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Abstract—Diffusion Policy (DP) has demonstrated strong po-
tential in robotic visuomotor control, offering robust general-
ization and seamless integration of multi-modal data. However,
its complex model structure and increasing multi-modal inputs
have brought latency and power challenges for edge resource-
constrained robotic platforms. To address the above challenges, we
identify the potential intra-model and inter-model redundancies in
DP. We observe that DP relies on frequent multi-modal inputs such
as images and text during execution. However, the demands of
fine-grained robotic manipulation result in substantial intra-modal
similarity across consecutive image frames, which, combined with
inter-modal semantic redundancy between images and language,
indicates that much of the input information is repetitive and
potentially compressible. Yet prior works have not exploited these
characteristics for targeted optimization. We therefore propose a
hardware-software co-design accelerator. On the algorithmic side,
we introduce self- and cross-guided modal compression, leveraging
intra- and inter-modality similarity to reduce redundant computa-
tion within the key DP modules. On the hardware side, we design
a tailored architecture that supports multiple operators with
optimized sparse memory access, lightweight computation engines,
and reconfigurable on-chip dataflow, substantially reducing energy
cost. Experimental results demonstrate a 26x speedup over a high-
performance GPU while consuming only 1.5 W, enabling low-
power and real-time robotic control on edge robotic devices.

Index Terms—robot, diffusion policy, accelerator architecture

I. INTRODUCTION

In recent years, the emergence of diffusion-based paradigms
for action generation has fundamentally transformed the field
of robotic manipulation. Among these, Diffusion Policy (DP)
[1] has emerged as a representative framework, notable for
probabilistic action modeling, multi-modal conditioning, and
robust generalization. In practice, most DP models are guided
predominantly by visual and textual inputs [2], where frequent
large-scale visual interactions combined with explicit task in-
structions enable DP to achieve state-of-the-art performance in
robotic control tasks.

Accelerating diffusion models has been widely studied in
image and video generation, where techniques such as differ-
ential methods and mixed-precision quantization have proven
effective [3], [4]. However, these approaches are difficult to
transfer to robotic action generation. This is due to the unique
characteristics of DP: (1) As shown in Fig.1(a), in image and
video diffusion, the majority of computation is dominated by
denoised data—for example, in Stable Diffusion [5], 96.8%
of tokens correspond to denoised images, while only 3.2%
correspond to conditional text. In contrast, robotic diffusion
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policies primarily process multi-modal condition data, with
denoised action outputs constituting a minor fraction—for
instance, in 3D Diffuser Actor [6], 97.7% of tokens are condi-
tional image and text tokens, whereas only 2.3% are denoised
action tokens. This distribution highlights the ineffectiveness
of methods that focus on compressing denoised data. (2)
Robotic tasks prioritize end-to-end latency over throughput,
with inference typically performed in a single-batch, real-time
setting, making some multi-batch parallelization techniques
ineffective. (3) Certain approaches, such as distillation-based
sampling [7], [8] or mixture-of-experts (MoE) [9], [10], could
in principle be applied to robotic tasks. However, they often
demand substantial retraining because they require fundamental
changes to the training pipeline or network architecture, making
rapid deployment infeasible in real-world scenarios.

As shown in Fig.1(b), we illustrate the representative archi-
tecture of DP. A single end-to-end inference involves encod-
ing both image inputs and natural-language instructions into
condition tokens. These tokens are then fed into the diffusion
module, where a sequence of denoising steps progressively
transforms noise into precise action tokens as the final output.
Some policy variants additionally incorporate other sensory
signals or proprioceptive states [11], [12], but their scale is
relatively small compared to visual inputs and thus do not
substantially affect complexity. In Fig.1(b), we also report
the equivalent parameter access ratio in DP, where the main
components—constituting the major bottlenecks—are the vi-
sion encoder and the conditional diffusion module. The former
typically adopts a multi-layer convolutional neural network,
while the latter is primarily built on Diffusion Transformer
(DiT) blocks.

This work builds on the unique characteristics of robotic
manipulation and highlights potential avenues for achieving
more efficient policies. We identify two forms of similarity that
systematically introduce redundancy in policy execution:

o Intra-modal similarity: This refers to strong correlations
within a single modality, most evident in the temporal
domain. Under the robot’s continuous interaction with en-
vironment for rapid responses, the model often processes
highly similar observations across adjacent time steps. Given
that temporal correlations manifest most prominently near
raw sensory inputs, we examined feature correlations across
successive frames within the vision encoder, the component
closest to the camera. In Fig.1(c), the results reveal that ex-
cept for a few sparse regions associated with moving objects
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or local changes, most features remain nearly identical across
consecutive frames, indicating substantial redundancy.

o Inter-modal similarity: Alongside intra-modal similarity,
inter-modal correlations across modalities such as vision and
language are equally non-negligible, reflecting their semantic
overlap. Inspired by how humans focus attention on task-
relevant cues while ignoring distractions, we assume that,
when performing a specific task, only a subset of visual
features contribute meaningfully for robot manipulation. As
illustrated in Fig.1(d), we observe that only a fraction of
visual tokens shows high semantic similarity to the task
descriptions, while these aligned tokens consistently provide
key information for guiding the robot’s actions.

Motivated by these observations, this work proposes a
sparsity-aware, dataflow-reconfigurable accelerator for edge
robotic platforms, aiming to achieve both higher response fre-
quency and lower energy consumption. The main contributions
of this paper are summarized as follows:

On the algorithmic level: (1) We propose a self-guided fea-
ture reuse mechanism in the vision encoder that leverages intra-
modal similarity with Receptive Field Propagation and sparse-
layer substitution, thereby reducing redundant computation.
(2) We introduce a cross-guided token pruning strategy in
the conditional diffusion module, which leverages inter-modal
semantic alignment via an adaptive importance evaluator with
controllable sparsity, incurring negligible fine-tuning overhead.

On the hardware level: (3) We design a dedicated subsystem
that supports sparse data handling for convolution through
block-wise data transfer and pixel-wise computation, while also
supporting structured operations in attention. (4) We propose
a dataflow-reconfigurable architecture allowing flexible module

interconnections and operator fusion specifically optimized for
attention, thereby maximizing on-chip buffer utilization and
minimizing off-chip memory access to boost inference.

II. BACKGROUND
A. Diffusion Policy in Robotic Manipulation

Building on diffusion models’ strong expressiveness and
stable likelihood-based training [13], [14], Diffusion Policy
(DP) formulates robotic visuomotor control as a conditional
denoising diffusion process for robust modeling of complex
multi-modal action distributions [1], [15]. Since its initial
development, DP has been inherently compatible with diverse
modalities, incorporating multi-view/3D vision [2], [6], tactile
sensing [11], [16], and proprioceptive feedback [12], with vi-
sual perception remaining the dominant source of information.
DP can operate either as a standalone policy for tasks such as
grasping, assembly, and tool use [17], [18] or as a downstream
action expert in dual-system frameworks [19], [20], where an
upstream vision—language model (VLM) provides high-level
guidance for tasks requiring strong generalization. Given its
role in real-time, low-level control with relatively lightweight
inference requirements, DP is naturally suited for edge de-
ployment in both standalone and dual-system settings, whereas
the upstream VLM, due to its large size and computational
cost, is better hosted on a server. However, as multi-modal
input scale and dimensionality increase, DP’s inference latency
rises, limiting responsiveness and motivating acceleration for
fast action generation.

B. Efficient Diffusion Inference

To address the high inference cost of diffusion models,
several acceleration strategies have been developed in image



and video generation. These can be grouped into three cate-
gories—each with their core techniques and limitations when
applied to DP: (1) Denoised-data compression methods such
as difference-based reduction [3], low-dimensional data com-
pression [21], [22], efficient quantization [23], and structured
pruning [24], [25], aim to compress the heavy denoised outputs
but are less effective for DP where multi-modal condition input
dominates the overhead. (2) Parallelization and throughput-
oriented methods employ mixed-precision with dynamic re-
source allocation [26], [27] or task scheduling for multi-batch
sampling [28], but fails to meet DP’s single-batch, real-time
latency demands despite its effectiveness in high-throughput
settings. (3) Structural modification methods reduce compu-
tation via step distillation [7], [8], classifier-guided denoising
[14], [29], and architectural overhauls like Mixture-of-Experts
with dynamic subnetworks [9], [10], but require substantial
retraining or redesign, hindering rapid deployment in data-
intensive robotics scenarios.

Beyond algorithms, hardware acceleration has been used
to improve diffusion inference efficiency. Typical strategies
include hardware adaptations for efficient algorithms, such as
multi-core array designs for speculative parallelism [30] or
difference-based recomputation with on-chip region detection
[31]. Other works emphasize microarchitectural and dataflow
optimizations, leveraging techniques such as multi-precision
CIM units [32], sparse LUT-based computation [33], and data
reordering [34], alongside flexibility layer fusion and optimized
memory access [35]. However, these approaches do not specif-
ically target efficient compatibility across multiple operators in
DP, nor do they fully exploit sparsity present in multi-modal
processing data.

III. ALGORITHMIC OPTIMIZATION
A. Self-guided Feature Reuse Mechanism

As noted earlier, consecutive input frames and their features
exhibit high temporal similarity, with differences confined to
regions affected by shifts in object positions. To exploit this
similarity for computational sparsity, we need to predict regions
in the current frame features that are similar to the previous
frame before each inference step. So we propose a Self-guided
Feature Reuse Mechanism (SFR) to restructure the vision
encoder, implemented via two dedicated modules. Firstly, we
introduce a Receptive Field Propagation (RF Prop) method that
models how similarity propagates across layers in the encoder.
Specifically, we compare the current and previous image inputs
to obtain an initial pixel-wise similarity map, which is then
propagated through RF Prop layers that expand receptive fields
and refine similarity estimates. As shown in Fig.2, each RF
Prop layer consists of a 2D convolution with a customized
kernel followed by an average pooling unit. The kernel adopts
a Gaussian distribution with layer-dependent scales to emulate
the increasing receptive field size in deeper layers, as the
Gaussian weights IAQ,j naturally captures the spatial propaga-
tion characteristics of receptive fields (see Eq.1). Experiments
show that the predicted similarity maps are slightly conservative
compared to the ground truth but sufficiently sparse for effective
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Fig. 2. Architecture of the Self-guided Feature Reuse Mechanism, with details
of the sparse layer and Receptive Field Propagation.

feature reuse. Notably, the RF Prop convolution only needs to
be applied once per block at each scale, and its input/output
dimensions are much smaller than the main feature maps,
making its computational overhead negligible.
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where ¢,7 =0,...,k—1;

After obtaining similarity maps for each layer, we binarize
them to generate masks marking pixels for recomputation.
Sparse convolution is applied only to these pixels, while other
regions reuse previous-frame features, thereby greatly reducing
computation. During implementation, to prevent the accumu-
lation of errors from prolonged feature reuse, we perform a
fully dense computation of the encoder every fixed number of
inference steps, effectively resetting the error.

B. Cross-guided Token Pruning Strategy

Critical visual regions differ across tasks, and relying solely
on visual features makes it difficult to separate informative
areas from redundant background tokens. To address this, we
introduce a Cross-guided Token Pruning Strategy (CTP), which
leverages task-specific textual prompts to highlight aligned
visual regions and prune low-importance tokens. As shown
in Fig.3, given N, visual tokens V = v1,v9,...,vy, from
the encoder and N, textual tokens T = t1,ta,...,tN,, We
employ a lightweight scoring network to estimate each vi-
sual token’s task-specific importance. Concretely, we compute
cross-attention scores between the two modalities using multi-
head attention (H heads), with each head designed to capture
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Fig. 3. Visualization of the Cross-guided Token Pruning Strategy, illustrating
the pruning process and the scoring net used to evaluate cross-modal scores.

distinct importance cues. We average attention scores over the
text token dimension N; to obtain each visual token’s task
relevance, then take the maximum across heads H to form
a length-N,, importance vector for vision tokens. A learnable
thresholding module is applied to select only the most informa-
tive tokens, and the resulting compact token set will replaces
the full set in the conditional diffusion module. Experiments
show that CTP reduces the number of visual tokens to as low
as 22%, compressing the overall token count to about 31% of
its original size.

d—2d* T~y (5—0
Lprune = d - (12d> A= ; Szgmozd(T) ()
ﬁtolal = Lpo]icy + A X Eprune 3)

To enable trainability, we implement a differentiable approx-
imation for the token pruning operation, allowing gradients
to flow through the reduced token set. Compared to directly
injecting binary masks into the transformer blocks—which
masks out pruned tokens but still involves them in attention
computations—our approach reduces the number of active
tokens, yielding substantial GPU acceleration during both large-
scale parallel training and evaluation. To achieve controllable
pruning rates, we introduce a pruning loss for CTP. As defined
in Eq. 2 and Eq. 3, the scoring network outputs importance
scores s, compared with threshold # and passed through a
sigmoid to produce an approximate pruning mask. Averaging
the mask gives token density d. We design the pruning loss
as a convex penalty on the token density d, minimized at the
target density d*. The resulting Lynuqe, Weighted by A, is then
added to the policy loss Ly to form the final objective.

IV. HARDWARE ARCHITECTURE

To fully exploit the potential of algorithmic optimizations
and accelerate DP inference, we propose a novel accelerator
architecture. An overview is shown in Fig.4. Our design targets
efficient support for both convolution in the vision encoder and
attention in the conditional diffusion, while also adapting to
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Fig. 4. Overview of our hardware architecture.

changes introduced by algorithm-level optimizations. Although
both operators can be reduced to general matrix multiplications
(GEMMs), their dataflow patterns and dimensional proper-
ties lead to substantially different arithmetic intensity (224
FLOPs/Byte for convolution and 32.8 FLOPs/Byte for atten-
tion, assuming 8-bit precision for both weights and activations,
which is implemented in our deployment). An unoptimized
architecture suffers either from up to 85% of DDR bandwidth
waste or low PE utilization, which becomes a central challenge
to address. To overcome this, we propose an architecture
consisting of a PE array, a Vector Processing Unit (VPU),
and a data management subsystem including the Data Fetcher,
Dataflow Manager, and DDR Access Engine.

PE Array. As GEMMs dominate the workload, we adopt
a regular MxN MAC-line structure to balance throughput and
energy efficiency. The PE array processes data in slices along
the input and output channel dimensions, maximizing weight
reuse and facilitating high-throughput pixel-wise sparse convo-
Iution. This design enables compact utilization of each MAC
cell. Furthermore, token pruning is performed only once, after
which the remaining tokens are stored in a compact, contiguous
layout, eliminating the need for additional scheduling.

Vector Processing Unit (VPU). The VPU handles element-
wise vector operations such as addition, subtraction, and mul-
tiplication. It also implements nonlinear activation functions
(e.g., SiLU and ReLU) using piecewise-linear approxima-
tions. To efficiently support attention operators, we integrate
a resource-efficient softmax unit based on an approximate
computation method [36], achieving accuracy verified to be
fully compatible with model requirements.
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Data Fetcher and DDR Access Engine. The Data Fetcher
bridges on-chip SRAM and the PE array, streaming activations
and weights and writing back outputs. Two operating modes are
provided: (1) a regular mode optimized for structured GEMM
in attention, and (2) a sparse mode tailored to pixel-level sparse
convolution, where indices are derived from mask blocks. To
match SRAM bandwidth with PE throughput, dual-register
ping-pong buffering is employed for weights and outputs.

The DDR Access Engine, built on AXI bus interface, also
supports both dense and sparse modes. As shown in Fig.5, the
mask exhibits strong spatial locality from inter-frame similarity,
with pixels requiring recomputation tending to cluster spatially.
To exploit this, convolutional features are partitioned and stored
in DDR at block granularity; only selected blocks are fetched,
processed, and written back. In practice, we observe that some
blocks, though not completely empty, are sparse enough to
allow safe whole-block reuse without accuracy loss, greatly
reducing memory traffic.
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showing the collaboration between the Dataflow Manager and Linker, along
with a comparison of DDR access and PE utilization before and after opti-
mization.

Dataflow Manager. Convolution and attention layers show
distinct patterns: convolution has rapidly growing channel di-
mensions (with peak weights at the MB level per layer), while
attention causes regular but frequent off-chip traffic, limiting
PE utilization. To address this, we instantiate additional SRAM
for activations and weights. In convolution mode, extra SRAM
acts as a scalable weight buffer to reduce off-chip transfers; in
attention mode, it supports operator fusion and on-chip data
reuse, balancing the compute-to-memory ratio and reducing
DDR access.

As shown in Fig.6, a reconfigurable on-chip dataflow sched-
uler is implemented in the Dataflow Manager. The Linker mod-
ule serves as a flexible interconnect among SRAM, registers,
and DDR. Controlled by select signals, the Linker dynamically
reconfigures into different physical connection networks for
various compute and memory states. Combined with operator
fusion, this reduces memory traffic by 54.5% and achieves a
1.35x improvement in PE utilization for conditional diffusion.

Other Design Details. All computation units adopt 8-bit
fixed-point format, enabled by verified quantization of the target
model. The PE array consists of 32 lanes of 32-element MAC

lines, while the VPU supports 32-element vector operations.
On-chip SRAM provides a total capacity of 464 KB, with each
buffer instantiated as two banks to achieve a 256-bit width. Off-
chip memory employs LPDDR4-2400, delivering 38.4 GB/s
bandwidth—significantly lower than the 51-102 GB/s available
on the Jetson Orin Nano edge GPU.

V. EVALUATION
A. Accuracy Evaluation

To evaluate the impact of our algorithmic optimizations on
DP, we use 3D Diffusion Actor (3DDA) [6] as the baseline. The
model can run as either a standalone policy or a downstream
component in a dual-system setup, and its strong performance
and extensibility make it well-suited for verification. We adopt
the default configurations and pre-trained weights of both
3DDA and OpenHelix [19]. For benchmarking, we use the
CALVIN ABC-D dataset [37], which offers diverse multi-
task manipulation sequences with high-quality annotations and
serves as a standard benchmark for policy learning.
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We first evaluate the Self-guided Feature Reuse Mechanism
integrated into 3DDA. This mechanism is controlled by a
threshold on the binarized mask that determines the pixel
reuse ratio in the vision encoder. Fig.7 shows visual token
correlations at different reuse ratios with ground-truth tokens,
measured by cosine similarity and mean squared error (MSE) to
capture feature direction and value differences. The reuse ratio
is defined as the weighted average of multi-layer masks over
pixels. Results show that similarity remains high and changes
slowly until the ratio reaches 50%, after which it drops sharply.
In practical applications, we set the threshold at 52% with a
cosine similarity of 0.990, and find no accuracy loss after fine-

tuning. TABLE I
EVALUATION IN CALVIN ABC-D ENVIRONMENT.

Method "ll"ask cozmplete3d in a ZOW (%5) T Ave. Len 1
3DDA (baseline) 90 74 58 40 31 2.93
3DDA (Ours-22%) 92 78 57 41 32 3.00
Open-Helix (baseline) 93 79 64 52 42 3.31
Open-Helix (Ours-25%) | 92 81 65 52 39 3.28

Next, we evaluate the Task-driven Token Pruning Strategy
by varying the hyperparameter A in Eq.3 to control the final
pruning ratio. Our training strategy enables convergence with
only 1/60 of the original epochs. Following the evaluation
methodology in Open-Helix, for rapid assessment, we select the
first 100 trials from the CALVIN dataset for repeated testing
and report the averaged results. Performance is assessed in



TABLE II
AREA AND POWER BREAKDOWN OF ON-CHIP MODULES

PE Array | VPU | Control Logic | SRAM | Overall
Area (mm?) 0.22 0.04 0.02 0.81 1.09
Power (mW) 124.4 10.9 6.7 207.9 349.9

both standalone and dual-system configurations, with results
summarized in Table 1. We progressively compress the token
size on both models through incremental testing, achieving a
final compression of 22% for 3DDA and 25% for Open-Helix,
with almost no accuracy degradation observed. Furthermore, we
applied W8AS8 quantization-aware training (QAT) to the final
3DDA model, enabling 8-bit deployment without any loss of
accuracy compared to the original model.

B. Area, Power, and Performance Evaluation

Our design is implemented in SystemVerilog and synthesized
at 1 GHz using Synopsys Design Compiler and TSMC 28nm
standard-cell library for area and power analysis.Off-chip mem-
ory performance is evaluated with DramSim3 [38] under an
LPDDR4 configuration, reaching 36.0 GB/s on average across
test cases, close to the 38.4 GB/s theoretical peak. Rarely
invoked operators with poor hardware affinity are simulated on
an edge CPU. Table 2 presents the area and power breakdown
of our chip architecture. We further evaluate the average on-
chip power consumption, which is 206.5 mW, while the average
LPDDR power is 1262.4 mW, and total system power is about
1.5 W, far below the 7-15 W of Jetson Orin Nano.
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Fig. 8. Comparison of on-chip energy consumption in Convolution (Conv) and
Attention (Attn) modes before and after optimization

To assess end-to-end performance, we develop a custom
cycle-accurate simulator. We first analyze the computational
patterns under both convolution and attention operators. Fig.8
illustrates the on-chip energy consumption for both conv and
attn modes. After optimization, we achieve energy savings of
1.9x for the conv mode and 4.4x for the attn mode. We further
tested the metrics of running 3DDA end-to-end. As shown
in Fig.9, through our hardware-software co-optimization, the
computational density ratio between the two main operators
was balanced from 224/32.8 to 107/80.4. This allowed us to
use relatively lower DRAM bandwidth while achieving higher
PE utilization. The on-chip end-to-end latency achieved a 3.6x
speedup compared to the under-optimized architecture. For the
accelerator system, the energy consumption per inference for a
single trajectory was reduced by 2.8x.

We also test inference on an NVIDIA RTX 3090 GPU using
the CUDA Event API with native Python, and the results show
a latency of 580 ms. In contrast, running the optimized 3DDA
on our accelerator yields an end-to-end latency of 22.3 ms
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Fig. 9. Comparison of arithmetic intensity, end-to-end latency, and system
energy consumption for 3DDA deployment before and after optimization.
(including 12.7 ms on our chip and 9.6 ms on edge CPU),
corresponding to a response rate of 45 Hz. This demonstrates
a 26x speedup over the GPU baseline. Table III presents the
hardware implementation results of our proposed architecture
compared to existing Diffusion accelerators. It is evident that
our architecture efficiently reduces on-chip area through the
compatibility of data flows for both operators and high uti-
lization of on-chip caches, while combining quantization tech-
niques. With reuse and pruning considerations, our approach
achieves higher sparse energy efficiency.

TABLE III
COMPARISON OF DIFFUSION ACCELERATORS
Methods ESSERC’24 | ISSCC’25 VLSI'25 This Work
[39] (35] [30]
Application Visual Generative Robot Robot
Generation Al Control Control
Support Model | CNN, DiT CNN CNN, DiT CNN, DiT
Technology 28nm 3nm 28nm 28nm
Area (mm?) 21.9 0.168 8.41 1.09
Frequency 25-400 546 250-1250 1000
(MHz)
Precision INTS8-13, INTS8 INTS8/4, INTS8
HYP8 FP4
Peak 9.83 0.63 2-10! 2.0-7.22
Performance
(TOPS)
Energy 4,96 12.38 17.61 9.6-34.72
Efficiency
(TOPS/W)

1. with 80% input activation sparsity w/ 50% weight sparsity.
2. with 52% reuse ratio and 22% pruning ratio.

VI. CONCLUSION

In this work, we tackle the latency and energy bottle-
necks of Diffusion Policy (DP) on edge robots by exploiting
intra- and inter-modal redundancies in multi-modal inputs.
Our hardware—software co-design combines self- and cross-
guided modal compression with a reconfigurable accelerator
supporting sparse memory access and lightweight computation.
Experiments show a 26x speedup over NVIDIA RTX 3090
GPU with energy efficiency up to 34.7 TOPS/W and total
power of only 1.5 W, enabling real-time, low-power visuomotor
control on resource-constrained platforms.
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