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Abstract— Diffusion policies are a powerful paradigm for
robot learning, but their training is often inefficient. A key
reason is that networks must relearn fundamental spatial con-
cepts, such as translations and rotations, from scratch for every
new task. To alleviate this redundancy, we propose embedding
geometric inductive biases directly into the network architecture
using Projective Geometric Algebra (PGA). PGA provides
a unified algebraic framework for representing geometric
primitives and transformations, allowing neural networks to
reason about spatial structure more effectively. In this paper,
we introduce hPGA-DP, a novel hybrid diffusion policy that
capitalizes on these benefits. Our architecture leverages the
Projective Geometric Algebra Transformer (P-GATr) as a state
encoder and action decoder, while employing established U-Net
or Transformer-based modules for the core denoising process.
Through extensive experiments and ablation studies in both
simulated and real-world environments, we demonstrate that
hPGA-DP significantly improves task performance and training
efficiency. Notably, our hybrid approach achieves substantially
faster convergence compared to both standard diffusion policies
and architectures that rely solely on P-GATr. The project web-
site is available at: https://apollo-lab-yale.github.io/26-ICRA-
hPGA-website/.

I. INTRODUCTION

Diffusion policies [6] have emerged as a powerful
paradigm for visuomotor control in robotics, offering reli-
able convergence through iterative denoising of action tra-
jectories. These models are typically trained from scratch
with hundreds of epochs, and while effective, this training
paradigm presents a critical inefficiency: the network must
repeatedly relearn basic spatial priors—such as translations
and rotations—for every new task or environment. This
redundant relearning not only inflates the computational cost
but also slows down convergence.

Given that spatial concepts are inherently universal across
robotic tasks, integrating geometric inductive biases directly
into the network architecture presents a compelling strategy
to alleviate this redundancy. Projective Geometric Algebra
(PGA), a mathematical framework offering a unified repre-
sentation of spatial entities and operations through mathe-

matical objects called multivectors, is particularly suited to
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embedding such biases. Multivectors provide a structured
algebraic and geometric representation for spatial priors like
points, translations, and rotations, which enables neural net-
works to perform spatial computations more efficiently and
intuitively, thereby potentially improving training efficiency
and task performance. For a thorough and practical treatment
of PGA, we refer the reader to the work by Dorst and
De Keninck [7].

To incorporate PGA into general learning tasks, prior
research has proposed the Projective Geometric Algebra
Transformer (P-GATr) [3], demonstrating its effectiveness in
a set of initial spatial learning tasks, such as simulated n-
body modeling and predicting shear stress in human arteries,
outperforming non-geometric architectures. However, incor-
porating P-GATr directly as a denoising backbone within
diffusion policies is challenging in robotics contexts. As our
experiments suggest, the inherent geometric inductive biases
and the complexity of multivector computations within P-
GATr make it difficult to directly learn noise prediction for
effective denoising, resulting in prohibitively slow conver-
gence.

To overcome these limitations, we propose the hybrid
Projective Geometric Algebra Diffusion Policy (hPGA-DP),
a hybrid diffusion policy architecture that predicts an action
sequence based on an observation sequence of the con-
catenations of the proprioceptive states of the robot and
poses of task-relevant objects. The approach is designed
to leverage the strengths of both geometric and traditional
neural network approaches. Specifically, we employ P-GATr
as a spatial state encoder and action decoder, while utilizing
established architectures such as U-Net [29] or Transformer
[39] for the denoising module. This hybrid approach allows
the strong geometric inductive biases of P-GATr to efficiently
embed spatial structures into a representation space amenable
to effective denoising, while simultaneously benefiting from
the proven denoising capabilities of conventional architec-
tures. To our knowledge, our work is the first to incorporate
PGA into network architecture for diffusion policies.

We evaluate and validate hPGA-DP through several exper-
iments and ablation studies in both simulated and real-world
scenarios. Our results demonstrate that hPGA-DP success-
fully addresses the convergence issues observed when solely
relying on P-GATT, achieving significantly faster convergence
and superior task performance compared to standard Trans-
former or U-Net-based diffusion policy architectures.

We open-source our code to facilitate future research on
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diffusion policies with geometric algebra.'

II. RELATED WORKS
A. Diffusion Policy

Diffusion models, originally proposed by Ho et al. [13],
generate data by reversing a stochastic forward process,
and have achieved remarkable success in image and video
synthesis [25, 10]. These models have since been adapted for
robotic motion generation, with diffusion policies becoming
a prominent paradigm for robot learning [6, 40], albeit
requiring extensive training over hundreds of epochs.

To mitigate this issue, several works aim to improve
training or inference efficiency: Ze et al. [46] proposed using
point clouds for richer input; Wang et al. [41] imposed
symmetry in denoising to boost generalization; Sun et al.
[37] exploited low-rank overparameterization to accelerate
training; and Reuss et al. [27] employed mixture-of-experts
to reduce inference cost.

While effective, these efforts largely target data efficiency,
modality, or inference, without altering the learnable net-
work backbone. Prior architectural innovations centered on
Transformers [14, 42], yielding only modest improvements.
In contrast, our hPGA-DP introduces a novel hybrid archi-
tecture that achieves substantially better training efficiency
and policy performance.

B. Geometric Algebra for Robot Learning

Geometric Algebra (GA) offers a unified framework
for representing geometric entities and transformations [8].
Among its variants, Projective Geometric Algebra (PGA) is
tailored for Euclidean geometry, using planes as primitives
to represent motions compactly with just four basis elements
[7, 28]. While GA is mathematically mature, its adoption
in robotics and machine learning remains limited, with
most applications favoring Conformal Geometric Algebra
(CGA) [49, 5] due to its symbolic compactness, as seen in
manipulation control [20] and tactile ergodic control [2].

For robotics tasks grounded in Euclidean spaces, PGA
(Gs,0,1) offers a computationally simpler yet expressive
alternative [3, 30]. Existing PGA applications have largely
focused on dynamics modeling [33, 34], with limited ex-
ploration in learning due to the scarcity of GA-compatible
neural architectures [18, 47]. The recent Projective Geomet-
ric Algebra Transformer (P-GATr) [3] addresses this gap by
embedding geometric inductive biases for geometric learning
[4, 17]. Unlike the original P-GATr work, which applied a
model-based diffuser via reinforcement learning [15] only
in numerical simulations, we introduce the first integration
of P-GATr into a diffusion policy via imitation learning [6],
validating it on both complex physical simulations and real-
world tasks.

In robotics, a concurrent work [48] applied P-GATr within
diffusion models for grasp generation, but the approach is
limited to static tasks and requires long training times. In
contrast, our proposed hPGA-DP is an end-to-end diffusion

Thttps://github.com/Apollo-Lab-Yale/hpga-dp

policy architecture that achieves superior performance and
faster convergence compared to baseline methods across a
broad range of robotic learning tasks.

III. TECHNICAL OVERVIEW

In this section, we present an overview of our proposed
hPGA-DP approach. The goal of hPGA-DP is to learn
a receding horizon policy 7y that outputs a sequence of
actions at***H» conditioned on a sequence of observations
o!~Hot where H, and H, denote the action prediction and
observation horizons, respectively.

A. Observations

Each observation at time ¢ is defined as o; =

St, {Tﬁ}ijzl} , where s, € R% represents the robot state,

and {Tﬁ};]:l denotes the spatial poses of the J task-relevant
objects. Each pose T% consists of a 3D position vector and
a unit quaternion representing orientation.

B. Actions

Each action at time a; may include spatial positions and/
or orientations for key links on a robot or any other scalar
properties that can affect change on the robot platform. For
instance, an action may include the end-effector position at
the given time, p., € R?, the end-effector orientation at
the given time, q', € H; (the space of unit-quaternions),
and scalar representing how open or closed the gripper is at
the given time g € R. The action representation is flexible
and can include any number platform-specific properties,
accommodating various embodiments such as bimanual or
humanoid robots with multiple end-effectors. We assume
that any system adopting our approach can convert these
high-level actions into corresponding robot states or control
commands, such as through an inverse kinematics solver.

C. Architecture

The network architecture for hPGA-DP is illustrated in
Fig. 1. First, the robot states from the input observation
sequence are converted into the positions and orientations
of key links, such as end-effectors, using the robot’s for-
ward kinematics model, in a manner similar to the action
representation described above. These spatial components,
combined with the poses of task-relevant objects, are then
transformed into multivectors, the central representational
objects in geometric algebra. For the detailed conversions to
multivectors, we refer the reader to the practical treatment
by Dorst and De Keninck [7].

The resulting multivectors are stacked in a tensor
xtHot ¢ RHoXEKox16 \where [, is the observation horizon,
K, is the total number positions and orientations of key links
on the robot and task-relevant objects in the observations, and
16 is the length of a multivector in G3o,;. The multivector
stack is then processed by a P-GATr state encoder [3] to
produce an observation latent, z, € RHoxKox16 Note that
this latent representation maintains the same dimensionality
as the input multivector stack.
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Fig. 1: Overview of the hPGA-DP network architecture.

The observation latent tensor z, is passed to a denoising
module, implemented as either a Transformer or U-Net,
which produces denoised action latents z, € R»*Kax16,
Here, H, denotes the prediction horizon, K, is the total
number of positional, rotational, or scalar components in
an action, and 16 is the dimensionality of a multivector in
Gs,0,1. These action latents are then decoded by a P-GATr
action decoder [3], which mirrors the structure of the state
encoder.

The decoder produces a stack of action multivectors as
a tensor x, THr ¢ RH»*Kax16  where each multivector
represents a predicted position, orientation, or scalar action
component. This tensor is unpacked into individual multi-
vectors corresponding to specific link or scalar properties at
each time step, and then converted into standard geometric
representations such as 3D positions, unit quaternions, and
scalar values (e.g., for gripper control). The resulting outputs
can be passed to a controller or inverse kinematics solver to
recover the final sequence of robot states.

A more in-depth explanation and design justification for
this architecture is presented in §IV.

D. Projective Geometric Algebra Transformer (P-GATr)

For both the state encoder and action decoder in our
architecture, we employ the P-GATr model and associated
network primitives introduced by Brehmer et al. [3]. Struc-
turally, P-GATr resembles a standard Transformer [39] with
pre-layer normalization [45, 1]. Each of the N Transformer
blocks in P-GATr includes an Equivariant Linear layer (Equi.
Linear), Geometric Bilinear layers (Geo. Bilinear), Multi-
vector Attention (GA Attn), a Scalar-Gated Gaussian Error
Linear Unit (Gated GELU) [11], and an E(3)-Equivariant
LayerNorm (Equi. LayerNorm). A detailed description of
these components can be found in the original P-GATr paper
by Brehmer et al. [3].

IV. ARCHITECTURE DESIGN CHOICES AND DETAILS

In this section, we describe the network design choices and
training procedure of hPGA-DP. In preliminary experiments,
we initially employed P-GATr directly as the denoising net-
work, aiming to leverage its strong geometric inductive bias.
However, we observed that this naive integration resulted
in impractically slow convergence, consistent with results in
concurrent work by Zhong and Allen-Blanchette [48], which
reports week-long training times. We hypothesize that this
inefficiency stems from a fundamental mismatch in inductive
priors: P-GATTr is tailored for processing structured geometric
data, whereas the objective of the denoising module is to
reverse a stochastic process.

Based on this observation, we design hPGA-DP such that
traditional architectures, such as Transformers or U-Nets,
serve as the denoising backbone, while P-GATr is utilized as
an encoder for observations and a decoder for actions. This
allows the denoising process to operate in a latent space
where geometric structure is learned implicitly through P-
GATr, but without constraining the denoising network itself
to a deterministic geometric bias.

Following standard diffusion frameworks [6, 13], we apply
the forward noising process to the action latent space:

Zak = VO Zap+V1—are, e ~N(0,1),

where z,; denotes the noisy latent at denoising step k,
Zq,0 18 the clean latent representation of the action sequence,
ay 1s the cumulative signal retention factor from the noise
scheduler that monotonically decreases as k increases, and
€ is sampled from a standard Gaussian.

The state encoder and denoising module ¢y are trained to
predict the added noise, with the following mean squared
error loss:

LEncode&Denoise = H€9 (Za,k'7 Zo, k) - €H2 .
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where €y takes as input the noisy latent z, j at timestep k,
and is conditioned on the observation latent z,, to predict the
noise €.

Although the state encoder and denoising module are
jointly trained using the 10sS Lgncode&Denoise> the action de-
coder is intentionally excluded from this objective. This
design choice stems from the fact that diffusion models
are trained by sampling random denoising steps, where the
model predicts noise at arbitrary points in the denoising
trajectory in parallel. In contrast, inference proceeds sequen-
tially through all denoising steps in an iterative manner. If
the action decoder were used across all training steps, it
would become entangled again with the denoising process,
requiring it to decode from highly noisy action latents that
are not suitable for the geometric inductive bias of P-GATT.

To address this problem, we restrict the decoder’s super-
vision to the final 7 fraction of denoising steps, where 7
is a threshold percentage to mask the loss for decoder. The
threshold denoising step is calculated by:

Kthresh = Kmax - \_77 : KmaxJ 3

where K, is the total number of denoising steps and n €
[0,1] is a tunable parameter. We empirically show that this
approach is robust to the choice of 1 in ablation studies.
By limiting supervision to well-denoised action latents, the
decoder learns to operate in a structured regime closer to
what it encounters during inference, avoiding the need to
decode from pure noise.

Since the denoising module €y predicts the noise added to
the clean latent, we first use its predicted noise & to compute
the estimated denoised action latent Z, ¢ via the standard
reverse process from Ho et al. [13]:

. 1 —
Za,0 = \/7 (Za7k* \/1705k~€)7
k

where ¢y, is the cumulative signal retention factor at timestep
k, which we also use for the forward noising process.

The decoder is then trained to reconstruct the ground-truth

. . t:it+H, N
action multivector sequence X from Z, . The decoder
loss is defined as:
2

7

N t:t+H,
Lpecoder = 1{1@2K[hresh} : HD¢ (Za,O) — Xa P

where D denotes the action decoder, and 1{,} is an indicator
function that activates only when the current denoising step
k exceeds the threshold Kiesh-

This staged supervision strategy preserves architectural
modularity, leverages geometric inductive biases of PGA, and
speeds up training by limiting the decoder’s learning signal
to geometrically meaningful latents. The overall training
objective of hPGA-DP combines both loss components:

ETotal = »CEncode&Denoise + EDecodep
V. EVALUATION

A. Simulation Experiments

1) Experimental Settings: We evaluate the proposed
hPGA-DP framework through simulation experiments and

ablation studies across five Robosuite tasks [50], using a 7-
DOF Panda Arm. As shown in the top row of Fig. 2, the tasks
include: Lift (lift a red cube), Can (sort a can), Stack (stack
a red cube on a green one), Square (insert a square nut), and
Mug (place a mug into a drawer). Demonstrations for Lift
and Can are sourced from Robomimic [21], while those for
Stack, Square, and Mug are generated using MimicGen [22].
Each dataset contains 200 trajectories, except Mug, which
uses 300 due to its higher complexity.

We compare two hPGA-DP variants: hPGA-U and hPGA-
T, which use U-Net and Transformer denoising modules,
respectively. Given that our focus is on architectural inno-
vation, we compare against U-Net and Transformer as they
are the most widely used backbones for diffusion policies,
in addition to a standalone P-GATr backbones without the
encoder-denoiser-decoder structure. The U-Net and Trans-
former baselines contain 24M and 35M parameters, which
are the same as the respective number of parameters in
hPGA-U and hPGA-T. For object pose input, we test both
ground-truth state access (State) and vision-based input via
6D pose estimation using PRISM-DP [36] with Founda-
tionPose [43], leveraging RGB, depth, and generated mesh
inputs.

All models are implemented in PyTorch [24] and trained
on a workstation with an AMD PRO 5975WX CPU, dual
NVIDIA RTX 4090 GPUs, and 128GB RAM. Training
schedules are: 80 epochs (Lift), 90 (Can), 30 (Stack), 120
(Square), and 100 (Mug). For all hPGA-DP variants, the
maximum denoising step is set to Kn,x = 100, and the action
decoder loss is applied only during the final 7 = 0.25 portion
of the denoising steps.

Each policy is evaluated over 50 rollouts, and success
rate, which is defined as the fraction of successful trials,
is reported as the primary performance metric, while the
mean training time per epoch measured in seconds for each
network across all tasks is reported as an indication of
efficiency.

2) Results: The results in Fig. 2 show that hPGA-DP,
regardless of using U-Net or Transformer for denoising,
consistently outperforms baseline policies that rely solely
on these backbones. hPGA-DP achieves strong performance
within 100 epochs on most tasks, with the exception of Mug,
which involves multi-step interactions and requires more
training. Notably, hPGA-U, despite having fewer parameters,
often surpasses hPGA-T in performance.

hPGA-DP also demonstrates greater training efficiency.
Despite that hPGA-DP takes more time to train per epoch
according to the MET column of the bottom left table on
Fig. 2, it requires many fewer training epochs to converge.
For example, in the Stack task (bottom-right plot, Fig. 2),
hPGA-DP variants reach high success rates within about 30
epochs, while U-Net-only and Transformer-only baselines
require roughly three times more training epochs to match
this level.

Policies using P-GATTr as the denoising network fail across
all tasks due to extremely slow convergence. As corroborated
by the concurrent work [48], training P-GATr for effective

15863



-

-

®

w——r

L

Lift Can Stack Square Mug
Network Lift Can Stack Square Mug | MET 1.or
U-Net (State) 0.54 048 0.22 0.50 0.48 | 3.12 0.8+
Trans. (State) 0.18 042 0.62 0.56 032 | 346 g
P-GATr (State) 0.00 0.00 0.00 0.00 0.00 | 2349 & 0.6
U-Net (6D) 0.48 042 0.20 0.46 0.42 | 3.08 ﬁ
Trans. (6D) 0.12 044 0.60 0.54 0.30 | 349 g

0.4 ST

P-GATr (6D) 0.00 0.00 0.00 0.00 0.00 | 23.75 & .LrJr:Inest
hPGA-U (State) 0.98 0.96 0.98 0.84 0.72 | 4.35 0.2+ —o— hPGA-U
hPGA-T (State) 1.00 0.98 0.82 0.70 0.62 | 4.61 —m— hPGAT
hPGA-U (6D) 0.96 090 0.96 0.78 0.68 | 4.42 064 ' L ! !
hPGA-T (6D)  0.98 0.92 0.84  0.68  0.60 | 4.66 o I T

Training Epochs

Fig. 2: Top: simulation tasks in robosuite, with colored 3D bounding boxes indicating task-relevant objects. Bottom left:
success rates for diffusion policies with different network backbones for various tasks, and mean epoch training time (MET)
for each network on all tasks together. Bottom right: plot of success rate for state-based policies with U-Net, Transformer,
hPGA-U, and hPGA-T for 100 training epochs of the Stack task.

denoising requires at least seven days on high-end GPUs,
rendering it far less practical than both hPGA-DP and
standard diffusion backbones.

3) Ablation Studies: To further analyze the design of
hPGA-DP, we conduct two ablation studies: (1) to identify an
effective range for the action decoder loss masking threshold
7, and (2) to evaluate whether the performance gains stem
primarily from the encoder-denoiser-decoder layout. All ex-
periments are conducted on the Stack task, which converges
most rapidly among the benchmarks. Each configuration is
evaluated over 5 trials, with 50 rollouts per trial. We report
mean and standard deviation of the success rate.

For the n ablation, we test 10 values from 0.0 to 1.0
in increments of 0.1 for both hPGA-U and hPGA-T, us-
ing ground-truth object states. We additionally include two
intermediate values in regions showing steep performance
drops, resulting in 12 variants per model (top plot, Fig. 3).
Results show that both hPGA-U and hPGA-T are robust to
the choice of 7: hPGA-U performs well for n € [0.05,0.75],
while hPGA-T maintains stable performance within n €
[0.05,0.95]. The low variance across trials reflects consis-
tency in training.

This robustness aligns with observations by Ho et al. [13],
which suggest that most noise is removed in early denoising
steps. Consequently, action latents quickly acquire a coarse
geometric structure sufficient for effective decoder training,
even if not yet executable. High values of 7 still provide
meaningful gradients, while very low n limits decoder up-

dates since most samples are excluded.

To evaluate the impact of network layout, we perform a
second ablation by varying the encoder and decoder while
keeping the denoiser fixed as either Transformer or U-Net.
We compare three encoder-decoder types: MLP, Transformer,
and P-GATr. The P-GATr variants correspond to hPGA-T
and hPGA-U. MLP and Transformer are included due to
their widespread use in prior works as encoder and decoder
[44, 19, 9], while U-Net is typically only used as backbone
[31, 32, 23]. For MLP and Transformer variants, we use
standard MSE loss [6], as they do not operate on multivectors
and thus do not require loss masking or 7.

As shown in Fig.3, using MLP or Transformer as the
encoder and decoder does not yield significant improvements
over their baselines in Fig.2. This suggests that the gains
from hPGA-DP arise not simply from its layout, but from
the integration of P-GATr and its geometry-aware training
strategy.

B. Real-World Experiments

1) Experimental Settings: To further evaluate hPGA-DP,
we conduct real-world experiments using a dual-arm setup
(top-left image, Fig. 4) consisting of two 7-DOF xArm?7
robots mounted on 1-DOF linear actuators. One arm is
equipped with an Intel RealSense D435i depth camera,
while the other is fitted with a parallel gripper. The system
operates in a look-at end-effector space, where the camera’s
orientation is excluded from the state-action space by dy-
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Bottom: Performance of diffusion policies with various com-
binations of backbone (underlined) and encoder & decoder
(italicized).

namically adjusting it through inverse kinematics constraints
to maintain focus on the gripper [35, 26].

We evaluate our approach on two real-world tasks, visual-
ized in Fig. 4. The block stacking task (Block Stack.) requires
placing a non-cuboid block onto another, while the drawer
interaction task (Drawer Inter.) involves clearing a visual
occlusion, retrieving a red cube, inserting it into a drawer,
and closing the drawer. The blocks and drawer are 3D printed
using meshes from Lee et al. [16] and Heo et al. [12], which
are also used as ground-truth meshes for evaluation. Each
task is trained on a dataset of 200 demonstration rollouts.

The evaluated conditions are the same as the simulation
experiment with the exception of those that received ground-
truth state information as that is not available in the real-
world. Instead, all conditions inferred object poses using
the same 6D pose estimation strategy employed in the
simulation experiments—namely, PRISM-DP [36] with a
FoundationPose backend [43]. An example of pose tracking
results from a single frame is shown in the top-right panel
of Fig. 4.

Training and inference are performed on the same work-
station used for simulation. We report success rate and
cumulative training time as performance metrics. Note that
training time includes only the forward and backward passes
during epoch training, excluding data loading and sampling
overhead.

2) Results: As shown in the table of Fig. 4, hPGA-
DP achieves significantly higher success rates compared to
other network backbones trained for the same number of
epochs. While hPGA-DP requires more training time than

Network Block Stack. Drawer Inter.
SR CT SR CT
U-Net 0.43 9.85 0.27 14.28
Trans. 0.37 12.03 0.40 15.87
P-GATr 0.00 92.42 0.00 119.63
hPGA-U 0.97 16.25 0.90 22.53
hPGA-T 0.93 17.69 0.87 26.81

Fig. 4: Top left: the dual-arm system for real-world ex-
periments. Top right: top and bottom row show the block
stacking task and drawer interaction task respectively. Bot-
tom: results for real-world experiments. SR: success rate,
CT: cumulative training time measured in minutes.

Transformer and U-Net baselines, those baselines need to be
trained for twice as many epochs to match hPGA-DP’s per-
formance, which results in 21% to 36% higher total training
time. These findings are consistent with simulation results,
demonstrating that hPGA-DP offers superior performance
and training efficiency over traditional diffusion backbones.

VI. DISCUSSION

In this work, we introduced hPGA-DP, a hybrid diffusion
policy that successfully integrates PGA to embed strong
geometric inductive biases into robot learning. Our archi-
tecture uses P-GATr for state encoding and action decoding
alongside a conventional denoising module. This design,
combined with a staged supervision strategy for the decoder,
significantly improves task performance and convergence
speed over standard baselines by harnessing PGA’s geometric
reasoning while maintaining practical training efficiency.

While promising, our approach has limitations that sug-
gest avenues for future work. Although hPGA-DP con-
verges in fewer epochs than traditional diffusion backbones,
each epoch takes slightly longer to train. This inefficiency
likely stems from our current PyTorch-based implementation,
where the default backward pass may poorly handle the
intricate blade-wise interactions in PGA. This could be ad-
dressed by developing custom compute kernels using lower-
level frameworks such as Triton [38] to accelerate the PGA
operations. Solving this challenge would further broaden the
applicability of using geometric algebras in robot learning.
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