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Abstract—As robotic manipulators adopt increasingly higher
degrees of freedom (DoFs) to handle complex tasks, the corre-
sponding growth in neural network (NN) size leads to substantial
memory and energy demands, making deployment on low-level
controllers increasingly impractical. To overcome this challenge,
we propose STAR, a novel framework that enables accurate
and energy-efficient high-DoF manipulation under strict memory
constraints. STAR introduces a spherical task-space approximation
strategy to mathematically formulate the manipulator’s reachable
space, followed by a memory-aware training algorithm that adap-
tively divides this space into smaller, manageable regions, with
each partition assigned a lightweight NN optimized to satisfy mem-
ory capacity while preserving high precision. Specifically, STAR
employs deep reinforcement learning (DRL) to learn absolute
pose-to-joint mappings, allowing each task to be completed with a
single NN load, eliminating the need for large networks or frequent
NN switching. Experiments demonstrate that STAR achieves up
to 8.09× faster execution and 10.93× lower energy consumption,
while reducing memory usage by up to 128× compared to state-
of-the-art approaches, all without compromising control accuracy.

Index Terms—Robotic manipulation, reinforcement learning,
neural network inference, accelerator

I. INTRODUCTION

Robotic systems have recently attracted growing attention,
ranging from industrial manipulators to mobile platforms and
humanoid assistants [1]–[4]. While high-level planning tasks (to
generate a sequence of target poses by an AI/ML model) must
be customized to specific applications, the low-level control
functionality remains consistent across systems to operate joint-
level motor commands to achieve a given pose, as shown in
Fig. 1. Consequently, there is a growing need for low-level
controllers that are not only accurate and fast, but also energy-
efficient and cost-effective, especially given the increasing scale
and diversity of robotic applications.

Inverse Kinematics (IK) [5] is a fundamental component
of low-level control. It involves computing the joint angles
required to move a robotic manipulator’s end-effector to a
specified pose in Cartesian space (i.e., the three-dimensional
coordinate system (x, y, z) task space). Solving the IK problem
is challenging due to the nonlinear mapping between joint
angles and end-effector poses. For example, shifting the end-
effector slightly from pose (2, 2, 2) to (3, 3, 3) may require
significant and non-intuitive changes in multiple joint angles,
such as (22◦, 33◦, 44◦) in a 3-DoF manipulator.

Traditional robotic systems primarily rely on analytical
methods [6] and numerical methods [7], [8] to solve the inverse

!!

!!

!!!!

Cartesian (Task) Space Joint Space

Front-end
High-level

Motion Planner

Environment
Data (e.g., image)

End-effector Pose

Back-end

Actuators
(e.g., Joint)

Low-level
Control (e.g., IK)

Joint Config.

Robotic System

PID Controller
Control Signal

Target End-
effector Pose

!

"

Current End-
effector Pose

𝒒𝟏

𝒒𝟐

𝒒𝟑

!!

Fig. 1: Illustration of a 3-DoF robotic manipulation system.

kinematics (IK) problem. Analytical methods derive closed-
form equations using geometric and trigonometric relationships,
offering fast and exact solutions for computing joint angles
from a target pose. However, analytical methods are generally
applicable only to manipulators with six or fewer DoFs [9].
Modern robots, such as Tesla’s Optimus humanoid with 22
DoFs [10], far exceed this range, rendering analytical solu-
tions intractable. Moreover, these methods demand substantial
manual effort to derive the dedicated closed-form equation.
Numerical methods, by contrast, employ iterative algorithms to
approximate joint angles for a desired end-effector pose. These
methods are broadly applicable to high-DoF and complex struc-
tures but are computationally intensive, prone to convergence
issues, and difficult to parallelize.

To achieve efficient and cost-effective low-level control that
can adapt to diverse robot architectures and scale to high-DoF
manipulators, recent research has focused on neural network
(NN)–based IK solvers [11]–[13]. These methods train NNs on
large datasets to learn the nonlinear mapping between target
end-effector poses in task space (e.g., (x, y) in Fig. 1) and
the corresponding relative joint rotations in joint space (e.g.,
(q1, q2, q3) in Fig. 1). However, our evaluation shows that the
memory demand of current NN-based methods grows rapidly
with the number of DoFs, leading to exponential increases in
model size. For example, an 8-DoF manipulator requires more
than 1 GB of memory (see Section II-B). Such requirements are
impractical for low-level controllers where the on-chip SRAM
is prohibitively expensive1 and energy consuming [16], [17],

1The cost of SRAM scales rapidly with capacity: an ISSI’s 8 KB SRAM
block may cost approximately $1.08 [14], whereas an ISSI’s 1 MB SRAM
block can reach up to $9.71, i.e., nearly 9× higher [15].
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(c) STAR on memory-constrained scenario.

Fig. 2: (a) Conventional methods require a large NN to learn the Cartesian-to-joint mapping; (b) Partitioning reduces NN size
but causes frequent loading and latency; (c) STAR achieves one-shot inference by selecting only the NN for the target partition.

while using off-chip access or lower-tier memory introduces
high latency and undermines real-time control feasibility.

This paper proposes STAR, a novel NN–based robotic
manipulation framework designed to achieve accurate, low-
latency, and energy-efficient control for high-DoF manipu-
lators under tight memory constraints. Unlike existing NN
approaches, STAR introduces a memory-aware training frame-
work that learns the mapping between the current end-effector
pose and the target joint configurations within the partitioned
task space. At runtime, STAR requires loading only a single
lightweight NN corresponding to the target partition, with each
model trained under the capacity limits of on-chip memory.
Specifically, STAR consists of two key components. First, the
Spherical Task space Approximation strategy mathematically
formulates the manipulator’s reachable task space. Second, a
memory-aware training algorithm based on deep Reinforcement
learning (DRL) partitions this space into multiple regions, with
each partition assigned a lightweight NN optimized to satisfy
memory capacity while preserving high precision. To the best of
our knowledge, STAR is the first paper to demonstrate that in-
vestigating the Cartesian-to-joint mappings with memory-aware
task space partitioning enables accurate robotic manipulation
under strict on-chip memory constraints.

STAR is evaluated on Genesis [18] robot simulator with 6-
DoF DRV90L [19] and 7-DoF Franka Emika Panda [20] robotic
manipulators. STAR achieves up to 8.09× faster execution,
10.93× lower energy consumption, and 128× smaller NN
size without sacrificing manipulation accuracy. These results
validate STAR’s ability to deliver scalable, low-cost, and
energy-efficient robotic control across robotic manipulators on
a memory-constrained NN accelerator.

II. BACKGROUND AND MOTIVATION

A. Robotic Manipulation using DRL

Machine learning offers a data-driven alternative to traditional
IK solvers by learning the nonlinear mappings between the cur-
rent end-effector pose (in task space) and the target joint angles
(in joint space) using neural networks [11]–[13]. In particular,
DRL enables robotic manipulators to learn control policies
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through direct interaction with the environment [21]–[27].
Among DRL methods, Proximal Policy Optimization (PPO)
is widely employed for robotic manipulation [21], where its
actor–critic structure naturally handles high-dimensional con-
tinuous actions (i.e., multi-joint torque commands for robotic
arms) while reducing gradient variance for stable training [28].

B. Large Memory Demand for High-DoF Manipulation

Prior studies have optimized PPO for mm-scale precision in
robotic manipulation [21], [26]. Building on these advances,
this work shifts the focus to a system-level challenge by ana-
lyzing the memory demands of PPO-trained models for energy-
efficient and cost-effective low-level controller deployment.
Fig. 3 presents our experiments on memory demand across
different DoFs in robotic systems trained with PPO under 5
mm precision. For the 5-DoF case, we disable one joint of
a DRV90L arm, while for the 8-DoF case, we adopt a dual-
arm configuration with two 6-DoF DRV90L arms, disabling
two joints on each. We observe that the NN size required to
represent the entire task space grows exponentially with the
number of DoFs, reaching nearly 1 GB at 8 DoFs. While
existing approaches show fast and accurate manipulation, GB-
scale on-chip memory is not realistic for low-level robotic
controllers. When such large models cannot fit into on-chip
memory, deployment becomes infeasible due to excessive off-
chip memory access, which introduces prohibitive latency, en-
ergy consumption, and unreliable real-time control (Fig. 2(a)).

C. Task Space Partitioning Incurs High Manipulation Latency

A straightforward solution to reduce memory footprint is to
partition the entire task space into multiple sub-spaces and
train a dedicated NN model for each. During manipulation,
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however, as demonstrated in Fig. 2(b), the robot must perform
partition-wise inference and control by repeatedly loading the
corresponding NN weights (T0 to T4) from a weight pool
(e.g., from DRAM to on-chip SRAM memory), executing
motion within the current partition, transitions to the next, and
continues this process until the end-effector reaches the target
pose. While this approach reduces the memory requirement of
each individual NN, it introduces frequent NN switching, which
increases latency, energy consumption, and control complexity.

D. Motivation

We propose STAR, a novel NN-based robotic manipulation
framework tailored to memory-constrained platforms. As illus-
trated in Fig. 2(c), STAR selects only the model weight corre-
sponding to the target partition (e.g., T4). During inference, the
selected model directly outputs the joint commands required to
move the end-effector from T0 to T5. This one-shot inference
and control allows the robot to perform fast, energy-efficient,
and accurate manipulation under strict memory budgets. Unlike
conventional approaches, STAR learns the mapping from the
target end-effector pose in task space to the corresponding joint
configuration. This design enables each NN to infer the final
joint angles directly, independent of the current end-effector
pose. By decoupling task space coverage from NN size, STAR
supports conceptually ”infinite” workspace partitioning while
requiring only one NN load and execution per task.

III. THE STAR FRAMEWORK

A. Overview

The STAR framework is designed to enable memory-aware
NN-based robotic manipulation on highly constrained low-level
controllers. As illustrated in Fig. 4, STAR consists of two major
components: a spherical task space approximation strategy
to mathematically formulate the manipulator’s reachable task
space, enabling effective and scalable task space partitioning
and avoiding the exponential complexity of high-DoF joint
spaces. Second, a memory-aware DRL training algorithm par-
titions this space into multiple regions, with each partition
assigned a lightweight NN optimized to learn pose-to-joint
mapping while satisfying memory capacity and preserving high
precision. During runtime, given an end-effector pose, STAR
aims to minimize total execution time and energy consumption
while preserving high-precision manipulation performance.

Fig. 5: Partitioned task space of Panda manipulator.

Workflow. Fig. 4 illustrates the STAR system architecture,
which operates in two phases. During the offline phase, STAR
performs three key tasks. First, it constructs a spherical approx-
imation of the task space A , based on the kinematic structure
and joint limits of the robotic manipulator (Section III-B).
Second, STAR applies memory-aware partitioning B to seg-
ment this task space according to the available SRAM capacity
of the NN accelerator. Each partition is then evaluated using
an accuracy-aware DRL module to ensure that the chosen
number of partitions satisfies precision requirements such as
positional error and success rate. To find the appropriate number
of partitions, STAR performs a search guided by accuracy
feedback. Once the partition count is finalized, STAR C trains
one NN per partition using the PPO algorithm (Section III-C).
These trained NN weights, denoted as Wi, are stored in a
weight pool D and deployed on the low-level DRL-based joint
controller (DRL-JC). In the online manipulation phase, STAR
performs inference and control in four steps: 1 the high-level
planner provides a target end-effector pose, which is used by a
weight selector to choose the appropriate NN weight from the
pool; 2 the selected NN is loaded onto the NN accelerator; 3
the DRL-JC performs one-shot task execution to generate the
target joint configuration; and 4 the PID controller applies this
configuration to drive the actuators. While a single inference is
typically sufficient, multiple inference iterations may be needed
to reach the final pose, as discussed in Section II-A.

B. Spherical Task Space Approximation

The maximum reachable range of a robotic manipulator is typ-
ically defined in joint space based on the joint limits. However,
directly partitioning joint space is impractical, as the number
of possible joint angle combinations grows exponentially with
the number of DoFs. To enable efficient representation and fa-
cilitate memory-aware partitioning, we instead approximate the
robot’s task space using spherical coordinates2. The spherical
coordinate system is defined by the radius r, elevation angle θ,
and azimuth angle ϕ, as expressed by the following equations:

2Most robotic manipulators are built with rotational joints, resulting in a task
space that closely resembles a sphere.



Algorithm 1: Memory-aware Training
Initialize: Memory budget M , threshold τ , target rate ρ, NN

architecture A
1 Adjust hidden dims of A to fit M ;
2 for P = SearchAlg(P) ; ▷ determine the number of partitions
3 do
4 π0 ← TrainPPO(A,partition0) ; ▷ train partition0

5 r ← Evaluate(π0, τ) ; ▷ evaluate success rate r

6 if r ≥ ρ then
7 Store W0;
8 n part← P ;
9 break

10 end
11 end
12 for i = 1 to n part−1 ; ▷ train remaining partitions
13 do
14 πi ← TrainPPO(A,partitioni);
15 Store Wi;
16 end

x = r sin θ sinϕ, 0 ≤ r ≤ L

y = r sin θ cosϕ, 0 ≤ θ ≤ π

z = r cos θ, 0 ≤ ϕ ≤ 2π

(1)

where L is the length of the manipulator. We assume the
robotic manipulator is oriented along the positive x-axis. The
ranges of θ and ϕ then define the effective bounds of the
spherical task space. Partitioning is performed by segmenting
the azimuth angle ϕ, as illustrated in Fig. 5. This representation
is independent of the robot’s DoFs, making it well-suited for
partitioning complex manipulators with high-dimensional joint
spaces.

C. Memory-aware Training using DRL

1) Memory-aware Task Space Partitioning: To enable
memory-aware training, STAR first searches for the appropriate
number of task space partitions that satisfy both the SRAM bud-
get and success rate requirements. As shown in Algorithm 1,
for each candidate partition count P , STAR trains an NN on
partition0 and evaluates its success rate (lines 4–5). If
the success rate meets the target threshold, the corresponding
weight W0 is stored in the weight pool, and training proceeds
for the remaining partitions (lines 12–15). Otherwise, P is in-
creased to halve the partition size, thereby reducing the learning
complexity and improving accuracy. Conversely, P is decreased
if the NN’s memory usage is significantly below the budget,
ensuring efficient utilization of available SRAM. This process
repeats until a valid configuration is found. To accelerate con-
vergence, a systematic search method (e.g., binary search) can
be employed, where previously evaluated partition counts from
other memory budgets serve as the bounds, allowing STAR to
narrow the search interval and avoid redundant training runs
while rapidly converging to a feasible configuration.
2) DRL-based Joint Controller (DRL-JC): DRL-JC determines
the joint configurations for the underlying PID controller, and
this decision-making process is modeled as a DRL problem in
this work. Specifically, the joint configurations are produced by
an RL agent (i.e., a neural network) that learns low-level control
policies by interacting with the robotic manipulation system
(environment) and generating absolute target joint angles to
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enable one-shot loading. The decisions (actions) are made
based on the state observed from the environment. After each
inference step, DRL-JC receives a reward that reflects the
success rate. A task is considered complete once the Euclidean
distance between the current and target end-effector poses falls
below a predefined threshold (e.g., 5 mm). We adopt PPO as
the training algorithm due to its training stability and suitability
for high-dimensional continuous actions.
State. The agent observes the device status (from the sampling
traces during training) when it is about to make the task
manipulation decision (the rotation angle for each joint) in each
step t by given a target end-effector pose. For each time step
t, the observed state st is defined as below:

st = {qcur
t , pcur

t , ptar
t , dt} (2)

where qcur
t is the current joint angles of the robotic manip-

ulator, pcur
t and ptar

t is the current and target end-effector
poses, respectively, and dt is the Euclidean distance between
the current and target end-effector poses. qcur

t ∈ Rn, where
n is the number of DoFs, and both pcur

t ,ptarget
t ∈ R3 for the

Cartesian poses.
Action. Given an observed state st, the actor NN decides the
angles of each joint to manipulate the robotic manipulator.
The action is defined as at = qtar

t , which is the target joint
configuration to be applied to the robotic manipulator. To
support one-shot NN loading, STAR employs absolute mapping
between Cartesian target poses and joint angles. Instead of
learning relative joint updates from the current pose, each NN
directly predicts the absolute joint configuration needed to reach
the target pose. This approach removes dependence on the
initial state, significantly reducing runtime overhead.

qtar = {qtar1 , qtar2 , ..., qtarDoF } (3)

Reward. The reward function R is designed to encourage the
end-effector to approach the target pose. When the Euclidean
distance dt between the current and target end-effector poses
falls below a predefined threshold τ , the manipulation is
completed and a positive reward c is given, where τ is the
error determining the task completion; otherwise (unsuccess
manipulation occurs and require next step of manipulations),
a distance-based reward is provided to encourage the agent to
reach the goal. The reward function R is defined as:

R =

{
c, if dt ≤ τ

e−α∗dt , if dt > τ
(4)

3) Training DRL-JC: Fig. 6 illustrates the architecture of PPO,
which consists of two NNs: the actor and the critic. The



Algorithm 2: TRAINPPO(A,partition)
Initialize: Actor πθπ , Critic VθV , clip ratio ϵ, horizon length T ,

initial pose pcur
0 and target pose ptar

0 in partition
1 Initialize πθπ

old
← πθπ ;

2 for iteration = 0, 1, 2, . . . do
3 for time step t = 0 to T − 1 do
4 Execute at from πθπ (a|st) to collect data

(st, at, rt, st+1);
5 end
6 for t = 0 to T−1 do
7 δt = rt + γVθV (st+1)− VθV (st) ; ▷ TD-errors
8 Ât =

∑T−t−1
l=0 (γλ)lδt+l ; ▷ GAE

9 R̂t =
∑T−t−1

l=0 γlrt+l ; ▷ estimated returns
10 end
11 foreach minibatch do
12 rt(θπ) = πθπ (at|st)

πθπold
(at|st)

; ▷ policy ratio

13 LCLIP = Et[min(rtÂt, clip(rt, 1−ϵ, 1+ϵ)Ât)] ; ▷ objective
14 LVF = Et[(VθV (st)− R̂t)2] ; ▷ quadratic return error
15 πθπ

old
← πθπ ;

16 Update θπ via gradient ascent on LCLIP ; ▷ Adam optimizer
17 Update θV via gradient descent on LVF ; ▷ Adam optimizer
18 end
19 Re-initialize pcur

0 , ptar
0 for next iteration

20 end
21 return πθπ ;

actor NN, parameterized by θπ , defines a policy πθπ (at | st),
which governs the agent’s action selection based on the current
state st. The critic NN, parameterized by θV , estimates the
value function VθV (st), representing the expected discounted
return when the manipulation starts from state st under the
current policy. The architecture enables the actor to focus
on exploration and decision-making, while the critic provides
evaluative feedback to guide more stable and efficient learning.
Algorithm 2 outlines the training procedures of DRL-JC. The
details of the PPO algorithm can be found in [21], [29].

D. Weight Selection and Runtime Manipulation

During runtime, given a target end-effector pose, the DRL-
JC loads the NN corresponding to the target region into on-
chip memory. Although the pose is conventionally expressed in
Cartesian coordinates (x, y, z), STAR represents the workspace
as a sphere parameterized by spherical coordinates (r, θ, ϕ) (see
Section III-B). The workspace is partitioned by segmenting the
azimuth angle ϕ, with Cartesian coordinates transformed into
spherical coordinates using the following inverse trigonometric
relations:

r =
√
x2 + y2 + z2

θ = cos−1
(z
r

)
ϕ = atan2(x, y)

This transformation is efficient, requiring only basic inverse
trigonometric operations, and allows rapid identification of
the NN associated with the target region. Once selected, the
NN is loaded onto the accelerator to process the state and
generate control actions. When the pose lies at the boundary
between partitions, either NN can be used since success rates
are equivalent under uniform partitioning.

TABLE I: Hyperparameters for PPO.
Hyperparameter Value Hyperparameter Value

Learning rate 3×10−4 Batch size 30,720
Num. steps 15 Discount factor 0.8

GAE lambda 0.9 Clip range 0.1
VF coefficient 0.5 Entropy coefficient 0.0

Max. gradient norm 0.5

IV. EXPERIMENT RESULTS

A. Experiment Setup

STAR is evaluated on two robotic platforms with different DoFs
on Genesis simulator [18]: the 6-DoF Delta DRV90L [19]
and the 7-DoF Franka Emika Panda [20]. Their physical
constraints reported by the manufacturers are used to configure
the spherical task space and ensure the actions outputted by
NNs are within the joint limits.

Training is performed using an NVIDIA GeForce RTX 3090
GPU [30]. During training, each task samples initial and target
end-effector poses from a given task space partition. A task
is considered successful if the end-effector reaches within
a threshold distance of τ ≤ 5mm from the target pose.
Both the actor and critic NNs in STAR’s PPO-based DRL
agent are implemented as fully connected networks with four
hidden layers. Each layer contains K units, followed by tanh
activations. The input and output dimensions are determined
by the robot’s DoFs (15 inputs and 6 outputs for DRV90L; 16
and 7 for Panda). To satisfy memory constraints, K is selected
such that the total NN size fits within a predefined budget.
Training is performed using the Adam optimizer. The PPO
hyperparameters are listed in Table I.

We evaluate STAR on an NN accelerator equipped with
16 Kb on-chip SRAM memory that can perform both multi-
ply–accumulate (MAC) operations and analog-to-digital (A/D)
conversion [31]. The NN loading time is estimated from
the write speed of the Serial Peripheral Interface (SPI) [32],
assuming a conservative data transfer latency of 25 ns. The
inference latency is derived from the NN architecture and the
latency of MAC operations. For the activation function, we
adopt a simulated latency of 2 ns, following the hardware
implementation reported in [33].

B. Performance Evaluation

To verify the effectiveness of STAR, we evaluate it on two
robotic manipulators with differing kinematic complexities, i.e.,
DRV90L (6-DoF) and Panda (7-DoF). We compare STAR
against two baseline approaches. The first is Memory-rich,
a large NN trained to cover the entire task space without
considering memory constraints. This setup represents the state-
of-the-art related works [21]–[27]. The second is Heuristic, a
memory-aware method extended based on related works. It uses
multiple small NNs to reduce memory usage, but relies on
relative mappings between initial poses and joint angle changes.
As a result, it requires frequent NN loading to complete a task.
This behavior is illustrated in the motivating example in Fig. 2.

Fig. 7 presents the execution time and energy consump-
tion for 20 manipulation tasks on two robotic manipulators
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(DRV90L and Panda). STAR outperforms both baselines. Com-
pared to the Memory-rich baseline, STAR achieves 8.09× faster
execution, 10.93× lower energy consumption, and 128× lower
runtime memory. Compared to the Heuristic baseline, STAR
is inherently more scalable with respect to the number of
partitions. For example, in the DRV90L case, as the number of
partitions increases from 8 to 512, the NN size of the Heuristic
baseline decreases from 128 KB to 8 KB; however, execution
time and energy consumption increase due to multiple NN
loadings required when start and target end-effector poses lie
in different partitions. In contrast, STAR’s absolute pose-to-
joint learning avoids NN switching during execution, while its
memory-aware task space partitioning ensures each NN only
learns a local absolute mapping, thereby minimizing runtime
memory usage.

STAR’s absolute relationship effectiveness. We test its ro-
bustness to varying initial end-effector poses. The task space
is divided into 32 partitions. In partition 0, we train NNs with
both absolute and conventional relative mappings. Tasks are
generated by sampling initial poses from all partitions and
target poses within partition 0. As shown in Fig. 8, relative
mappings show a clear decline in success rate as the initial
partition moves farther from the trained region, while absolute
mappings remain consistently high. This demonstrates that
STAR eliminates dependence on the initial pose and ensures
reliable manipulation across the task space.
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Fig. 9: The storage trade-off and quantized performance of
STAR on two robot platforms.

STAR’s storage trade-off. We evaluate the storage trade-off
and scalability limits of STAR on DRV90L and Panda. Starting
from a 1 MB NN that covers the entire task space, we iteratively
halve the NN size and determine the partitions needed to reach
comparable success rates. Since lightweight accelerators often
lack full-precision support, we also report 16-bit fixed-point
results supported by [31]. As shown in Figure 9, total storage
stays at 1 MB until 16 KB (DRV90L) and 128 KB (Panda),
after which more partitions are needed to maintain success rate,
increasing the total. STAR’s practical limit occurs at 8 KB for
DRV90L (0.995 success, 512 partitions) and 32 KB for Panda
(0.983 success, 128 partitions), where further partitioning no
longer helps. These results highlight the trade-off between stor-
age efficiency and accuracy under extreme memory constraints.
Nevertheless, STAR reduces runtime memory by up to 128×
for DRV90L and 32× for Panda, enabling accurate, low-cost
manipulation while preserving the speed and energy benefits
discussed in Section IV-B.

V. CONCLUSION

This paper proposes STAR, a novel framework for low-latency,
energy-efficient and accurate robotic manipulation on memory-
constrained neural network (NN) accelerators. STAR includes
two key innovations: a spherical task space approximation that
supports efficient and scalable partitioning of the robotic manip-
ulator’s reachable task space, and a memory-aware, DRL-based
training strategy that learns absolute pose-to-joint mappings
for each partition. Experimental results show that compared
to state-of-the-art works, STAR achieves up to 8.09× faster
execution and 10.93× lower energy consumption, while reduc-
ing the SRAM usage by up to 128× without compromising
manipulation accuracy.
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