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ABSTRACT
Incorporating human preferences into path planning for Autonomous
Mobile Robots typically requires complex reward engineering or
costly teleoperation. Recent imitation-learning frameworks such
as SKIPP let operators sketch desired paths, but they suffer from
limited generalization to unseen environments and fragile data-
collection tools. We introduce SPADE, a framework that addresses
both problems through two contributions: (i) an open-source ROS 2-
based annotation tool for robust demonstration collection, and (ii) a
novel Conditional Diffusion-augmented Behavioral Cloning (Cond-
DBC) training strategy. In Cond-DBC, an image-conditioned dif-
fusion model, applied via FiLM layers, serves as an offline expert
that guides a compact U-Net policy during training by providing
a margin loss over the path channel. On a 22 000-instance dataset
spanning ten maps, a medium Cond-DBC model (1.9M parameters)
achieves 39.1% lower Absolute Pose Error and 33.5% lower Fréchet
Inception Distance than the large SKIPP baseline (31M parameters),
while preserving real-time, on-edge inference.
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1 INTRODUCTION
Autonomous Mobile Robots (AMRs) increasingly need to follow
operator-specific navigation behaviors that are difficult to encode
as cost functions for classical planners [4, 6]. Imitation learning (IL)
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trains policies from expert demonstrations [15], yet standard be-
havioral cloning (BC) [13] generalizes poorly to unseen states [11].
Prior work learns navigation behaviors from demonstrations [8, 12]
or iterative parameter tuning [14], but requires complex reward
inference or repeated human feedback. SKIPP [9] lets operators
sketch desired paths on occupancy maps and trains a U-Net [10]
via BC, yet its generalization to new maps remained limited and its
annotation tool relied on a deprecated SDK.

This creates a generalization–efficiency gap: diffusion models [1,
3] achieve strong generalization but are too slow for on-edge de-
ployment (18–45 s), while compact BC models are fast but fail on
unseen maps. DBC [2] partially bridges this gap by using a diffusion
expert during training, but models the unconditional joint 𝑝 (𝑎, 𝑠)
where 𝑎 and 𝑠 are the action and state pairs respectively, diluting
guidance. We introduce SPADE, which contributes:

• An open-source ROS 2 annotation tool for reproducible demon-
stration collection, replacing SKIPP’s deprecated pipeline.

• Cond-DBC: a conditional diffusion-augmented BC strategy
where FiLM-conditioned [7] diffusion models learn 𝑝 (𝑎 |𝑠)
and provide environment-aware guidance to lightweight
policies.

2 PROBLEM FORMULATION
We formulate sketch-guided path planning as an image-to-image
BC problem. The state 𝑠 consists of three 128×128 binary images
encoding the local occupancy grid, start position, and goal position.
The action 𝑎 is a 128×128 binary path image. A policy 𝜋𝜃 (𝑎 |𝑠) is
trained to minimize the pixel-wise binary cross-entropy LBC be-
tween predicted paths 𝑎 and expert demonstrations 𝑎. Our method
augments this objective with a diffusion-based margin loss that
measures whether 𝑎 is consistent with the expert distribution, con-
ditioned on the environment state 𝑠 .

3 APPROACH
Conditional Diffusion Expert.We train an image-conditioned
DDPM [5] that learns 𝑝 (𝑎 |𝑠). The model receives 𝑠 through FiLM
layers [7] and denoises only the path channel, unlike standard
DBC [2] which jointly models 𝑝 (𝑎, 𝑠) over all four channels. This
is critical: a joint model must disentangle whether low probability
stems from an unusual state or an inappropriate action, diluting
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Figure 1: Cond-DBC pipeline. The BC model 𝜋 predicts 𝑎

from 𝑠; both 𝑎 and the expert 𝑎 are noised and evaluated by
the FiLM-conditioned diffusion model 𝜙 (conditioned on 𝑠).
The margin loss L𝐷𝑀 supplements the BC loss L𝐵𝐶 .

guidance. By conditioning on 𝑠 , Cond-DBC directly evaluates path
appropriateness for the current environment, providing more infor-
mative gradients, particularly when the BC policy proposes paths
conflicting with obstacles.

Cond-DBC Training. As illustrated in Figure 1, the frozen
diffusion expert provides a margin loss L𝐷𝑀 during BC training.
For a state 𝑠 , expert action 𝑎, and predicted action 𝑎 ∼ 𝜋𝜃 (𝑠), we
noise both 𝑎 and 𝑎 to level 𝑛 and compute:

L𝐷𝑀 = E(𝑠,𝑎)∼𝐷
[
max

(
∥𝜖𝜙 (𝑠, 𝑎, 𝑛) − 𝜖 ∥2 − ∥𝜖𝜙 (𝑠, 𝑎, 𝑛) − 𝜖 ∥2, 0

) ]
(1)

where 𝜖𝜙 is the noise predicted by frozen model 𝜙 and 𝜖 is ground-
truth noise. The total objective Ltotal = LBC + 𝜆L𝐷𝑀 balances imi-
tation fidelity and diffusion guidance, penalizing paths that deviate
from the expert distribution with environment-aware conditioning
on 𝑠 .

4 EXPERIMENTAL EVALUATION
Setup. Domain experts collected 20 000 demonstrations (10 000 L-
shape and 10 000 U-shape) across ten occupancy maps using our an-
notation tool, with 2 000 held-out instances on an unseen industrial
map. These trajectory families, selected with warehouse robotics
practitioners for dolly docking and last-mile delivery, represent
critical operational patterns; the formulation is geometry-agnostic
and extends to other shapes. We compare BC (SKIPP baseline), DBC
(unconditional diffusion), and Cond-DBC at three model parameter
scales: Small (117 K), Medium (1.9M), and Large (31M params).
Metrics. FID (Fréchet Inception Distance, measures distributional
similarity of generated paths), APE (Absolute Pose Error, measures
positional accuracy in cm), and 𝐻𝑑19 (count of samples with Haus-
dorff distance > 19, indicates visual artifacts).
Results. Table 1 shows consistent improvements from diffusion-
augmented training across all scales. ThemediumCond-DBCmodel
attains 39.1% lower APE and 33.5% lower FID than the large BC

Table 1: Benchmark comparison across model sizes and train-
ing approaches. Metrics: FID (lower is better), APE in cm
(lower is better), 𝐻𝑑19 artifact count (lower is better).

Size Approach FID ↓ APE ↓ 𝐻𝑑19 ↓
L-Shape

Small
BC 42.27 4.43 28
DBC 24.69 2.92 62
Cond-DBC 23.87 3.14 43

Medium
BC 31.25 3.48 6
DBC 16.51 2.21 1
Cond-DBC 13.58 1.46 2

Large
BC 20.45 2.41 5
DBC 15.72 1.89 0
Cond-DBC 12.47 1.47 5

U-Shape

Small
BC 35.51 6.79 52
DBC 29.86 6.55 124
Cond-DBC 27.65 6.72 52

Medium
BC 27.80 6.01 11
DBC 15.01 4.51 7
Cond-DBC 13.97 4.01 9

Large
BC 17.12 5.20 7
DBC 9.59 2.87 10
Cond-DBC 12.37 3.73 0

baseline while using 93.8% fewer parameters. Cond-DBC also avoids
the artifact inflation that DBC causes in small models (DBC: 62–124
𝐻𝑑19 vs. Cond-DBC: 43–52), confirming that modeling 𝑝 (𝑎 |𝑠) yields
more targeted gradients than 𝑝 (𝑎, 𝑠) jointly. Ablation studies in the
full version of the paper further show that when fine-tuning from L-
shape to U-shape on a new industrial map, the full SPADE pipeline
achieves 37.1% better FID and 62% fewer artifacts compared to base-
line fine-tuning, demonstrating effective cross-behavior transfer.

Notably, at the small scale (117K params), Cond-DBC already
outperforms the medium BC baseline on L-shape FID (23.87 vs.
31.25) and approaches the large BC model (20.45), indicating that
diffusion guidance substantially compensates for limited network
capacity. These results have direct practical implications: a 16×
parameter reduction from 31M to 1.9M enables deployment on
resource-constrained edge devices common in warehouse AMR
fleets, while achieving superior path fidelity through a single for-
ward pass at inference time.

5 CONCLUSION
SPADE bridges the generalization–efficiency gap: a medium Cond-
DBC model (1.9M params) achieves 39.1% lower APE and 33.5%
lower FID than the large BC baseline (31M params), while preserv-
ing real-time, on-edge inference. The key enabler is conditional dif-
fusion guidance that models 𝑝 (𝑎 |𝑠) directly, providing environment-
aware training signals that benefit even capacity-limited networks.
While our evaluation focuses on two expert-validated trajectory
families, the geometry-agnostic formulation readily extends to ad-
ditional shapes. Future work targets dynamic obstacle handling and
annotation tool user studies.
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