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Fig. 1. Compositional diffusion planning for autonomous drone racing. (A) Runtime construction of waypoints and vision conditions from future
waypoints and onboard FPV observations. (B) The two diffusion models use the same U-Net backbone but are independently trained with separate datasets
and weights. (C) During compositional denoising, the noisy trajectory τ i is jointly guided by a waypoint-conditioned U-Net, a vision-conditioned U-Net, and
a model-based MPPI module, which provide waypoint-passing, gate-crossing, and dynamic-feasibility scores, respectively. The scores are composed at each
denoising step and applied iteratively for N steps. (D) The real-world flight trajectory of two challenging racing tasks.

Abstract—Autonomous drone racing probes the limits of agile
flight by coupling high-speed perception, planning, and control.
However, existing systems often depend on fixed track layouts,
known gate poses, predefined trajectories, or track-specific train-
ing. These assumptions limit zero-shot deployment on real-world
tracks with unseen geometries, gate offsets, orientations, and
motion. We present a real-time multimodal, physics-informed
energy-based generative planner for flexible-track racing without
known global gate poses. Specifically, the planner decomposes
racing into two complementary constraints. Waypoints encode
global topological progress, while onboard vision provides lo-
cal geometric guidance for gate traversal. We train waypoint-
and vision-conditioned energy-based diffusion planners inde-
pendently, and compose them online at the score level. An
MPPI-derived model-based score further guides denoising with
dynamic feasibility costs. This guidance biases sampled paths
toward executable quadrotor motion without offline trajectory
optimization. In simulation and real-world flights, the planner
transfers to unseen tracks under a single, tuning-free planning
configuration and supports high-agility flight through moving
gates. Score-level composition balances rapid waypoint progress
with precise visual gate interaction. It also uses waypoint intent to
disambiguate visually symmetric multi-gate scenes. Model-based
guidance improves the consistency and executability of sampled
trajectories under aggressive flight. These results indicate that
independently trained modal skills can be composed into a
transferable racing planner with multimodal decision-making

and dynamics-aware execution.

I. INTRODUCTION

Autonomous quadrotors have reached highly agile flight
performance, enabling tasks that were previously difficult for
small aerial robots Hanover et al. [14]. Autonomous drone
racing is a representative benchmark for this capability. It
requires a quadrotor to perceive the scene, plan ahead, and
execute aggressive motion at high speed. In a race, the drone
must follow an ordered route while passing through a sequence
of gates. Waypoints define the global progress of the track.
Gates impose local geometric constraints on where and how
the vehicle should pass. Recent systems have approached, and
in some cases surpassed, champion-level human performance
on known and fixed racing tracks Song et al. [32], Kaufmann
et al. [17]. However, fast lap time on a known course is only
one part of racing ability.

A skilled human pilot can adapt to a new track after
limited familiarization. The pilot reuses familiar subskills, such
as straights, turns, and gate approaches, and connects them
according to the new layout. During flight, first-person visual
feedback helps the pilot adjust each gate approach. At the
same time, the pilot uses an internal understanding of the



downstream route to prepare the next maneuver Pfeiffer and
Scaramuzza [27]. This suggests a harder autonomy target. A
racing drone should not depend only on a fixed reference tra-
jectory or a policy specialized to one course. It should convert
route intent and onboard visual observation into dynamically
feasible motion on unseen waypoint–gate layouts.

Existing racing systems do not fully provide this capability.
Many methods rely on predefined waypoints, known gate
poses, offline trajectory optimization, or track-specific train-
ing. These assumptions make the problem tractable, but they
reduce flexibility. They also become restrictive when gates
appear in new positions, with new orientations, or with motion.
Vision-based systems reduce some dependence on prior maps,
but aggressive first-person flight introduces blur, occlusion,
partial observations, and fast viewpoint changes. These effects
make it difficult to rely only on explicit gate pose estimation
or on a single end-to-end visual policy.

The key challenge is therefore not only perception, planning,
or control in isolation. It is the online coordination of hetero-
geneous information. Waypoints provide route-level intent and
temporal progress. Onboard vision provides local geometric
evidence for the current gate. Dynamics determine whether a
candidate path can be executed by the quadrotor. A general
racing planner must combine these sources during flight while
remaining fast enough for agile motion.

We propose a real-time multimodal energy-based diffusion
planning framework for zero-shot autonomous drone racing, as
shown in Fig. 1. The framework decomposes racing into two
task-level diffusion experts. A waypoint-conditioned expert
captures global route progress through future waypoints. A
vision-conditioned expert captures local gate constraints from
onboard observations. The two experts are trained indepen-
dently, so each modality can use the data source best suited
to its role. During flight, their scores are composed online
during denoising. This allows route guidance and visual gate
correction to act on the same candidate trajectory.

To improve physical feasibility, we further add model-
based diffusion guidance using Model Predictive Path Integral
(MPPI) rollouts. This guidance injects dynamic costs into
the denoising process. It regularizes composed samples that
may fall outside the training distribution, while preserving
the learned task priors. The resulting planner combines global
waypoint progress, local visual gate interaction, and dynamics-
aware execution in a single real-time planning process.

The main contributions of this paper are as follows:
1) We formulate zero-shot waypoint–gate drone racing

as a compositional trajectory-generation problem. The
framework does not rely on predefined reference trajec-
tories, known global gate poses, or track-specific training
and fine-tuning.

2) We introduce a multimodal energy-based diffusion plan-
ner that composes separately trained waypoint- and
vision-conditioned models at the score level. This de-
sign enables online fusion of heterogeneous modalities
and allows the planner to combine long-horizon route
progress with local gate alignment on unseen layouts

and gate-moving environments.
3) We develop an MPPI-guided model-based denoising

mechanism that adds dynamic-feasibility scores during
reverse diffusion. This mechanism regularizes out-of-
distribution composed samples without replacing the
learned task prior.

4) We evaluate the framework on unseen tracks with di-
verse gate configurations, including moving and multiple
gates. The results demonstrate that compositional diffu-
sion planning improves flexible and task-valid racing by
coupling waypoint progress, visual gate interaction, and
physics-aware execution.

II. RELATED WORK

A. Drone Racing

1) Trajectory Optimization and Reference-based Drone
Racing: Many autonomous racing systems formulate the task
as reference-trajectory tracking Hanover et al. [14]. Poly-
nomial trajectory generation produces smooth paths through
predefined waypoints Mellinger and Kumar [25], Loianno
et al. [22], Wang et al. [35], while nonlinear optimization
and point-mass planning can compute time-optimal references
when the track is known Foehn et al. [11], Shen et al.
[31], Romero et al. [30]. These methods are accurate under
fixed geometry, but they often optimize a surrogate tracking
objective rather than the racing task itself Song et al. [32].

Learning-based planners and environment-conditioned con-
trollers reduce this dependence on fixed references Zhou et al.
[41], Wang et al. [34]. Sampling-based optimal control has
also enabled reference-free multi-waypoint agile flight Zhao
et al. [38]. However, these methods still simplify racing as
waypoint traversal and do not explicitly model gate-level
visual interaction, which is needed for unseen gates under
onboard perception.

2) Gate-aware and Vision-based Racing: Gate-aware plan-
ning methods incorporate gate geometry through constraints
at gate locations Qin et al. [28], Wang et al. [35], Han
et al. [13], racing corridors Krinner et al. [18], or analytical
spatial guidance Zhao et al. [39]. These methods improve
local gate interaction, but they usually assume that gate poses,
track geometry, or desired passing states are known, static,
or reliably recoverable. Vision-based racing reduces the need
for external track information by estimating gate poses from
onboard images using geometric solvers or learned models
Falanga et al. [10], Li et al. [19, 20], Kaufmann et al.
[17], Bosello et al. [3], Azhari et al. [1], Bahnam et al. [2].
Such systems can achieve strong monocular racing perfor-
mance when the environment is well represented by training or
mapping Bahnam et al. [2]. However, motion blur, occlusion,
partial gate observations, and rapid viewpoint changes make
explicit pose estimation brittle during aggressive first-person
flight. End-to-end visual and depth-based policies avoid some
geometric assumptions by mapping visual input directly to
actions or planning outputs Kaufmann et al. [16], Geles et al.
[12], Xing et al. [36], Yu et al. [37], Zhao et al. [40]. This
improves robustness in some settings, but the learned behavior



may still depend on layouts seen during training. Generalizable
monocular racing on unseen waypoint–gate configurations
therefore remains challenging.

B. Compositional Diffusion Model and Model-based Guid-
ance

Diffusion policies have shown strong potential for robot
action generation and motion planning Chi et al. [8]. They
can represent multimodal solution distributions and provide a
natural mechanism for composition. In energy-based diffusion
planning, score fields can be composed during sampling using
classifier-free guidance Du et al. [9]. Each score can encode a
constraint, objective, or subtask, allowing denoising to revise
candidate trajectories under multiple guidance signals.

Compositional diffusion has been explored in image gener-
ation Liu et al. [21] and path generation Luo et al. [23], Mao
et al. [24]. Recent diffusion policies for manipulation also
show cross-modal conditioning and generalization capabilities
Cao et al. [5], Chen et al. [7]. These results suggest that
diffusion models are suitable for planning problems requiring
online coordination between multiple guidance sources Urain
et al. [33].

Drone racing, however, poses a less aligned composition
problem. In many prior settings, conditional models are trained
on the same trajectory distribution or tightly coupled datasets
Chen et al. [7]. Their conditions differ, but their trajectory
support is largely shared. In our setting, the waypoint prior
represents route progress, while the vision prior represents lo-
cal gate interaction. These priors can come from heterogeneous
data and may not be directly compatible when composed.

Dynamic feasibility further complicates this composition.
Diffusion planners are learned from data and do not guarantee
that generated trajectories satisfy system dynamics. Under
score composition, this issue can be amplified because the
combined score may push samples outside the support of
either expert. Prior work addresses this problem by adding
optimization or projection during diffusion Bouvier et al.
[4], Römer et al. [29], or by connecting sampling-based
optimal control with diffusion through model-based diffusion
Pan et al. [26] and JM2D Jung et al. [15]. Our method
follows this direction but targets compositional drone racing: it
composes independently trained waypoint and vision experts
at inference time, and adds MPPI-based guidance to bias the
denoising process toward executable quadrotor motion.

III. METHOD

A. Vision–Waypoint Multimodal Compositional Planning

We formulate the trajectory planning of drone racing as
conditional trajectory sampling over a horizon-H state se-
quence τ 1:H = [x1, . . . ,xH ], where H = 40 and xt =
[px, py, pz, vx, vy, vz, qw, qx, qy, qz]

⊤ ∈ Rn which is the posi-
tion, velocity and orientation states. The planner is conditioned
jointly on a visual observation ov and a waypoint-level goal
g. Instead of learning a single joint model pθ(τ 1:H | ov, g),
we train two experts separately: a vision-conditioned planner
pv(τ 1:H | ov) and a waypoint-conditioned planner pg(τ 1:H |

g). This factorization reduces the dependence on large paired
image–waypoint datasets and makes the two modalities easier
to compose at test time.

B. Energy-parameterized Unimodal Diffusion Experts.

Our method uses a diffusion style model for each planner.
For either modality, the clean trajectory τ 0 is corrupted by the
forward diffusion process

τ i =
√
ᾱiτ

0 +
√
1− ᾱiε, ε ∼ N (0, I), (1)

where i is the reverse-diffusion index, αi is the noise co-
efficient and ᾱi =

∏i
j=1 αj . The denoising backbone is a

one-dimensional conditional U-Net over the trajectory hori-
zon, with sinusoidal diffusion-step embeddings and FiLM-
modulated residual blocks adopted from Chi et al. [8]. The
gate observation ov and the future two-waypoint g states are
encoded into a condition vector. The two experts use separate
condition encoders.

Rather than predicting noise directly, each expert is pa-
rameterized as an energy-based denoiser. Given a condition
c ∈ {ov, g}, the network outputs an intermediate vector field
Fθ(τ

i, i, c), from which we define the scalar energy

Eθ(τ
i, i, c) =

1

2

∥∥Fθ(τ
i, i, c)

∥∥2
2
. (2)

The predicted noise is the gradient of this energy scalar,

εθ(τ
i, i, c) = ∇τ iEθ(τ

i, i, c), (3)

which makes the denoiser a conservative vector field induced
by a scalar potential Chao et al. [6]. The corresponding score
is therefore proportional to −εθ(τ

i, i, c)/
√
1− ᾱi. The vector

Fθ is not used as the denoising direction directly; only the
gradient of its induced scalar energy is used.

C. Training Objective.

Each expert is trained independently on their own condition
type and datasets. For every minibatch, the clean trajectory
is normalized, a random diffusion step i is sampled, and
Gaussian noise is injected according to the forward process (1).
The denoiser predicts εθ(τ

i, i, c), and the diffusion objective
is the masked mean-squared error

Ldiff = Eτ0,ε,i

[∥∥(εθ(τ i, i, c)− ε
)∥∥2

2

]
, (4)

We additionally reconstruct the corresponding condition,
which yields the full training loss

L = Ldiff + Lrec. (5)

For the vision expert, Lrec reconstructs the input binary mask
image; for the waypoint expert, it reconstructs the waypoint
condition. This auxiliary term regularizes the modality en-
coder, while Ldiff trains the energy-gradient denoiser itself.



D. Compositional Inference.

At test time, the two experts are evaluated on the same noisy
trajectory τ i. Each expert is queried with both a null condition
and its modality-specific condition, yielding unconditional
and conditional denoising vectors. The composed denoising
direction is

εicomp = εi∅ + ωg

(
εig − εi∅

)
+ ωv

(
εiv − εi∅

)
, (6)

where ωg and ωv are the waypoint and vision guidance
weights. This composition can be interpreted as a product-of-
experts-style score combination. When the guidance weights
are nonnegative and the base distribution is shared, the corre-
sponding density takes the following tempered product form.

pcomp(τ 1:H | ov, g) ∝ p∅(τ 1:H)1−ωg−ωv

× pg(τ 1:H | g)ωgpv(τ 1:H | ov)ωv .
(7)

The weights can be adjusted flexibly during inference. The
composed denoising vector is then passed to a DDIM sched-
uler for update,

τ i−1 = DDIMStep
(
τ i, εicomp, i

)
, (8)

which yields a task-consistent proposal trajectory before
model-based feasibility refinement.

E. Model-Based Feasibility Guidance with MPPI

Although the composed denoising direction εicomp provides
a task-consistent trajectory update, the resulting clean esti-
mate may still be inconsistent with quadrotor dynamics. We
therefore introduce a dynamics-aware guidance term based on
MPPI rollouts. The role of this module is not to replace the
learned diffusion prior, but to convert the current diffusion
prediction into a nearby dynamically realizable trajectory and
inject it back as an additional denoising score.

At reverse diffusion step i, the composed denoiser first
predicts the clean trajectory

τ̂ 0
i =

τ i −
√
1− ᾱiε

i
comp√

ᾱi
. (9)

This trajectory is unnormalized and used as a reference for
model-based rollout evaluation. The first state of τ̂ 0

i defines
the rollout initial state, and the remaining states define the
tracking reference for the MPPI horizon.

We sample N action sequences from a Gaussian proposal

un,i
1:H ∼ qui (u1:H) = N (µi,Σ

u
i ) , n = 1, . . . , N, (10)

where µi is the current MPPI action-sequence mean. The
covariance of the action proposal is tied to a diffusion-style
noise schedule defined in the normalized action space inspired
by model based diffusion Pan et al. [26]. Specifically, we
define

αu
j = 1− βu

j , ᾱu
i =

i∏
j=1

αu
j , (11)

where βu
j is a prescribed action-space noise schedule. The

proposal covariance is then set to

Σu
i = σ2

i I, σ2
i = 1− ᾱu

i . (12)

This schedule is used only to modulate the exploration scale
of MPPI rollouts. Early reverse steps use a broader action
proposal, while later steps use a more concentrated proposal
around the updated action mean.

Each sampled action sequence is rolled out through the
quadrotor dynamics. Here, a trajectory τ denotes a sequence
of states, i.e., τ = [x1,x2, . . . ,xH ], and xt denotes the state
at time step t. For brevity, we omit the diffusion step index i
in the rollout dynamics. The rollout dynamics are

xn
t+1 = f(xn

t ,u
n
t ), t = 0, . . . ,H − 1. (13)

The rollout cost is computed as a state-tracking objective with
respect to the diffusion reference trajectory τ̂ 0

i :

J i
n =

H−1∑
t=0

ℓ
(
xn
t+1, x̂

0
i,t+1

)
, (14)

where

ℓ(x, x̂) = ∥p− p̂∥2Qp
+ ∥v − v̂∥2Qv

+ ∥eq(q, q̂)∥2Qq
. (15)

Here eq denotes the quaternion attitude error. The MPPI
weights are then computed as

wi
n =

exp
(
−J̃ i

n/λ
)

∑N
s=1 exp

(
−J̃ i

s/λ
) , λ > 0, (16)

where J̃ i
n denotes the batch-normalized rollout cost used

for numerical stability. The optimal action-sequence mean is
updated by

µopt
i =

N∑
n=1

wi
nu

n,i
1:H . (17)

Rolling out µopt
i through the dynamics yields a dynamically

feasible trajectory τ 0,i
MB. The MPPI action mean is then up-

dated with µopt
i for the next reverse step, and shifted between

consecutive replanning cycles in a receding-horizon manner.
Finally, we convert the dynamically feasible trajectory into

a diffusion-space score. All variables in this conversion are
represented in the normalized diffusion trajectory space:

siMB =
−τ i +

√
ᾱiτ

0,i
MB

1− ᾱi
. (18)

The equivalent noise correction is

εiMB = −
√
1− ᾱis

i
MB. (19)

The final denoising direction is

εitotal = εicomp + ωMBε
i
MB, (20)

where ωMB controls the strength of the model-based feasibility
guidance. This additive guidance biases denoising toward tra-
jectories that are both consistent with the composed diffusion
prior and executable under the quadrotor dynamics.



TABLE I
ONLINE RACING PERFORMANCE ACROSS UNSEEN TRACK DIFFICULTIES.

Method Success rate ↑ Gate pass ↑ Pass error ↓ Safety margin ↑ Lap time ↓

Easy Medium Hard Overall Overall Overall Overall Overall
(%) (%) (%) (%) (%) (m) (m) (s)

CDP (ours) 91.3 77.3 74.7 81.1 90.8 0.158 0.359 9.36
MoE-DP 78.0 72.7 74.7 75.1 90.2 0.145 0.370 10.67
Waypoint-only DP 78.0 7.3 62.7 49.3 49.0 0.266 0.250 7.70
VG-MPPI 96.7 76.0 30.7 67.8 66.9 0.214 0.304 5.87†

IV. RESULTS

We organize the results around three challenges raised
by cross-modal score composition: zero-shot transfer, cross-
modal complementarity, and dynamics-aware feasibility.

1) First, we ask whether independently trained waypoint
and vision experts can be composed online to race
through track layouts that were never seen during train-
ing. We address this through unseen-track racing tests
that transfer across new static route geometries, gate
offsets, and gate orientations.

2) Second, we ask whether waypoint intent and visual
geometry provide distinct but complementary constraints
within the same control decision. The double gate task
isolates this question by creating visually ambiguous
multi-gate scenes in which waypoint conditioning re-
solves the intended route and visual conditioning sup-
ports precise gate traversal.

3) Third, we ask whether score composition perturbs the
learned trajectory distribution or compromises dynamic
feasibility. The model-based denoising study addresses
this issue by examining whether composed samples
can be regularized towards dynamically feasible, model-
supported quadrotor trajectories.

A. Compositional Drone Racing on Unseen Tracks
We first evaluated whether the proposed compositional dif-

fusion planner can generalize gate-valid racing behavior to un-
seen tracks. The composed diffusion planner, denoted as CDP,
combines waypoint conditioning for route-level progress with
image conditioning for local gate alignment. The waypoint-
conditioned score provides a global racing scaffold, while the
vision-conditioned score corrects trajectories near gates whose
poses are not known in advance.

We compared CDP with two learned ablations and one
optimization-based baseline. The waypoint-only ablation re-
moves visual conditioning and tests whether route guidance
alone is sufficient for gate traversal. The no-compose ablation,
denoted as Mixture of Experts (MoE-DP), replaces simultane-
ous score composition with switching between single-modality
behaviors. We also compare against a vision-guided MPPI
controller Zhao et al. [40] (VG-MPPI), which uses depth
images to reshape MPPI samples and represents a different
online control paradigm.

The evaluation used 15 unseen tracks generated from
waypoint sequences, including five easy, five medium, and

five hard layouts. Gates were placed with varying positions
and orientations, and could either coincide with or deviate
from the nominal waypoint path. During execution, waypoint
coordinates were provided as route guidance, but gate poses
were not available. Each method was evaluated under the same
track and speed protocol.

We recomputed all metrics from the recorded trajectories.
Success rate and gate-pass rate measure task validity. Pass
error and safety margin are computed in the local gate frame
and are count-weighted over available gate-crossing statistics.
Lap time measures traversal efficiency. For VG-MPPI, lap
time is averaged only over completed rollouts, since many
failed rollouts do not produce valid lap-time measurements.
Therefore, lap time should be interpreted jointly with success
rate and gate-pass rate.

Table I shows that CDP achieves the strongest task validity
on unseen tracks. CDP obtains the highest success rate and
gate-pass rate, with 81.1% successful rollouts and 90.8%
valid gate passages. VG-MPPI records the shortest completed-
lap time, but its lower success and gate-pass rates indicate
that local visual optimization can produce fast motion while
missing required gates. This trade-off shows that speed alone
is not sufficient for valid racing on unseen waypoint–gate
layouts.

The ablations further clarify the role of score composition.
Waypoint-only DP is fast, but its low gate-pass rate shows
that route guidance alone cannot correct for gate displacement,
orientation, or aperture-level alignment. MoE-DP achieves
slightly lower pass error and higher safety margin than CDP
on successful crossings, but it is less reliable over complete
rollouts. This suggests that switching between single-modality
behaviors can recover accurate local crossings in some cases,
but simultaneous score composition better preserves full-track
task validity.

Together, these results show that compositional diffusion
planning improves online racing reliability by coupling global
route progress with local visual gate alignment. CDP is not
always the fastest method, but it achieves the strongest task
validity across unseen tracks. The proposed composition there-
fore provides the most reliable trade-off among success rate,
gate-pass rate, gate-centered traversal, and traversal efficiency.

B. Waypoint Guidance for Multimodal Gate Traversal

The previous experiments showed that visual guidance can
correct waypoint-guided flight when gate geometry varies. We



next evaluate the complementary question: whether waypoint
guidance can resolve branch ambiguity when the visual scene
contains multiple feasible gate apertures.

We designed a symmetric double-gate task with two
horizontally separated apertures in front of the quadrotor.
Since both apertures were physically traversable, the vision-
conditioned observation alone did not specify a unique route.
The task therefore tested whether a coarse waypoint com-
mand could select the intended branch while visual guidance
preserved local gate-centered alignment. The two apertures
were separated by 2.0 m, and the waypoint was placed on
the desired side rather than at the gate center. This required
the waypoint-conditioned expert to choose the correct branch
and the vision-conditioned expert to refine the final crossing.
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Fig. 2. Waypoint conditioning resolves visual ambiguity in a symmetric
double-gate scene. Both apertures are visually feasible, but the waypoint se-
lects the intended branch. Overlaid trajectories separate according to waypoint
intent, while visual feedback refines the final crossing.

Figure 2 shows that waypoint conditioning consistently
determines the selected branch. Left-commanded trajectories
cross the gate plane on the positive local-y side, whereas
right-commanded trajectories cross on the negative side. This
separation indicates that waypoint guidance provides stable
route intent even when both gates are visually valid.

At the same time, waypoint guidance alone is not sufficient
for safe traversal. Because the branch waypoint is intentionally
offset from the aperture center, pure waypoint tracking would
bias the vehicle toward the route cue rather than the safe gate
span. In the composed planner, waypoint conditioning selects
the branch, and visual conditioning corrects the local crossing
geometry. This combination achieves collision-free traversal
in 39 of 40 rollouts, with similar gate-centered accuracy on
both branches.

These results highlight the complementary roles of the two
modalities. Waypoints provide controllable route intent when
perception admits multiple feasible choices, while visual feed-
back enforces local alignment at the selected gate. Together

with the unseen-track experiments, this result shows that the
two modalities address different sources of ambiguity: visual
guidance corrects geometric variation, whereas waypoint guid-
ance resolves branch ambiguity.

C. Dynamic Feasibility of Cross-modal Composition

We next evaluated whether cross-modal score composition
remains compatible with quadrotor dynamics under aggressive
and out-of-distribution racing conditions. Composing indepen-
dently trained waypoint and vision experts can move samples
outside the support of either model. The resulting trajectory
may satisfy task-level guidance while becoming locally incon-
sistent with quadrotor dynamics. We therefore add an MPPI-
based correction during denoising to bias composed samples
toward executable motion.

We varied the waypoint and vision guidance weights and
swept the model-based correction weight ωMB in (20). As
shown in Fig. 3, the benefit of model-based guidance depends
strongly on the composition regime. We measure dynamic
feasibility using cumulative admissibility error (CAE) Bouvier
et al. [4], which is defined as the distance between a predicted
trajectory and its closest admissible projection. Balanced mul-
timodal compositions benefit most from moderate correction,
whereas waypoint-dominant, vision-only, or strongly amplified
compositions show weaker gains. The conditional energies
at the final denoising step provide an explanation for this
dependency. We compute each expert’s energy under its own
condition and use it as an indicator of how well the generated
trajectory remains within that expert’s learned support. When
one modality dominates the composition, denoising stays rela-
tively close to the dominant expert’s support. In contrast, when
the waypoint and vision guidance weights increase together,
the conditional energies of both experts rise. This suggests that
aggressive cross-modal composition can push samples away
from both learned supports. Therefore, model-based correction
is most beneficial when the two diffusion experts provide
balanced task guidance rather than strongly conflicting scores.

The qualitative comparison in Fig. 4 supports the same
conclusion. Without model-based guidance, the rollout con-
tains sharper local trajectory changes, and some body-frame
action candidates show abrupt or inconsistent directions. With
moderate guidance, the trajectory becomes smoother and the
action candidates remain more forward-consistent. The rollout
preserves the intended cross-modal behavior while becoming
more compatible with quadrotor dynamics.

These results show that model-based denoising acts as a
bounded feasibility regularizer rather than an external con-
troller. It is most effective when the composed diffusion
score already provides a plausible task-level trajectory and
the correction weight remains moderate. If the correction is
too strong, or if the composition is dominated by one expert,
the model-based term can compete with the learned prior
and reduce the benefit of the composition. Overall, dynamic
feasibility improves most consistently when cross-modal com-
position and physics-informed regularization remain balanced.
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Fig. 3. The benefit of model-based guidance depends on cross-modal composition weights. (a-b) The figure compares changes in final CAE introduced
in Bouvier et al. [4] and energy after applying MPPI guidance across diffusion weight combinations. Positive bars denote improved dynamic feasibility
relative to the unguided setting, whereas negative bars denote degradation. (c) Selected model-based guidance weight ωMB that yields the largest improvement
for each waypoint–vision diffusion weight combination. (d) Heat-map visualization of the condition energies induced by compositional diffusion: (d-1) the
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Fig. 4. Physically informed denoising improves trajectory feasibility
while preserving intended behavior. For the diffusion setting [1, 1], rollouts
without MPPI guidance and with moderate MPPI guidance are compared.
Coloured markers indicate matched states selected from the flight trajectory.
For each state, the saved segmentation mask and corresponding body-frame
action candidate are shown.

V. CONCLUSION

This paper presented a real-time multimodal energy-based
diffusion planner for zero-shot autonomous drone racing. The
proposed framework decomposes racing into two complemen-
tary trajectory-generation skills. A waypoint-conditioned ex-
pert provides route-level progress, while a vision-conditioned
expert provides local gate-traversal guidance from onboard
observations. By composing their scores during denoising, the
planner converts coarse route intent and visual gate evidence
into a unified racing trajectory. An MPPI-based model-guided

term further regularizes the composed samples toward dynam-
ically feasible quadrotor motion.

Experiments on unseen tracks, multi-gate scenes, and
model-based denoising ablations validate the role of each
component. On unseen tracks, compositional diffusion plan-
ning improves task-valid racing by coupling global waypoint
progress with local gate alignment. In symmetric double-
gate scenes, waypoint conditioning resolves visual branch
ambiguity, while visual conditioning maintains safe aperture
traversal. The feasibility analysis further shows that moderate
model-based guidance improves trajectory consistency without
replacing the learned cross-modal prior.

These results indicate that independently trained modal
skills can be composed into a transferable racing planner
for flexible waypoint–gate environments. The method does
not require predefined reference trajectories, known global
gate poses, or track-specific retraining. At the same time,
the experiments show that composition and model-based cor-
rection must remain balanced, especially under aggressive
motion and moving gates. This suggests that compositional
diffusion with physics-aware denoising is a practical route
toward generalizable agile flight with onboard perception.

VI. SUPPLEMENTARY MATERIAL

A. Training and Inference

All training and deployment experiments were conducted on
an NVIDIA RTX 3090 GPU. Each diffusion expert was trained
independently, and training one expert took approximately 12
hours. During inference, we used DDIM sampling for fast
trajectory generation. For single-model inference, the number
of DDIM denoising steps was set to 8. For compositional
inference, the number of DDIM denoising steps was set to 4 to
reduce runtime while preserving online planning performance.
The complete planning pipeline runs at approximately 16 Hz
during deployment.
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