistill(v), where vs,s recovers the flow matching
velocity field bs.

To prevent training collapse, the term Xu,t(Xs,u(xs)) is
evaluated without gradients, and the ratio of samples used
for Lflow and Ldistill is treated as a hyperparameter. In our
experiments, we use a 2:1 split, allocating two-thirds of the
data to Lflow and one-third to Ldistill. To finetune a pretrained
video diffusion model using a flow map while preserving
the pretrained knowledge, we propose to warp the diffusion
prediction to a flow map (similar to [33]). In particular, we
convert noisy data in the flow space xflow

t
= tx1 + (1� t)x0

to the EDM space [51]: xedm
t

=
xflow
t

t
= x1 +

1�t

t
x0. With

the diffusion noise level � =
1�t

t
, we utilize the pretrained

diffusion model to predict both x̂1 and x̂0, and compute the
predicted vector field for finetuning: v̂t,t = x̂1(xt)� x̂0(xt).

C. Semantic Spatio-Temporal Reward Modeling

Reward models are crucial in planning to identify and steer
promising candidate actions towards successful task comple-
tion. However, effective reward model design is challenging,
due to the complexity of real-world tasks and the sparsity
of task progress signals [55], [59]. While existing methods
typically utilize proxies for spatio-temporal progress (e.g.,
time-based reward signals [55]) or semantic progress (e.g.,
using object detectors or VLMs [54], [56]). We emphasize that
both reward measures are essential to generalizable planning.

Consequently, we introduce a hierarchical reward modeling
paradigm that evaluates candidate actions semantically and
spatio-temporally for dense reward labeling. Our hierarchical
reward model consists of: (i) a higher-level semantic reward



model and (ii) a lower-level spatio-temporal reward model.
The semantic model Ru uses the vision–language foundation
model CLIP/SigLIP [65], [66] to score per-frame alignment
between predicted observations and the task instruction, lever-
aging its broad pretrained knowledge. For spatio-temporal
reward modeling, we incorporate a reward head Rl to the
video model V✓ to simultaneously predict per-frame rewards
during video generation. By conditioning the predicted reward
on both spatial and temporal dependencies, Rl captures
correlation between geometric progress towards relevant
objects and overall task completion.

Given the propensity for video models to hallucinate, we
train the reward head using proper scoring rules [67] to com-
pute calibrated probability estimates over the value function,
given by: V (o) = E⇠⇠u

hP
F

⌧=t
�
⌧�F

R(o⌧ , a⌧ ) | o⌧ = o

i
,

where R(·) represents the ground-truth rewards, with the
terminal reward given by the binary success flag at the end
of the task (at time F ). As is standard in prior work, we
use the success annotations in open-source robot datasets.
We bin the resulting value function and formulate the low-
level reward modeling problem as a multi-class classification
problem. Concretely, we train the reward model Rl to predict
a probability distribution over N bins using the cross-entropy
loss function, given by: Lr(o) = �

P
N

i=1 pbi log(qbi), where
pbi equals zero except when the ground-truth value function
lies in bin i, and qbi represents the predicted probability by Rl

that the value function lies in bin i. Note that the resulting
probability distribution serves as a calibrated uncertainty
measure for the reward model, i.e., the probability associated
with each bin represents the model’s confidence in the
corresponding reward prediction. We parameterize Rl using
a U-Net architecture for training efficiency. Next, we discuss
the integration of uncertainty for robust planning.

D. Action Proposal and Gradient-Based Optimization

We adopt a two-step approach using a global planner
that broadly searches for good initializations, and a local
planner that further optimizes these actions. We explore
two action proposal methods for planning, namely: (i) a
biased proposal scheme centered around nominal actions
generated by behavior-cloned policies, and (ii) a general-
purpose proposal scheme that explores all spatial directions.
With the first approach, we seek to leverage the pretrained
knowledge of imitation-learned policies to provide a good
initialization for the search problem. In our work, we perturb
nominal actions from ⇡0.5 [4] to generate more candidate
actions; however, in preliminary experiments, ⇡0.5 often
struggled with language instruction following, in line with
findings in prior work [68], limiting the diversity of generated
actions. In contrast to the behavior-cloning-based scheme, the
second action proposal scheme generates candidate actions
that span the joint velocity space of the robot by constructing
feasible joint velocities from the canonical set of basis spatial
velocities using the robot’s Jacobian. We construct a set of
six actions in the robot’s base frame. Note that both action
proposal schemes generate actions in velocity space; however,
the video model takes in cartesian end-effector poses as

actions. To address this discrepancy, we map joint velocity
actions to joint positions using a dynamics action adapter
(e.g., [10]), which is subsequently mapped to cartesian poses
via inverse kinematics.

Combining the semantic and spatio-temporal reward predic-
tions, we frame the global planning problem as multi-objective
optimization, jointly optimizing semantic relevancy rs while
centering the relevant region: r := w(·)(rs � �d(c, cr)),

where w(·) represents the weighting function based on the
video model’s uncertainty, d represents the distance function
between the desired target center c and the centroid of the
region of highest reward cr, and � is the weight on the
second objective. To define a net semantic reward for a
predicted trajectory of horizon H , we compute the maximum
reward across all frames in the trajectory and select the
action proposal with the highest reward. Thereafter, we refine
the action trajectory associated with the highest semantic
reward via gradient-based optimization. At each iteration,
we compute the expected reward using Rl and optimize
the entropy-weighted expected reward by back-propagating
gradients through Rl to mitigate the effects of hallucinations.

V. EXPERIMENTS

We evaluate the effectiveness of VidPlan via the following
questions: (Q1) Does VidPlan provide stronger generalization
and better instruction following compared to SOTA behavior
cloning? (Q2) Can VidPlan mitigate world model hacking
during inference-time planning? (Q3) Does VidPlan’s produce
calibrated uncertainty-aware video world models? (Q4) Does
VidPlan’s flow map enable real-time high-quality video gen-
eration? We discuss our findings here and provide additional
experiments and ablations in Appendix I.
Implementation Details. We construct our flow map
model from Stable Video Diffusion [69] adapted for action-
conditioned future prediction [10], pretrained on the DROID
dataset [70]. We run real-world experiments on the Franka
Emika robot in the DROID configuration [70], given the
vast amount of available training data. We provide additional
implementation details in Appendix I-F.
Baselines. We compare against the SOTA policy ⇡0.5 [4]
as the main baseline. Beyond being a frontier generalist
policy, ⇡0.5 provides a pretrained DROID checkpoint that is
suitable for zero-shot deployment on the real-world DROID
setup. Other alternatives such as MolmoAct [71] and GR00T-
N1.5 [72] would require finetuning with significant data
collection and compute costs, which is beyond the scope
of this work. Hence, we do not compare against these
policies, including UVA [73] and Diffusion Policy [74].
Additionally, we could not compare against the concurrent
work Cosmos Policy [15], since it did not provide an open-
source implementation at the time of preparation of our work.

A. Does VidPlan provide stronger generalization and better

instruction following compared to SOTA behavior cloning?

In this section, we evaluate VidPlan against ⇡0.5 in five real-
world manipulation tasks on a DROID robot setup, visualized
in Figure 3. Specifically, we ask the robot to manipulate
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Fig. 4: Video model-based planning is prone to world model hacking. (Top) When asked to grasp the carrot, the video
model deforms the object in the yellow box into a carrot, leading to high predicted rewards which are exploited by the
planner. (Bottom) The optimized actions produce oscillatory motion between the true carrot and the hallucinated object when
executed in the real-world, resulting in failure.

common objects, such as picking up a measuring tape, pea,
fish, and carrot, or folding a towel — objects that one
would expect a behavior-cloned policy to manipulate without
difficulty. We provide the complete list of tasks in Table I,
and measure the performance of each method in 20 trials per
task, reporting the instruction following rate in Figure 3.

TABLE I: Real-world policy performance comparison (in %).

Task ⇡0.5 VidPlan (ours)

Put the measuring tape in the bowl 20 75
Put the fish in the bowl 25 85
Put the pea in the bowl 5 85
Put the carrot in the bowl (ID) 100 100
Fold the towel (ID) 100 100

First, we observe that both policies achieve a perfect
success rate in the carrot and towel tasks. This finding
is not surprising, given that these tasks are within the
training distribution, e.g., Bridge [75] and OX-E [76]. More
surprisingly, we see a drastic drop in performance of ⇡0.5

in the remaining tasks. Although intuition suggests that
the target objects in our experiments should be easy to
manipulate, our experiments show the contrary. We posit

that this performance degradation is due to the inability of
behavior-cloned policies to generalize beyond their training
distribution. For example, many robot datasets do not have
a lot of expert demonstrations with measuring tapes, fish,
etc. Moreover, many SOTA policies are trained with simple
uncluttered scenes, which makes the scenes in our experiments
out of distribution for these policies. Consequently, even
though the pea is not remarkably different from a carrot
visually and structurally, ⇡0.5 struggles to manipulate the pea.

In contrast to imitation-learned policies, VidPlan evaluates
the effects of multiple candidate actions and reasons coun-
terfactually about the alignment between these actions and
the specified task using the reward model, empowering it
to ultimately compute a more optimal sequence of actions
for the task. This planning paradigm enables strong out-of-
distribution generalization, explaining the superior perfor-
mance of VidPlan in Figure 3. Concretely, through inference-
time planning, VidPlan outperforms ⇡0.5 by about 55% to
80% in our experiments.

B. Can VidPlan mitigate inference-time world model hacking?

Higher rewards in planning-based methods may not trans-
late to real-world improvements due to the tendency for
optimizers to exploit artifacts in the dynamics and rewards
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hallucinated rewards (for the object in the yellow box) to achieve real-world success. (Right) From Column 1 to 3, VidPlan
suppresses hallucinated rewards, reinforces true rewards, and promotes exploration when necessary using its uncertainty
signal.
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Fig. 6: Interpretable UQ with VidPlan. (Left) The video model is uncertain about object deformations that are inconsistent
with the laws of physics. (Right) Despite the highly accurate generated video, the video model is still uncertain due to the
highly stochastic dynamics of deformable objects, e.g., the cloth.

prediction in world models. Here, we consider a real-world
task where the robot is asked to pick up a carrot, as shown
in Figure 4. The video model hallucinates the unfamiliar
object in the yellow box into a carrot, leading to higher
predicted rewards for the hallucinated object. Consequently,
the planner selects actions that move the robot to this object
to exploit these artificially higher rewards. However, these
actions do not result in real-world success. In particular,
real-world execution produces oscillatory behaviors as the
robot moves back and forth between the true carrot and the
hallucinated object.

To address this challenge, VidPlan integrates UQ into
inference-time planning, which enables the planner to generate
risk-aware trajectories that mitigate the effects of world model
hacking. In Figure 5, we demonstrate the effectiveness of

uncertainty-aware planning for the same task in Figure 4.
First, in Figure 5 (left), we highlight that VidPlan identifies
that the video model is uncertain about its predictions of
the object in the yellow (in Row 2). In addition, the video
model estimates higher prediction errors for these regions (in
Row 3). The planner utilizes the estimated uncertainty to
downweight the corresponding hallucinated rewards to focus
on the true carrot (in Row 4 to 5), ultimately resulting in
real-world success. Similarly, in Figure 5 (right), we show
that uncertainty-guided planning produces desirable robust
behaviors. In Column 1, VidPlan suppresses the reward
associated with the lobster to focus on picking up the carrot,
since the video model is uncertain about the lobster. Likewise,
in Column 2, VidPlan boosts the reward associated with
the carrot, since the video model is confident about the



Fig. 7: Flow Map Video Model. (Left) Our flow map provides faster inference, e.g., 70⇥, 29⇥, and 13⇥ speedups with
the 1, 2 and 4-step models. (Middle) Perceptual quality does not degrade significantly; the 4-step and the original diffusion
models attain almost the same perceptual scores. (Right) Across different video lengths, the 4-step and the original diffusion
models achieve similar video generation quality.

carrot. In Column 3, given that the video model is uncertain
about all objects, VidPlan modulates all reward predictions
appropriately, resulting in more exploratory behaviors.

C. Does VidPlan produce calibrated uncertainty-aware video

world models?

Here, we examine the calibration of the video model’s
uncertainty estimates produced by VidPlan across 100 tasks
in the DROID dataset. We obtain near perfect calibration, with
low expected calibration error (ECE) at 0.06. Additionally,
in Appendix I-C, we show that entropy of the predicted error
distribution is strongly positively correlated with the LPIPS
and ground-truth latent error.

Further, we examine the interpretability of the latent
uncertainty estimates computed by VidPlan. In Figure 6,
we show two sample tasks from three camera views: right,
left, and wrist, where green-to-red regions represent areas
of increasing uncertainty. In Figure 6 (left), we see that the
video model is uncertain about the robot-object interaction
(third column) as the object deforms in ways that are
inconsistent with the laws of physics. Similarly, in the second
task, the video model is uncertain about the dynamics of
the deformable object in the wrist-camera view, as one
would expect. These two examples highlight the fine-grained
expressiveness of VidPlan’s uncertainty estimates. First, we
observe that the uncertainty in the first task is associated
with hallucinations, which can be reduced by training with
additional data; making it epistemic in nature. In contrast, in
the second task, the video model is still uncertain despite its
highly accurate generated video. This uncertainty is associated
with the highly stochastic dynamics of deformable bodies,
which is generally irreducible, rendering it aleatoric.

D. Does VidPlan’s flow map enable real-time video genera-

tion?

We explore the inference speedups afforded by VidPlan’s
flow map, which is summarized in Figure 7. We observe
significantly faster inference with the flow map video model.
Concretely, inference speed scales linearly with the number
of denoising steps, resulting in 70⇥, 29⇥, and 13⇥ speedups

with the 1, 2 and 4-step models, respectively. At these
inference speeds (2Hz to 12Hz), the flow map video model
is fast enough for real-time planning. Next, we examine
the tradeoffs between inference speeds and video generation
quality. From Figure 7, we observe negligible differences in
video quality between the 4-step flow map model and the
original diffusion model, and as expected, video generation
quality decreases more significantly for the 1 and 2-step
models. Further, we explore video generation quality with
respect to the video length, shown in Figure 7. We find
that the 4-step and the original diffusion models achieve
qualitatively the same video quality across a broad range of
video durations. These results highlight the effectiveness of
our flow map in real-time, high-fidelity video generation.

VI. CONCLUSION AND FUTURE WORK

We introduce VidPlan, an inference-time uncertain-aware
planning framework that uses video models as high-fidelity
world models for context-specific counterfactual reasoning.
VidPlan consists of three core innovations: (i) an uncertainty-
aware video model that jointly generates future predictions
and associated confidence, (ii) a flow map for diffusion-to-
flow-matching distillation for real-time inference, and (iii) an
hierarchical reward model that evaluates candidate actions
based on semantic and spatio-temporal signals. Together, these
components enable robust gradient-based optimization that
mitigates world model hacking to achieve strong zero-shot
generalization compared to SOTA imitation-learned policies.

Although broadly effective, our hierarchical reward model
does not leverage synergies between semantic and spatio-
temporal. Training more generalizable reward models for
joint semantic and spatio-temporal reward modeling to
harness shared dependencies would be an interesting area
for future work. Further, better informed action proposals
and faster video generation with lower compute overhead
could significantly speed up the planning process, constituting
an exciting direction for future research. Looking forward,
we believe that inference-time planning could unlock the
remarkable potential of generalist robot policies.
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APPENDIX I
ADDITIONAL EXPERIMENTS

A. Additional Discussion of Results in Section V-A

We discuss our baseline comparison experiments. For
each task, we create cluttered scenes by including random
objects around the specified target object for manipulation.
In preliminary experiments, we found ⇡0.5 to be notably
sensitive to the format of the task description. For example,
⇡0.5 often failed when prompted with “pick up <object>”;
however, when prompted with “put the carrot in the bowl”
⇡0.5 succeeded virtually all the time. Hence, we use the task
description format “Put the <object> in the bowl” or “Fold
the <object>” in our experiments.

In Figure 8, we provide an illustration of the robot trajectory
with ⇡0.5 and VidPlan in the measuring tape task. With ⇡0.5,
the robot wanders around the scene, visiting different objects,
before picking up the wrong object (the mug). This convoluted
path is suboptimal for the task.
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Fig. 8: Sample action trajectory from ⇡0.5 and VidPlan
in the measuring tape task. (Top) ⇡0.5 does not follow the
instruction and takes a convoluted path that first pushes the
penguin before putting the mug in the bowl. (Bottom) Via
inference-time planning, VidPlan goes directly towards the
measuring tape guided by the reward model.

VidPlan addresses these challenges by first predicting the
dynamics of the scene with the video model and subsequently
optimizing the candidate actions based on the predicted
rewards. Consequently, with VidPlan, the robot takes a
more direct path to the target object. Next, we explore the
degradation in performance of ⇡0.5 as the environment moves
further away from the training distribution.

B. Behavior-Cloned Policies Struggle to Generalize

Behavior cloning yields policies that perform impressively
on tasks and environments within the training distribution.
However, we observe large drops in performance when
deploying these policies in less familiar settings, as discussed
in Section V-A. Here, we examine the generalizability of ⇡0.5

as we incrementally increase the complexity/clutter in the
scene for the task “put the measuring tape in the bowl.”

Fig. 9: Generalization of ⇡0.5 with increasing distance
from training distribution. The instruction following rate of
⇡0.5 degrades significantly as the environment moves further
away from the training distribution. After adding three objects
to the scene, the performance of ⇡0.5 drops by 80%, when
the robot is asked to put a measuring tape in a bowl.

Figure 9 summarizes the results, showing a progressive
decline in the instruction following capability of ⇡0.5 as more
objects are added to the scene. When only a single object is
present in the scene, ⇡0.5 picks up the measuring tape in every
trial, achieving a perfect success rate. This scenario represents
the in-distribution case, i.e., the nominal environment where
there are only target objects on the table. However, when
another object is added to the scene, the performance of ⇡0.5

drops by 60%, with a further performance drop of 20% when
a third object is added to the scene. These results suggests
that: (i) ⇡0.5 can generalize to some extent, as the success
rate remains moderate when there are only two objects in
the scene, and that (ii) it fails catastrophically when trying
to generalize to more unfamiliar environment conditions,
e.g., a cluttered scene. These findings highlight the limited
generalizability of behavior-cloned policies, as demonstrated
in prior work [77], [78].

In Figure 10, we show a sample trajectory using ⇡0.5. No-
tice that the robot visits many objects during the task, e.g., the
plushy toy, burger, and penguin, before ultimately picking up



Fig. 10: Sample action trajectory showing limited generalization of ⇡0.5 in the measuring tape task. ⇡0.5 struggles to
generalize to out-of-distribution scenes. When asked to put the measuring tape in the bowl in a cluttered scene, ⇡0.5 hesitates
for about 200 timesteps, then attempts to pick up various objects, e.g., the plushy toy, burger, and penguin.
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Fig. 11: Correlation between predicted entropy and LPIPS/absolute latent error in video prediction. We observe a
positive correlation between the video model’s uncertainty and the LPIPS/absolute latent error at a statistically significant
level of 99%. The video model’s uncertainty is well-aligned with the observed error.

the wrong target object (the penguin), showing a fundamental
lack of task understanding. As noted earlier, ⇡0.5 is extremely
sensitive to the language instruction. Concretely, semantically-
similar language instructions produce significantly different
outcomes. For example, the policy often fails if the robot
is asked to “pick up <target object>” but succeeds when
asked to “put <target object> in a container.” These findings
suggest that there is limited semantic understanding within
⇡0.5, i.e., the policy fails to learn semantic abstractions that
unify language and visual inputs. Semantic understanding is
essential for generalization, presenting a promising direction
for future research.

C. Calibration of VidPlan’s UQ Estimates

We further discuss the calibration of the video model’s
uncertainty estimates produced by VidPlan. In Figure 11, we
show that the entropy of the predicted error distribution is
strongly positively correlated with the LPIPS [79] and the
ground-truth latent error, with correlation coefficients of 0.38
and 0.32 at the 99% significance level, respectively. These
results show that entropy is well-aligned with video error,
with increasing entropy associated with increasing (observed)
video error.

D. Interpretability of VidPlan’s UQ Estimates

Here, we provide additional results showing the inter-
pretability of the video model’s uncertainty. In Figure 12
(left), we observe that the video model hallucinates the bag

of blocks on the table and changes the originally cylindrical
blocks into planar pieces. VidPlan expresses the model’s
uncertainty about its hallucinations, as shown by the green
and red regions in the uncertainty map. Similarly, in the
task on the right, the video model hallucinates the lid of
the coffee maker disappearing in the generated wrist-camera
video. VidPlan correctly identifies these hallucinations as
regions of high uncertainty.

In Figure 13, we show that VidPlan is able to capture un-
certainty that arises from dynamic interactions, e.g., in a cable
manipulation task (left) and a towel manipulation task (right).
We draw the reader’s attention to the wrist camera view on the
left, where the video model deforms the charger connected to
the cable. VidPlan designates the corresponding regions of the
video as areas of high uncertainty, which is aligned with the
relatively higher error between these regions of the generated
video and the ground-truth video. In the towel manipulation
task, VidPlan highlights regions associated with the towel as
high-uncertainty regions, which is well-aligned with human
intuition. Non-rigid bodies exhibit complex dynamics, making
future prediction particularly challenging, a phenomenon
that is captured by higher uncertainty of the video model.
Moreover, the generated video deviates significantly from the
ground-truth video in regions corresponding to the towel.

Beyond identifying dynamics uncertainty, VidPlan localizes
areas of generated videos with non-physically-consistent
spatio-temporal changes. For example, in Figure 14, we show
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Fig. 12: VidPlan localizes uncertain regions with objects morphing or disappearing. (Left) The video model deforms the
cylindrical bars and other objects in the bag, which corresponds to areas of high uncertainty. (Right) Similarly, the video
model is uncertain about its hallucinations of the lid of the coffee maker disappearing in the wrist-camera video.
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Fig. 13: VidPlan captures uncertainty from robot-object interactions. As shown in the composited heatmaps, the video
model is uncertain about its predictions of the state of the charger (left) and the towel (right). These predictions are aligned
with the error in the video prediction as well as human intuition.
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Fig. 14: VidPlan identifies non-physically-consistent future predictions. In the generated videos, the video model morphs
the soda can and the drawer chest. VidPlan localizes these hallucinations in the composited uncertainty maps.

a pair of tasks, where the video model deforms a can of soda
(left) and a drawer chest (right) in ways that violate the laws
of physics. VidPlan correctly associates these regions with
higher uncertainty. Likewise, in Figure 15, the video model
hallucinates grasping a cereal bag (left). VidPlan identifies the

corresponding regions as areas of high uncertainty, which is
consistent with the larger ground-truth error. In the second task
(right), many of the objects in the drawer are occluded, making
future prediction difficult. VidPlan’s uncertainty estimates
capture this inherent uncertainty.
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Fig. 15: Additional visualization of VidPlan’s uncertainty estimates. VidPlan identifies the hallucinated cereal bag (left)
and captures the uncertainty associated with the objects in the drawer due to occlusions (right).
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Fig. 16: Inference speed and visual quality of the flow map models for varying number of denoising step. Inference
speed increases linearly with the number of denoising steps, and importantly, the visual quality remains relatively constant
till about 4 steps. The � indicates the pretrained diffusion model.

E. Ablations: Flow Map Results

We provide additional results on our flow map models
derived from pretrained diffusion models. Specifically, we
evaluate the inference speed and perceptual quality of the
resulting flow map model across a range of denoising steps.
We report the results in Figure 16. As noted in the earlier
discussion, we find that inference speed scales linearly with
the number of denoising steps, and importantly, the visual
quality of the generated videos remains relatively constant up
to about 4 denoising steps, with only marginal differences in
the perceptual scores. These results underscore the significant
speedup provided by the flow map model without a notable
tradeoff in perceptual quality (about 10� speedup for the
4-step model).

In Figures 17 and 18, we provide qualitative results showing
the quality of the videos generated from the 1-step, 2-step, and
4-step models. We observe almost no perceptible difference
in quality at t = 5 across all models. At t = 10, the quality
of the 1-step model begins to degrade, particularly in the
background regions of the video. This degradation worsens
in the 1-step model with a noticeable divergence between the
ground-truth and the videos generated at t = 30 and t = 60.
However, the 4-step model maintains high-quality generations
even at t = 60. This result indicates that we can vary the
number of inference steps during planning based on our

choice of roll-out horizon for optimal efficiency.

F. Implementation Details

We provide additional implementation details for VidPlan.
We train all models on the training split of the DROID
dataset. We train the flow map model on four H200 GPUs
with 140GB VRAM for a maximum of four days. For
simulated experiments, we use the validation dataset split
of the DROID dataset but generate novel tasks for the real-
world experiments. At inference time, VidPlan uses a single
H200 GPU for planning, which requires about 2.6 sec for a
prediction horizon of 5, optimized over 5 iterations using a
4-step flow map model (assuming parallel video generation
for the action proposals). For faster planning, we demonstrate
inference speeds of 12.5 Hz with our one-step flow map
model, corresponding to a total planning time of 0.48 sec for
the same horizon length.
Uncertainty Quantification and Reward Heads. We adopt
the U-Net backbone for the video model’s UQ and reward
heads with two upsampling and downsampling blocks, given
its remarkable efficiency in capturing spatial relationships
which is crucial in vision-based learning. For spatio-temporal
modeling, we introduce a self-attention layer in the U-Net’s
bottleneck, with a dimension of 512 channels. To learn
calibrated probabilities that are consistent with observed
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Fig. 17: Flow map model rollouts at t = 5 and t = 10 for different numbers of denoising steps. Across all models,
video generation quality does not noticeably degrade at t = 5. However, the background quality degrades moderately for the
1-step and 2-step models at t = 10, unlike the 4-step model.
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Fig. 18: Flow map model rollouts at t = 30 and t = 60 for different numbers of denoising steps. With fewer denoising
steps, e.g., 1-step, we see much more severe video quality degradation at longer rollout horizons. However, the 4-step model
generates high-quality videos even at t = 60.

frequencies, we train the UQ and reward heads using the
cross-entropy loss function. In training the UQ head, we
discretize the distribution over the latent errors into 30 bins,
noting that the absolute prediction errors reside within the

range [0, 10]. Likewise, for the UQ head, we discretize
the Monte-Carlo estimated returns into 20 bins, noting that
the estimated returns lie in the range [0, 1]. We train both
heads simultaneously for a maximum of two days without



TABLE II: Flow Map Training Hyperparameter

Hyperparameter Value

LR 5e-6
Batch size flow 16
Batch size distill 8

backpropagating gradients to the flow-matching pipeline, as
discussed in Section IV.

For meaningful visualization, we map the latent uncertainty
estimates to the RGB color space by compositing three
canonical latent-space colormaps. Specifically, we instantiate
a latent-space colormap by transforming red, green, and
blue solid-color videos to the (SVD) latent space. To define
a heatmap for each generated video frame, we blend the
basis colors of the colormap using the estimated uncertainty
of each latent channel as weights. Recall that VidPlan’s
uncertainty estimates are bounded between zero and one. We
map zero-valued uncertainty channels to blue latents and one-
valued uncertainty estimates to red latents, with green latents
assigned to values in the middle of the range. To further aid
understanding, we overlay the uncertainty heatmaps on the
generated RGB video frames to create a composited image
that highlights higher-uncertainty regions.
Flow Map Generation. For real-time video generation, we
subsequently transform our video diffusion model to a flow
map model using the hyperparameters in Table II, as discussed
in Section IV-B. To utilize pretrained information in the
diffusion model, similar to [33], we transform the input from
the flow space to the diffusion space and obtain an estimated
vector field from the diffusion model, as shown in Algorithm 1.
We summarize the finetuning process in Algorithm 2, with
the loss functions given by:

Lflow(v) = Ex1,x0,t

h
kXt,t(xt)� (xd)k

2
i
,

Ldistill(v) = Ex1,x0,s,u,t

h
kXs,t(xs)�Xu,t(Xs,u(xs))k

2
i
.

(4)
Note that the algorithm is agnostic to the loss formulation
of the original diffusion model, because we can obtain the
estimated noise and clean data from any diffusion formulation
(see Equation (8) to Equation (12)). In addition, note that the
video model is conditioned on action sequences represented by
Cartesian-space end-effector poses, as discussed in Section IV.
The overall planning pipeline is summarized in Algorithm 3.

Algorithm 1: DIFF2FLOW: Warp Pretrained EDM
Diffusion Predictors into a Flow-Map Vector Field

Require : A pretrained diffusion video model V✓

(EDM noise-level conditioning); flow start
and end times s, t 2 (0, 1], conditions c.

Function DIFF2FLOW(V✓, õ
s

⌧�T :⌧ , c, s, t):
// From flow to EDM space

õ
s,edm
⌧�T :⌧  õ

s,flow
⌧�T :⌧/s

// EDM noise level

�  (1� s)/s

// Run the pretrained diffusion

model at noise level �

(ô⌧ :⌧+H , ✏̂) V✓(õ
s,edm
⌧ :⌧+H

; c, �, t)
// Convert predictions to a

flow-map vector field

v̂s,t  ô⌧ :⌧+H � ✏̂

return v̂s,t



Algorithm 2: Video World Model Finetuning with
Flow Map

Require : Pretrained diffusion video dynamics model
V✓; batch size B = Bflow +Bdistill.

while not converged do
Input: A minibatch of trajectories

{(o⌧�T :⌧ , a⌧ :⌧+H , o⌧ :⌧+H)}
B

⌧=1

// Split minibatch

Bflow  {(o⌧�T :⌧ , a⌧ :⌧+H , o⌧ :⌧+H)}
Bflow
⌧=1

Bdistill  {(o⌧�T :⌧ , a⌧ :⌧+H , o⌧ :⌧+H)}
Bdistill
⌧=1

Lflow  0, Ldistill  0

// Flow matching objective

foreach (o⌧�T :⌧ , a⌧ :⌧+H , o⌧ :⌧+H) 2 Bflow do
Sample t ⇠ U(0, 1) and ✏ ⇠ N (0, I)

õ
t

⌧ :⌧+H
 (1� t) o⌧ :⌧+H + t ✏

c = (o⌧�T :⌧ , a⌧ :⌧+H)

vt,t  DIFF2FLOW(V✓, õ
t

⌧ :⌧+H
, c, t, t)

Lflow  Lflow + kvt,t � (o⌧ :⌧+H � ✏)k
2
2

end
// Semigroup distillation

objective

foreach (o⌧�T :⌧ , a⌧ :⌧+H , o⌧ :⌧+H) 2 Bdistill do
Sample s, u, t ⇠ U(0, 1) such that
0  s < u < t  1 and ✏ ⇠ N (0, I)

õ
s

⌧ :⌧+H
 (1� s) o⌧ :⌧+H + s ✏

c = (o⌧�T :⌧ , a⌧ :⌧+H)

vs,u  DIFF2FLOW(V✓, õ
s

⌧ :⌧+H
, c, s, u)

Xs,u  õ
s

⌧ :⌧+H
+ (u� s)vs,u

vu,t  DIFF2FLOW(V✓, Xs,u, c, u, t)
Xs,t  Xs,u + (t� u)vu,t

// Direct teacher step X
⇤
s,t

vs,t  DIFF2FLOW(V✓, õ
s

⌧ :⌧+H
, c, s, t)

X⇤
s,t
 õ

s

⌧ :⌧+H
+ (t� s)vs,t

Ldistill  Ldistill +
��X⇤

s,t
� sg(Xs,t)

��2
2

end
✓  ✓ � ⌘r✓ (Lflow + Ldistill)

end

Algorithm 3: VidPlan: Inference-Time Planning with
Video Models

Require Action Proposer u, Video Model V✓, Reward

Model R, UQ Model U�

PlanningLoop (ot�T+1:t, `):
Input: Observation History ot�T+1:t, Task

Prompt `
Output: Planned Trajectory at:t+H�1

// Action Proposal

At:t+H�1 := {a
i

t:t+H�1}
N

i=1  u(ot�T+1:t, `)

foreach a
i

t:t+H�1 2 At:t+H�1 do
// Future Prediction and

Uncertainty Quantification

o
i

t+1:t+H
, h

i

t+1:t+H
 

V✓(ot�T+1:t, at:t+H�1), U�(·)

// Reward prediction

r
i

t+1:t+H
 R(ot+1:t+H , at:t+H�1)

// Uncertainty-Guided Reward

Weighting via w(·)

r
i

t+1:t+H
 w(h

i

t+1:t+H
) · r

i

t+1:t+H

end
// Global (High-Level) Planner

at:t+H�1  argmax
a
i

t:t+H�1
{r

i

t+1:t+H
}

foreach iter do
// Local Planner via GradOpt(·)

at:t+H�1  

GradOpt(at:t+H�1;R(·), ht+1:t+H)

// Future Prediction and

Uncertainty Quantification

ot+1:t+H , ht+1:t+H  V✓(·), U�(·)

end
return a

?

t:t+H�1



APPENDIX II
PRELIMINARIES

We provide additional background material on diffusion,
flow matching, and flow map to complement Section IV-A
and Section IV-B.

A. Diffusion Model

As described in Section IV-B, we adopt the EDM-
framework [51] for diffusion models, since it offers a general
framework unifying various diffusion formulations [62], [50].
Diffusion models learn to gradually denoise noisy data, whose
marginal distribution can be described by:

pt(x) =

Z
pdata(x0)

⇥
N (x; s(t)x, s(t)2�(t)2I

⇤
dx0 (5)

= s(t)
�d

⇥
pdata ⇤N (0,�(t)

2I)
⇤
(x/s(t)), (6)

where pa ⇤ pb denotes the convolution of probability density
functions, � is the pre-defined noise schedule and s(t) is a
pre-defined scaling schedule. Additionally, we have p(x;�) =
pdata/s(t) ⇤N (0,�(t)

2I).
The generation process (also called the backward process)

can be defined as:

dx =


ṡ(t)

s(t)
x� s(t)

2
�̇(t)�(t)rx log p(

x

s(t)
;�(t))

�
dt, (7)

where it evolves a sample xta
⇠ p(x;�(ta)) from time ta

to time tb, given by the sample xtb
⇠ p(x;�(tb)). One

commonly used formulation is to set s(t) = 1 (c.f. Section IV-
B).

The diffusion model objective is to learn the time-dependent
score function rx log p

⇣
x

s(t) ;�(t)

⌘
, which governs the gen-

eration dynamics in Equation (7). In practice, rather than
modeling the score function directly, diffusion models are
commonly trained using equivalent parameterizations corre-
sponding to different prediction targets. We summarize the
three most widely used formulations.

a) Noise (✏) Parameterization.: The model predicts the
noise term ✏✓(xt, t). The corresponding score function is
given by:

rx log p

✓
xt

s(t)
;�(t)

◆
= �

1

s(t)�(t)
✏✓(xt, t). (8)

b) Clean Data Parameterization.: Alternatively, the
model may directly predict the clean data x1:

x1,✓ = x1,✓(xt, t). (9)

Under this parameterization, the score function becomes:

rx log p

✓
xt

s(t)
;�(t)

◆
= �

xt � s(t)x1,✓(xt, t)

s(t)2�(t)2
. (10)

c) Velocity (v) Parameterization.: The velocity param-
eterization predicts a linear combination of the scaled data
and noise:

vt =
xt

s(t)�(t)
� x0. (11)

Given a model prediction v✓(xt, t), the score function can
be recovered as

rx log p

✓
xt

s(t)
;�(t)

◆
= �

1

s(t)�(t)

✓
xt

s(t)�(t)
� v✓(xt, t)

◆
.

(12)

Equivalence of Parameterizations. The three parameteriza-
tions are mathematically equivalent, as they correspond to
different reparameterizations of the same underlying score
function in Equation (7). Consequently, we can map between
these parameterizations analytically. Hence, he choice of
parameterization primarily affects optimization behavior
rather than model expressiveness.

B. Flow Matching

Flow matching [80] is defined via an ODE:

d

dt
xt = bt(xt). (13)

Here, xt = ↵tx0+�tx1 and bt = Ex0,x1 [
d

dt
xt], which is also

known as the “velocity”. A common choice is ↵t = (1� t)

and �t = t, as we used in Section IV-B.
The learning objective is to model the velocity using a

network:

Lb(b̂) =

Z 1

0
Ex0,x1

"����b̂t(xt)�
d

dt
xt

����
2
#
. (14)

C. Flow Map

A flow map [16] is defined as:

Xs,t(xs) = xt for all (s, t) 2 [0, 1]
2
, (15)

where (xt)t2[0,1] is any solution of Equation (14). Follow-
ing [16], we parameterize the flow map via:

Xs,t(xs) = xs + (t� s)vs,t(xs), (16)

which should satisfy the condition given by:

vt,t(x) = bt(x). (17)

In addition, a flow map must satisfy one of the following
conditions:

(i) (Lagrangian): @tXs,t(x) = vt,t

�
Xs,t(x)

�
,

8(s, t) 2 [0, 1]
2 and x 2 Rd

. (18)

(ii) (Eulerian): @sXs,t(x) +rXs,t(x) vs,s(x) = 0,

8(s, t) 2 [0, 1]
2 and x 2 Rd

. (19)

(iii) (Semigroup): Xu,t

�
Xs,u(x)

�
= Xs,t(x),

8(s, t, u) 2 [0, 1]
3 and x 2 Rd

. (20)



Fig. 19: Flow map fine-tuning with PSD. The instantaneous
change of the flow map, limt!s @tXs,t(xs), recovers the
velocity field bt(xt) in flow matching and ensures train-
ing stability. The semigroup property of the flow map,
Xs,t(xs) = Xu,t �Xs,u(xs), enables accelerated generation.

We utilize the semigroup condition, since the Lagrangian
and Eulerian conditions require Jacobian-vector product (JVP)
operations, limiting their practical application in large models
such as generative video models. Figure 19 illustrates the
training objective of a flow map with the Semigroup condition.
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