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Abstract

Despite extensive efforts, existing approaches to design ac-
celerators for optimization-based robotic applications have
limitations. Some approaches focus on accelerating general
matrix operations, but they fail to fully exploit the specific
sparse structure commonly found in many robotic algo-
rithms. On the other hand, certain methods require manual
design of dedicated accelerators, resulting in inefficiencies
and significant non-recurring engineering (NRE) costs.

The Or1ANNA framework represents a significant advance-
ment as it overcomes the limitations of existing approaches
and provides a solution to generate accelerators for robotic
applications that integrate multiple optimization-based al-
gorithms. The framework leverages a common abstraction
factor graph to overcome these challenges. Application de-
signers can easily define their objectives and constraints
using the ORIANNA software framework. The ORIANNA com-
piler then translates the high-level code into basic matrix
operations and executes them in an out-of-order manner on
the generated accelerator. We demonstrate its effectiveness
by implementing a real FPGA-based prototype. ORIANNA
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accelerators achieve a 6.5X performance improvement and a
15.1X energy reduction compared to an advanced Intel CPU.
Furthermore, ORIANNA achieves comparable performance to
state-of-the-art dedicated accelerators while utilizing only
36.1% of hardware resources.
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1 Introduction

Autonomous robots have been widely adopted across various
domains, providing significant advancements and enhancing
human potential. These intelligent machines excel at au-
tonomously performing complex tasks, including industrial
automation, healthcare assistance, agricultural operations
and domestic chores [1, 50, 51, 59]. Autonomous robots cover
a wide range of algorithms and applications, spanning vari-
ous fields [13]. Among them, optimization-based algorithms
play a crucial role and are utilized in multiple tasks such as
navigation and localization [52], mission and motion plan-
ning [37], decision making and actuation [28].

Optimization-based robotic algorithms involve solving
large-scale systems of linear equations iteratively, which
introduces considerable computational complexity. For ex-
ample, a traditional optimization-based localization algo-
rithm [67] can only operate at 5 Hz, even when executed on
a state-of-the-art desktop-level CPU [54]. The substantial
computation also consumes significant energy, limiting the
practicality of utilizing robots.
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Architecture communities have proposed two directions
to solve the above problems. The first approach is to de-
sign programmable optimization solver accelerators [53].
These hardware accelerators directly improve the speed of
matrix operations used in optimization-based robotic algo-
rithms, such as matrix multiplication, transpose, and de-
composition [28, 37, 52]. Even though they apply to various
optimization-based algorithms, the improvements of these
accelerators are often limited compared to software-only so-
lutions. This limitation arises from the absence of hardware
customization and algorithmic specifications, which are cru-
cial in optimization-based robotic algorithms as they usually
involve large yet sparse matrix operations. For instance, in a
typical localization problem [10], the coefficient matrix A of
the linear equations Ax = b has dimensions of 1126 X 333,
with only 5681 non-zero entries and sparsity of 98.5%.

Another method is to design dedicated hardware acceler-
ators tailored to specific algorithms. It is common to design
dedicated accelerators for robotic algorithms by identifying
a hardware abstraction (e.g., factor graph [25]) and using it
for problem size reduction and hardware customization [19—
21, 33, 34, 36, 60-62]. Despite its high-performance capabil-
ities, this approach comes with significant non-recurring
engineering (NRE) costs. Even using factor graphs as the
same hardware abstraction, different algorithms necessitate
completely distinct accelerators due to their unique math-
ematical formulations and execution pipelines [28, 37, 52].
The variations across algorithms render accelerators non-
shareable because none of the computing units can be reused
for different algorithms. Stacking different accelerators for a
robot application that integrates several algorithms wastes
significant chip area.

The limitations of the two approaches stem from the in-
tricate nature of robot kinematics and the diverse array of
mathematical formulations found in various algorithms [28,
37, 52]. As depicted in Fig. 1, there is a demand for a method-
ology that can design a unified hardware accelerator for
different robotic algorithms, achieving high performance
while minimizing resource consumption and NRE costs.

In this paper, we present ORIANNA, a novel end-to-end
framework for generating accelerators specifically designed
for robotic applications. Fig. 2 provides an overview of ORi-
ANNA, which utilizes a novel common math representation
to build a toolchain, consisting of a factor graph library, an
optimizing compiler, and a hardware generation backend.
By leveraging factor graph as an abstraction, ORIANNA is
capable of generating accelerators for diverse robotic ap-
plications (e.g., manipulators, vehicles, drones) containing
multiple optimization-based algorithms (e.g., localization,
planning).

We comprehensively investigate various mathematical
representations for robot pose (orientation and position) uti-
lized in optimization-based algorithms. However, we find
that none of these representations are suitable for integrating
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Fig. 1. Comparison of non-recurring engineering (NRE) costs
and performance for different works.

the diverse algorithms into a unified hardware accelerator.
To address this issue, we propose to utilize a unified form
of pose representation denoted as <so(n), T(n)>, using a Lie
algebra so(n) of the special orthogonal group [55] for orien-
tation and a translation vector T(n) for position. The new
pose representation we propose is a standard for the robotic
application domain, which can be used in multiple robotic
algorithms. We demonstrate that the unified mathematical
representation facilitates the seamless transfer of various
optimization-based algorithms in robotics to a factor graph
inference.

With the unified mathematical representation, we pro-
vide a programmable factor graph library for the users to
describe their algorithms. The library encompasses a wide
range of factors, including various sensor observations and
constraints. Users are free to pick any combination of these
factors to formulate their optimization-based algorithms in
the form of a factor graph inference. Besides, users can cus-
tomize their own factors based on the ORIANNA factor graph
library.

The OrIANNA compiler translates the high-level algo-
rithms in the factor graph formulation into low-level instruc-
tions. ORIANNA instruction set architecture (ISA) primarily
comprises matrix-related instructions such as matrix multi-
plication, transpose and decomposition. First, ORIANNA com-
piler analyzes the high-level program to generate a factor
graph and data flow graphs for matrix operations (MO-DFGs).
Then, OrRIANNA compiler performs a forward traversal and a
backward propagation on every MO-DFG within the factor
graph to generate instructions for constructing the linear
equations. Finally, ORIANNA compiler traverses the factor
graph to generate instructions for solving the linear equa-
tions.

Based on the instructions generated by the compiler, Or1-
ANNA generates the corresponding hardware accelerators. Al-
though many hardware components, such as matrix multiply
units, are generated through templates, ORIANNA automati-
cally generates the data path between different components.
At runtime, ORIANNA controller issues the instructions out
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Fig. 2. Overview of OrIANNA. Our proposed unified pose representation facilitates the transformation of various optimization-
based robotic algorithms into factor graph inference. Based on the unified pose representation, users can implement diverse
robotic algorithms to build their application using ORIANNA factor graph library. Afterward, the OrRIANNA compiler translates
high-level programs into detailed matrix operations that run on a generated accelerator under user-specific constraints.

of order to burst performance. Our design achieves fine-
grained parallelization instead of simply stacking hardware
resources.

We demonstrate a prototype on a Xilinx Zyng-7000 SoC
ZC706 FPGA[64]. ORIANNA generates accelerators for var-
ious real robotic applications, including mobile robots, in-
dustrial manipulators, autonomous vehicles and quadrotors.
Each application contains multiple optimization-based algo-
rithms. We show that ORIANNA is able to generate accelera-
tors that achieve an average performance improvement of
6.5%, and an average energy reduction of 15.1X compared
to an advanced Intel CPU. Compared to a commonly used
embedded GPU, ORIANNA achieves 28.6X performance im-
provement on average and achieves 12.3X energy reduction.
When compared to state-of-the-art accelerators, the Ori-
ANNA accelerator achieves comparable performance while
consuming only 36.1% of hardware resources. In summary;,
this paper makes the following contributions:

e We observe that existing accelerators for robotic appli-
cations either lack significant performance improve-
ment or incur significant NRE costs and waste tremen-
dous hardware resources. We propose to utilize factor
graphs as a common abstraction to generate hardware
accelerators for robotic applications automatically that
can achieve high efficiency as dedicated accelerators
while maintaining low hardware costs.

e We propose a unified mathematical representation for

robot pose that is well-suited to formulate multiple

optimization-based robotics algorithms into a factor
graph inference.

We design a flexible factor graph software library that

allows users to customize their own optimization-based

robotics algorithms. We provide implementations for
common factors and allow users to extend their cus-
tomized factors.

e We design a compiler that translates the user program
into low-level and detailed instructions. The compiler,
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along with the software library, saves efforts for hard-
ware designers to map optimization-based robotics
programs into a hardware accelerator.

e We are able to generate an accelerator for a complex
robotic application and optimize the accelerator under
the given hardware resource constraints. We prototype
it on a Xilinx Zynq FPGA and show the comparison
between state-of-the-art accelerators.

2 Background

We begin by introducing the nonlinear optimization prob-
lems in robotic applications (Sec. 2.1) and then present factor
graphs, highlighting their connections (Sec. 2.2).

2.1 Nonlinear Optimization in Robotics

Nonlinear optimization refers to the process of finding the
optimal values of a set of variables, trying to minimize or
maximize a nonlinear objective function [6]. One can often
describe it using Equ. 1.

x* = argmin | £ (x) (1)
The vector x denotes the variables to be optimized, e.g., robot
states, and a function f(x) whose result is a vector represents
the error function, e.g., errors between ideal sensor models
and actual observations. The example objective here is to
find the optimal solution x* that minimizes the 2-norm of
the error.

Nonlinear optimization is widely used in all kinds of robotic
applications. For instance, in most localization algorithms,
the objective is to estimate the precise poses of robots by
minimizing the disparity between sensor measurements and
a reference model [52]. Planning, on the other hand, entails
determining an optimal trajectory considering factors such
as path length, smoothness, and obstacle avoidance [37]. In
many control algorithms, the goal is to minimize the error be-
tween the executed path and the reference path by adjusting
the control signals input to the robots [28].

Solving nonlinear optimization problems requires an iter-
ative process of constructing and solving linear equations.
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Fig. 3. Gauss-Newton nonlinear optimization process. The
optimization starts with an initial value x;,;; and iteratively
constructs and solves a series of linear equations AA = b.
The solution A of linear equations is used to update x;jp;;
until convergence.

Fig. 3 shows widely employed Gauss-Newton approach in
solving nonlinear optimization problems [6]. The method
first constructs linear equations by calculating the deriva-
tives A of the error function f(x) with respect to the variables
x, as well as errors b. Subsequently, it solves the linear equa-
tions AA = b which includes applying matrix decomposition
techniques such as QR decomposition [14] to formulate an
upper-triangular matrix and back substitutions. The result
A will update the initial point x;,;; until convergence, which
occurs when the error becomes smaller than a pre-defined
threshold or when the maximum number of iterations is
reached. In the end, the optimal solution x* is obtained.

2.2 Solving Nonlinear Optimization Using Factor
Graphs

Factor graph serves as an effective graphical representa-
tion employed in large-scale optimization problems in robot-
ics [9]. Specifically, it can be used in solving linear equations
AA = b in nonlinear optimization problems. A factor graph
is a bipartite graph comprising two types of nodes: variable
nodes and factor nodes [25]. Variable nodes represent a set
of variables to be optimized and factor nodes represent the
constraints among the connected variable nodes.

There exists a direct connection between a factor graph
and the coefficient matrix A and the right-hand side (RHS)
vector b of the linear equations. Specifically, each factor node
aligns with a block row in A and b, and every variable node
corresponds to a subset of the solution vector A.

Fig. 4 illustrates the correspondence between a factor
graph and the linear equations AA = b in localization algo-
rithms. In this example, the variable nodes x; to x5 represent
the robot poses, while y; and y, denote the landmarks. The
factor nodes f; to f; represent measurements from extero-
ceptive sensors, e.g., camera, while f; and f; denote measure-
ments from interoceptive sensors, e.g., inertial measurement
unit (IMU). Additionally, f; represents prior pose information.
The arrows between the factor graph and linear equations
indicate that factor f; corresponds to the last block row of
the coefficient matrix A and the RHS vector b.
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Fig. 4. Correspondence between factor graph and
optimization-based robotic localization algorithm. A mobile
robot utilizes sensor information from a camera and IMU
to estimate its poses and the positions of landmarks in the
environment (top). A factor graph can model the localization
algorithm (bottom left). There are two types of nodes. x; and
y; represent variable nodes and f; to f; denote factor nodes.
The factor nodes correspond to the coefficient matrix A and
the RHS vector b, while the variable nodes correspond to
the solution A to linear equations (bottom right).

In most robot algorithms, the coefficient matrix A is of
large dimension but exhibits high sparsity [9]. Directly solv-
ing such linear equations leads to significant time and re-
source overhead. However, the interconnections between
variables and factors within the factor graph authentically
capture the intrinsic structure inherent in the linear equa-
tions. Thus, a factor graph inference can help solve the linear
equations incrementally, effectively utilizing the underlying
sparsity.

The factor graph inference involves a graph traversal
along with incremental variable eliminations and back sub-
stitutions on the graph [11]. Fig. 5 illustrates the variable
elimination process as follows: With a given variable or-
dering, for each variable, the neighboring factors are first
extracted, and the rows in the coefficient matrix A and RHS
vector b contained within these factors are concatenated in a
row-major order to form a dense matrix A with smaller size.
Subsequently, a partial QR decomposition is performed on
A, transforming the dense matrix into an upper-triangular
one. Afterward, A is added back to replace the original rows
in A and b. Correspondingly, a new factor (f;) is added to
the graph.
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Fig. 5. The variable elimination process during factor graph
inference on variable y;. A small yet dense matrix A related
to the eliminated factor is formed and partial QR decom-
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and columns.
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Fig. 6. After eliminating all variables, an updated graph cor-
responding to an upper triangular matrix is obtained. The
solution A to the linear equations can be calculated by per-
forming back-substitutions on this graph. Arrows represent
the dependency of child variables on the values of their par-
ent variables during the back substitutions. For example,
solving x; requires the solution of xs.

Fig. 6 shows that, after performing variable eliminations,
the updated graph becomes an upper triangular matrix. Per-
forming back-substitutions on the updated graph starting
from the root gets the solution A to the linear equations.

2.3 Factor Graph Examples for Robotic Algorithms

The factor graph provides a powerful abstraction to robotic
applications. Besides localization, algorithms in the planning
and control domain can also be represented using factor
graphs. We show examples of planning and control factor
graphs.

Planning factor graph. Motion planning pursues a
smooth and collision-free trajectory for robot tasks [19, 31,
40, 71]. For planning factor graphs, variable nodes represent
trajectory states, and factor nodes indicate state probabil-
ity distributions. Factor graph inference aims for optimal
solutions maximizing overall probability. Fig. 7a shows the
topology for a standard planning algorithm in the form of a
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Fig. 7. Factor graph examples for different algorithms.

factor graph, optimizing for smoothness and collision avoid-
ance. Collision-free factors ensure safe distances with lower
probabilities near obstacles, while smooth factors minimize
fluctuations with higher probabilities for similar states.

Control factor graph. The control algorithm minimizes
the error between reference and actual states of robots by
solving optimal control input [20, 28, 38, 58, 65]. Fig. 7b
shows the factor graph for the control algorithm. Nodes rep-
resenting the oldest errors and control signals are on the left,
and the newest are on the right. The variable node represents
the reference-actual state error. The dynamic factor node
models robot dynamics, and the cost factor minimizes error
or control input cost. Factor graph inference tries to find
input variables achieving zero error in a finite step.

3 OriANNA Workflow

ORIANNA aims to utilize a factor graph as an abstraction
to generate hardware accelerators for optimization-based
robotic applications. The goal of ORIANNA is in two folds.
First, ORIANNA tries to relieve the effort from software de-
signers by providing unified mathematical representations
for robot pose (Sec. 4) along with a factor graph library
(Sec. 5.1) for users to design their algorithms and directly
transfer them into a factor graph inference. Second, Or1-
ANNA tries to relieve the effort from hardware designers by
providing a compiler (Sec. 5.2) to translate high-level pro-
grams into low-level instructions. The low-level instructions
consist of basic matrix operations. Finally, ORIANNA gener-
ates hardware and runs the instructions on the generated
accelerators (Sec. 6).
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ORIANNA factor graph library. The workflow for robotic
application designers to use ORIANNA is straightforward. Ap-
plication designers select the algorithms, such as localization
and planning, that they intend to use in the application and
program their code using the factor graph library we pro-
vide. The process includes adding different variable nodes
and factor nodes into an initially empty factor graph.

ORIANNA compiler. Because of the unified mathematical
representations we offer for describing robot pose, ORIANNA
compiler can seamlessly translate the high-level program
into low-level instructions by constructing and traversing
MO-DFGs (to construct the linear equations) and inferencing
factor graphs (to solve the linear equations).

ORrIANNA accelerator. ORIANNA generates hardware
based on the instructions from ORIANNA compiler and con-
straints from the application designers. We formulate the
hardware generation process as a nonlinear integer program-
ming problem (Sec. 6.2). The hardware generation process
generates an accelerator consisting of a set of matrix comput-
ing units, such as matrix multiplication and matrix decom-
position. During runtime, a controller schedules the instruc-
tions in an out-of-order way to boost performance (Sec. 6.3).
For example, a matrix multiplication operation inside the
localization algorithm and a matrix decomposition opera-
tion can happen at the same time as long as there is no data
dependency.

4 Unified Pose Representation

This section provides a unified robot pose representation
driven by improving compatibility and efficiency (Sec. 4.1).
We give the definitions for the unified pose representation
(Sec. 4.2) and offer an evaluation to validate its correctness
and highlight its benefits (Sec. 4.3).

4.1 Opportunities for Unified Pose Representation

Various forms of pose representation exist in the robot do-
main. Different algorithms may have different representa-
tions even in one robotic application, such as a mobile ro-
bot [8]. The localization algorithm may use a combination
of a 4-dimensional quaternion q and 3-dimensional position
vector T(3) [52]. However, the motion planning algorithm
can directly use special Euclidean groups SE(n) and their
Lie algebra se(n) to represent robot poses [40], where n de-
notes the dimension. The diverse pose representations result
in two limitations of generating an accelerator for robotic
applications.

Compatibility. The first limitation is that different math
representations for robot poses bring significant challenges
to use a common abstraction for different algorithms (e.g.,
factor graph) and build a general software framework and a
compiler to translate different algorithms into a consistent
set of instructions. This discrepancy arises due to distinct
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formulations of optimization objectives resulting from dif-
ferent pose representations, leading to variations in error
and derivative formulas. The crucial step in transforming a
non-linear optimization solving process into a factor graph
inference, i.e., linear equations construction (the yellow block
in Fig. 3), will also be different. For example, it is impractical
for a localization algorithm using q and T(n) and a planning
algorithm using SE(n) and se(n) to share the same program-
ming model and compiler when formulating a factor graph
inference.

An analogy of the utility of a common prose representa-
tion is the IEEE 754 standard. Prior to standardization, differ-
ent CPU vendors could design their own Arithmetic Logic
Units based on their own floating-point representation, and
software would be closely bonded with the hardware and not
transferable because of a lack of a common representation.

Efficiency. Many representations for robot poses are
designed for brevity in mathematical derivation and pro-
grammability instead of efficiency. For instance, SE(n) rep-
resentation pads zeros and ones under the concatenation of
rotation matrix SO(n) and translation vector T(n) [4]. Using
SE(n) can express two continuous Euclidean transforma-
tions with two variables, while it takes four variables when
using a rotation matrix and a translation vector.

However, adding ones and zeros introduces extra com-
putation in constructing and solving the linear equations
when optimizing the nonlinear objective. Specifically, when
using the SE(3) representation for a pose in 3-dimensional
space, certain operations involve 4-dimensional matrix mul-
tiplication and 6-dimensional exponential and logarithmic
mapping [4], which leads to more than 2X of extra multiply-
accumulate (MAC) operations compared to only using SO(n)
and T(n).

4.2 Unified Pose Representation

We propose to use a unified pose representation <so(n), T(n)>
to tackle the above challenges. Specifically, it utilizes so(n)

to represent the orientation and a vector T(n) to represent

the position. so(n) is the vector form of the rotation matrix

SO(n), which can be transformed into SO(n) using the expo-
nential mapping [4]. Equ. 2 defines addition and subtraction

operations for this representation:

& @ & = <Log(RiRy), t +Ryty>
& o0& =<Log(RiRy), RI(h—ty)> ()
R; =Exp(¢1), Ry =Exp(¢3)

where &, & belong to <so(n), T(n)>, ¢1, ¢2 belong to so(n),
Ry, R; belong to SO(n), and t;, t; belong to T(n). Exp(-)
and Log(+) are exponential and logarithmic mapping, respec-
tively, enabling transformation between SO(n) and so(n) [55].
By applying the unified pose representation <so(n), T(n)>
and treating operations @, © as primitive operations, we
can represent various complex robot kinematics using the
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Fig. 8. The transformation among three pose representations,
which include our proposed representation <so(3), T(3)>
(top left), Special Euclidean Group SE(3) (top right), and the
Lie algebra of SE(3) denoted as se(3) (bottom).

composition of these primitive operations. For example, lo-
calization and control algorithms commonly employ © to
calculate the deviation between actual observations and ideal
models [28, 54], while planning algorithms utilize @ to com-
pute the world coordinates of points on robot links [40].

4.3 Unified Pose Representation Validation

It has been proved that various pose representations can be
converted interchangeably [55]. We first show how different
pose representations are equivalent using two common pose
representations. We then validate that using <so(n), T(n)>
pose representation does not sacrifice any accuracy in a
localization example [16].

We show the equivalence among two common pose rep-
resentations and ours in Fig. 8. The transformation between
<s0(3), T(3)> and SE(3) is straightforward, involving the
exponential and logarithmic mapping between so(3) and
SO(3), which mainly consists of matrix multiplication, addi-
tion and matrix-vector multiplication. The transformation
between SE(3) and se(3) also involves exponential and loga-
rithmic mapping in higher dimensions, thus the computation
is more complex compared to the transformation between
s0(3) and SO(3). The transformation between <s0(3), T(3)>
and se(3) requires a linear mapping J € R**® over the posi-
tion component [55].

Besides showing how our new pose representation is
equivalent to existing representations, we also use a com-
plex benchmark that involves localization in a 3-dimensional
scenario for validation. The ground-truth trajectory forms a
sphere composed of multiple layers ascending from bottom
to top. Each layer should form a perfect circle. In reality,
the perfect circle will not be formed if we do not perform
optimization because of different kinds of sensor noise, as
we show in Fig. 9a.

We optimize the noisy trajectory using the <so0(3), T(3)>
pose representation and show the results in Fig. 9b. Tbl. 1
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(a) Initial trajectory obtained from a (b) Trajectory optimized using the
sensor with noise (the blue line). pose representation we propose (the
blue line).

Fig. 9. Trajectory accuracy comparison. Gray dashed lines
represent ground truth.

Table 1. Absolute trajectory errors (unit: meters) of
initial trajectory and pose-optimized trajectories using
<s0(3), T(3)> and SE(3) pose representation. Max denotes
the maximum trajectory error. Mean represents the average
trajectory error. Min shows the minimum trajectory error.
Std indicates the standard deviation.

| Max | Mean | Min | Std

Initial Error | 62.695 | 17.671 | 0.595 | 9.998
<s0(3), T(3)> | 0.036 | 0.007 | 0.000 | 0.005
SE(3) 0.037 | 0.007 | 0.000 | 0.005

presents the absolute trajectory errors. The average trajec-
tory error compared to the ground truth is a mere 7 mm. Com-
pared to the trajectory optimized using traditional SE(3), our
representation does not lose accuracy.

Moreover, employing <s0(3), T(3)> representation saves
significant overhead compared to existing approaches, par-
ticularly when compared to SE(3), as it avoids padding zeros
and ones, resulting in matrix operations with smaller size.
Specifically, we statistically save 52.7% of MAC operations.
We will use <so(n), T(n)> to represent robot poses in all
later sections.

5 ORIANNA Software Framework

We offer intuitive software frameworks to application de-
signers, allowing them to program different algorithms into
a factor graph inference easily. Traditional software frame-
work such as GTSAM [27] necessitates users to possess a
high level of expertise in the robotic domain. For example,
to implement a localization algorithm using GTSAM, the
users need to manually program the pose representation, the
sensor model, cost functions and analytical derivatives.
The goal of our software framework is twofold. First, we
aim to eliminate the need for software designers to manu-
ally calculate the coefficient matrix and RHS vector, as this
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Table 2. Type of factors supported in the factor graph library.

Factor Type ‘ Factor ‘ Algorithm
LiDAR, Camera, .
Measurement GPS, IMU, Prior Localization [52, 54]
Constraint Smooth, Collision-free,| Planning [40],
Kinematics, Dynamics Control [65]

process can be complex and varies among different algo-
rithms. Second, we seek to simplify the formulation of linear
equations solving into a factor graph inference. Finally, we
endeavor to automate the translation of high-level implemen-
tations into detailed matrix operations to facilitate program
execution on an accelerator.

To achieve this, we completely change the programming
model for optimization-based robotic applications. We first
provide a factor graph library (Sec. 5.1) where users can build
their applications by choosing different factors. Users are
also granted the flexibility to customize their own factors.
We abstract away all the mathematical details from the users,
such as constructing and solving linear equations. Instead,
these steps are seamlessly handled by ORIANNA compiler
(Sec. 5.2).

5.1 Factor Graph Library and Programming Model

ORIANNA provides users with a powerful and flexible factor
graph library. We summarize the type of factor nodes we sup-
port in Tbl. 2. The library includes a variety of factor nodes
organized into two categories. The first category includes
measurement factors derived from sensor observations such
as LIDAR measurements. The second class consists of various
constraint factors. For example, the kinematics constraint
factor can be utilized in both planning and control algorithms
to constrain the maximum speed limit of the robot.

Underlying these factors are different types of matrices
and vectors, whose complexity is hidden from the users.
For instance, a factor node represents camera observation
(e.g., fi in Fig. 4) corresponding to two matrix blocks with
dimensions of two rows and six columns and two rows and
three columns, respectively, along with one vector of length
two.

Programming model. Based on the factor graph library
we provide, the programming model for the users is com-
pletely changed. The users can program their robotic appli-
cation by gradually constructing a factor graph. To illustrate
this paradigm, we present an example of implementing a
localization algorithm into a factor graph [52]. Assuming
the sliding window has three keyframes and two landmarks,
as we show in Fig. 4.

#lLocalization graph

graph.add(CameraFactor(x1, y1, m1))
graph.add(CameraFactor(x2, y1, m2))
graph.add(CameraFactor(x3, y2, m3))

820

Yuhui Hao, Yiming Gan, Bo Yu, Qiang Liu, Yinhe Han, Zishen Wan and Shaoshan Liu

graph.add(IMUFactor(x1, x2, m4))
graph.add(IMUFactor(x2, x3, m5))
graph.add(PriorFactor(x1, p1))
graph.optimize()

Users start with an empty factor graph and gradually add
factor nodes and variable nodes to the graph. In this case,
the robot poses x are represented using <so(n), T(n)> repre-
sentation, and variables y indicate landmarks. The constants
m denote measurements from sensors.

The dimensions of variables x and y are determined by
the specific application. For instance, in the case of a drone,
the poses x are six-dimensional, where three dimensions
denote orientation and three dimensions represent position.
The landmarks y are three-dimensional, indicating position.
A camera measurement factor CameraFactor is added be-
tween y1 and x1 as the drone observes y1 at pose x1. The
variable m1 represents the observation of landmark y1 when
the robot is at pose x1, forming the pixel coordinates cap-
tured in factor f1 in Fig. 5. IMU factors IMUFactor are added
between adjacent pose variables (between x1 and x2, x2 and
x3) to integrate the acceleration and gyroscope measure-
ments. m4,m5 represent IMU observations. Finally, a prior
factor PriorFactor is added between x1 and previous pose
p1 to fix the absolute pose of the drone.

Customized factors. Users can extend customized fac-
tors by providing the error expression (f(x) in Equ. 1) to
OR1ANNA. For instance, if users want to incorporate a new
factor that is a constraints type to their applications, enforc-
ing constraints between two robot poses, they only need to
provide the error function as:

®)

where constant z;; represents the constraint, and x; and
x; are robot poses to be optimized. The symbol © is the
subtraction in our proposed pose representation, denoting
the difference between two poses. The ORIANNA compiler
automatically generates instructions for computing errors
and derivatives by analyzing the user-provided new factor
code (Sec. 5.2).

f(xi,x;) = (x; © %) © zi

5.2 ORrianNA Compiler

The OrRIANNA compiler manages two data structures: a factor
graph and a matrix operation data flow graph (MO-DFG) for
each factor node within the factor graph. Instructions are
then generated based on these data structures. The OrRIANNA
compiler follows the subsequent steps in its process. First,
Or1aNNA compiler will go through the user code to generate
a factor graph. Second, ORIANNA compiler analyzes the high-
level program to generate MO-DFGs for all factor nodes in
the factor graph. Next, it traverses the MO-DFGs forwardly
to generate instructions for constructing the RHS vector b of
the linear equations, and it performs backward propagation
on MO-DFGs to generate instructions for constructing the
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Table 3. Primitive operation types.

Operation | Description

VP Vector addition (subtraction)
RT Rotation matrix transpose
Log Logarithmic mapping of rotation matrix [12]
RR Rotation matrix multiplication
RV Rotation matrix-vector multiplication
Exp Exponential mapping of Lie algebra [12]
04 Skew-symmetric matrix
J:() Right Jacobian [55]
J71() | Right Jacobian inverse [55]
Vi
1 V+V, R . RT R . )
I R I (@)=

R
RV* @ RV (0] . R
R
zj. J(D)=1

\Y

Fig. 10. Primitive operations involved in robot kinematics
using our unified pose representation. The forward arrows
(black) depict the operation process, while the backward
arrows (blue) represent the differentiation process.

coefficient matrix A, which is feasible due to the chain rule
of differentiation [7]. Finally, ORIANNA compiler traverses
the factor graph to generate instructions for factor graph
inference.

MO-DFG. Based on the unified math representations
we propose in Sec. 4, we only have nine different primitive
matrix operations’ during forward traversal and backward
propagation on the MO-DFGs, as we show them in Tbl. 3.

Fig. 10 shows that each primitive matrix operation cor-
responds to a node in the MO-DFG?, where the forward
arrows of a node represent an operation on the operands,
and the reverse arrows indicate a derivative with respect
to the operands. For instance, the primitive operation of
rotation matrix multiplication is present in both addition
and subtraction operations in Equ. 2, corresponding to the
RR node. Forward arrows indicate the matrix multiplication
computation between R; and R,. Backward arrows repre-
sent the derivatives of the result with respect to R; and R,
yielding the transpose of R, and the identity matrix I [55],
respectively.

We use the example in Equ. 3 to illustrate the workflow
of OrRIANNA compiler on MO-DFGs. ORIANNA compiler gen-
erates the MO-DFG through two steps. First, by leveraging
Equ. 2, ORIANNA compiler transforms Equ. 3 to Equ. 4, which

1Regular matrix-vector multiplication can reuse the RV primitive.

ZPrimitive operations in Fig. 10 correspond to <s0(3), T(3)> in three-
dimensional space. In two-dimensional space, the primitive operations are
the same, except for slight differences in the results of back propagation [55].
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Fig. 11. MO-DFG generated for Equ. 4. A series of primi-
tive operations constitute a complex calculation. Forward
traversal on the MO-DFG yields the error instructions. Back-
ward propagation on the MO-DFG produces the derivative
instructions. For the sake of brevity, here is the entire er-
ror calculation process, as well as a part of the derivative
calculation process. Instructions within the same layer can
be executed in parallel since no data dependencies exist be-
tween them.

gives the error expressions for the orientation and position
components consisting of a series of primitive operations:
T pT
eo = Log(AR;;R; R;)

4)
ep = ARZ}(R;([} - tj) - Atij)

where AR;j, R; and R; (At;;, t; and t;) represent the rotation
matrices (translation vectors) of constraint and two poses,
respectively. Second, ORIANNA compiler goes through Equ. 4
to build a MO-DFG. Specifically, ORIANNA compiler will
generate the postfix expressions of Equ. 4 and parse the
postfix expressions using a stack data structure to get the
MO-DFG.

Fig. 11 illustrates the generated MO-DFG for Equ. 4. The
MO-DFG will be used to create coefficient matrix A and RHS
vector b. To generate b, ORIANNA compiler performs a for-
ward traversal (from left to right on Fig. 11) on the MO-DFG
to yield instructions for computing the error. To generate
A, ORIANNA performs backward propagation (from right to
left on Fig. 11) on the MO-DFG to produce instructions for
computing the derivatives. For instance, we can obtain the
derivative de,/d¢; of the orientation error with respect to
the orientation variable of pose j as —R R;. Due to the data
dependencies, we adopt the breadth-first search (BFS) to tra-
verse the MO-DFG in both forward and backward processes,
enabling the maximum parallel execution of the instructions.

Factor graph. Every factor node in the factor graph has
its own MO-DFG. After the instructions from each MO-DFG
are generated, ORIANNA compiler traverses the entire factor
graph in a given variable order to get the entire instruction
set for the matrix decomposition step (e.g., Fig. 5). This is
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Fig. 12. Overall hardware architecture.

the last step of ORIANNA compiler. Both instructions for
performing QR decomposition and back substitution are
generated at this stage. The instructions of QR decomposition
are generated through the given order of variable nodes as
we illustrated in Fig. 5. As the factor graph is constantly
updated every time one variable is eliminated, after the graph
is updated, ORIANNA compiler will traverse the new graph
with the same step to generate a new set of instructions
to eliminate the next variable. Finally, when the matrix A
becomes an upper-triangular matrix, the graph is fixed. We
generate the instructions of back substitution through the
reverse order as Fig. 6 at last.

6 Hardware Generation

This section presents the ORIANNA hardware. We first intro-
duce the basic OrR1ANNA hardware architecture (Sec. 6.1). Al-
though ORIANNA generates the accelerator through different
basic hardware templates, the ORIANNA software framework
allows to optimize the accelerator in two forms. First, as we
have accurate latency and energy estimations of different
basic matrix operations, we are able to customize the hard-
ware based on different user constraints (Sec. 6.2). Second,
we can provide both coarse-grained out-of-order execution
between different algorithms and fine-grained out-of-order
execution inside every algorithm (Sec. 6.3).

Notice that although the hardware generation relies on
pre-defined templates that we will describe in Sec. 6.1, the
novelty of our generation process can be summarized in two
folds. First, the connections between different circuit blocks
are automatically generated based on the dedicated data flow
of the matrix operations. Second, ORIANNA can find optimal
hardware configurations based on given resource constraints.
For example, given the hardware resource constraints, ORI-
ANNA could optimally determine how much should be used
to build a matrix decomposition unit and how much should
be used on a matrix multiplication unit.
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6.1 Template-based Hardware Generation

ORIANNA generates an accelerator capable of processing an
entire robotic application containing multiple algorithms.
We achieve it by relying on the factor graph inference as a
unified abstraction. The hardware is designed to implement
different basic matrix operations, such as matrix multiplica-
tion and decomposition. Thus, these basic blocks are gen-
erated through different templates. For example, for matrix
multiplication, we apply widely used systolic array archi-
tecture as our template. The matrix decomposition unit we
use is basic QR decomposition, which is similar to prior
works [19, 21, 36].

Fig. 12 illustrates the ORIANNA hardware architecture. It
consists of two parts, computing factors to construct linear
equations and solving them. We name them factor comput-
ing block and factor graph inference block. The first part
supports all the primitive matrix operations in Tbl. 3 and
the second part supports matrix decomposition and back
substitution.

The factors computing block starts with the current vari-
ables x;p;; (along with observations) as input to calculate the
error and derivative terms involved in the objective func-
tion by traversing the MO-DFGs (e.g., Fig. 11). The error and
derivative terms are stored in an on-chip buffer. The factor
graph inference block solves the linear equations utilizing
incremental QR decompositions and back substitutions. Each
step of this process involves solving a small and dense ma-
trix, taking advantage of the sparse structures in the linear
equations. After each iteration, the solution A is used to up-
date x;,;; to check whether the convergence requirements
are satisfied.

The simple hardware architecture can accommodate a
wide range of optimization-based robotic algorithms utiliz-
ing the unified pose representation and factor graph as an
abstraction. The only variation occurs in the factor com-
puting block, where distinct algorithms may yield different
primitive matrix operations after compilation.

6.2 Constraints-based Hardware Optimization

ORIANNA accelerators execute instructions which are basic
matrix operations generated by ORIANNA compilers. As we
have accurate estimations of the latency and energy con-
sumption of each instruction, we are able to optimize the
hardware to meet goals based on different kinds of con-
straints. Users can specify constraints such as available hard-
ware resources. They can also specify their goals such as
achieving lower average frame latency and solving long tail
problems by achieving lower maximum frame latency and
lower energy consumption.

We use an example of optimizing average frame latency
under limited hardware resources to illustrate the process.
In this case, the ORIANNA hardware generation process can
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be formulated as a nonlinear integer programming problem:

PT,P; . ,P:; = argmin L(p1, P2, ..s Pn)
PLD2 P (5)
s.t. R(p1,p2, ... pn) <R,

L(-) represents the computation latency. R(-) indicates the
hardware resource consumption, and R* denotes the max-
imum on-chip resources. py, ..., p, signifies the number of
replicated computation units employed for various matrix
operations.

At first, only one computation unit is instantiated for each
matrix operation block. To optimize the average frame la-
tency, ORIANNA identifies the critical path in MO-DFGs and
factor graphs, gradually increasing the number of computa-
tion units by solving Equ. 5. After adding one computation
unit hardware, OrRIANNA will check two things. First, it will
check whether the hardware resources limitation has been
violated to determine whether the process should continue.
Second, it will check whether the critical path changes to
determine how to solve Equ. 5 in the next step.

6.3 Out-of-Order Execution

One of the key advantages of using factor graph as a unified
abstraction for diverse robotic algorithms is that ORIANNA
is able to translate different algorithms into the same set of
matrix operations and allow both fine-grained out-of-order
execution and coarse-grained out-of-order execution. The
out-of-order instruction dispatching happens at both the
linear equations construction phase and the solving phase.

Fine-grained out-of-order execution inside one algo-
rithm. The out-of-order execution inside one algorithm can
occur at two places. First, instructions within the same MO-
DFG can be executed out-of-order as long as there is no data
dependency (e.g., RR and RV primitive operations in level
Ls in Fig. 11). Second, instructions belonging to different
MO-DFGs can be executed in an out-of-order way.

Coarse-grained out-of-order execution between dif-
ferent algorithms. ORIANNA enables out-of-order execu-
tion of instructions between different algorithms within a
robotic application. For example, instructions from localiza-
tion and planning algorithms, devoid of data dependencies,
can be executed out-of-order.

Considering that algorithms within a single robotic ap-
plication often have varying execution frequencies, such as
the planning algorithm exhibiting a much lower frequency
than the localization and control algorithms in an industrial
manipulator [39], the coarse-grained out-of-order execution
allows ORIANNA accelerators to achieve comparable perfor-
mance compared to state-of-the-art accelerators but with
significantly reduced hardware resources, as the ORIANNA
hardware is always fully pipelined.

Out-of-order in variable elimination and back sub-
stitution. After the linear equations are constructed, the
solving part also follows an out-of-order manner. During
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Table 4. Evaluation benchmark and node information (di-
mensions of variable nodes and types of factor nodes) in
factor graphs for different algorithms. The two numbers in
the control algorithm denote the dimensions of the state and
input variables, respectively.

‘ ‘Localization‘ Planning ‘ Control

MOBILEROBOT Variable dim 3 ‘6 3,2
Factor LiDAR |Collision-free Dynamics
GPS Smooth
Variable dim 2 4 2,2
MANIPULATOR —
Factor Prior Collision-free Dynamics
Smooth
AUTOVEHICLE Variable dim - 3 4 -6 . 5,2 -
Factor LiDAR |Collision-free[Kinematics
GPS Kinematics | Dynamics
QUADROTOR Variable dim 6 . .12 . 12,5 -
Factor Camera |Collision-free[Kinematics
IMU Kinematics | Dynamics

factor graph inference, ORIANNA employs a forward-looking
approach in the variable order. In variable eliminations, if
consecutive variables do not have common adjacent fac-
tors, it indicates that there is no data dependency between
the elimination of these variables, allowing for out-of-order
elimination. (e.g., variables y; and y; in Fig. 5). In back substi-
tutions, if consecutive variables share the same parent node,
it denotes that there is no data dependency between the back
substitutions of these variables, enabling out-of-order back
substitutions. (e.g., variables x, and y, in Fig. 6).

7 Evaluation

This section starts with a description of our experimental
setup (Sec. 7.1). Next, we present the accuracy results of ORI-
ANNA compared to the software implementation (Sec. 7.2).
We then evaluate the performance improvement and en-
ergy reduction achieved by ORIANNA compared to advanced
CPUs (Sec. 7.3). Additionally, we assess the performance
and energy gains achieved by OrR1ANNA when compared to
state-of-the-art accelerators (Sec. 7.4). Finally, we conduct a
hardware optimization analysis of ORIANNA (Sec. 7.6).

7.1 Evaluate Setup

Benchmark. We evaluate ORIANNA accelerator on four
robotic applications. Tbl. 4 describes the different applica-
tions and their nodes in factor graphs for various algorithms.
Specifically, MoBILEROBOT refers to a two-wheeled robot
moving on a two-dimensional plane [26]. MANIPULATOR rep-
resents a two-link robot arm [41]. AUTOVEHICLE denotes
a four-wheeled unmanned vehicle with car dynamics con-
straints [22]. QUADROTOR is a four-rotor micro drone [2].
For example, MOBILEROBOT has all three algorithms in the
pipeline. In the localization algorithm, the variable nodes rep-
resent three-dimensional poses, comprising two-dimensional
position and one-dimensional orientation. LiDAR factors and
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GPS factors are used to estimate robot pose. For the planning
algorithm, the variable nodes contain the robot pose (x, y, 9)
and velocities (X, 7, 0), contributing to a total of six dimen-
sions. Collision-free factors and smooth factors are used to
determine an optimal path. The variable nodes in the control
algorithm consist of two parts: a three-dimensional pose and
two-dimensional linear and angular velocities. Dynamics
factors are used to adjust control values.

Hardware setup. We synthesize the accelerator using
Vivado 2021.1 and implement it on the Xilinx Zyng-7000
SoC ZC706 FPGA [64]. The accelerator operates at a fixed
frequency of 167 MHz. We employ the Vivado power analysis
tool to estimate power consumption. All power and resource
utilization data are obtained after the successful completion
of the post-layout timing analysis.

Software setup. We implement all four benchmark appli-
cations using our proposed pose representation (Sec. 4) and
factor graph library (Sec. 5). We compare the results between
our implementation and a software implementation using
GTSAM [27] to get the accuracy metrics.

Baselines. We compare ORIANNA with six different base-
lines, which represent the state-of-the-art hardware solu-
tions to current optimization-based robotic applications.

e High-end desktop CPUs. We compare ORIANNA with
a high-performance 16-core Intel 11th generation i7-
11700 CPU that operates at 2.5GHz. We refer to Intel
in this section.

o High-end desktop CPUs with our new pose representa-
tion. We create a new software baseline using our pose
representation. We aim to demonstrate that although
our pose representation saves parameters and compu-
tation in theory, the software-only solution does not
provide enough performance improvement without
the co-design of ORIANNA hardware. We refer this
baseline to ORIANNA-SW.

e Lower power mobile CPUs. We compare ORIANNA
with a quad-core Arm Cortex-A57 processor on the
NVIDIA mobile Jetson TX1 platform [49] operates at
1.9GHz. We refer to ARM in this section.

e Embedded GPUs. We accelerate various robotic appli-
cations by leveraging an embedded NVIDIA Maxwell
GPU [49]. We implement the GPU baseline using the
cuBLAS library [47] to perform matrix operations dur-
ing linear equations construction and the cuSolverSP
library [48] which is built based on cuBLAS and cuS-
PARSE on matrix decomposition and back substitution
operations to solve the linear equations in a sparse
manner. We refer this baseline to GPU.

e Accelerator for dense matrix operations. We try our
best to implement a hardware that directly acceler-
ates matrix operations used in optimization problems.
This baseline is implemented using state-of-the-art
high level synthesis (HLS) techniques with manual
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Table 5. Success rate comparison between ORIANNA and
software implementation with [27].

Application | MoBILEROBOT | MANIPULATOR | AUTOVEHICLE | QUADROTOR
Software with [27] 100% 96.7% 100% 93.3%
ORIANNA 100% 96.7% 100% 93.3%

modifications. This baseline shares all the basic ma-
trix operation units with ORIANNA, such as using a
systolic array for matrix multiplication and using the
same QR decomposition template. The accelerator is
programmable but does not utilize a factor graph as
an abstract, thus it does not apply the sparse structure
we find. We refer to VANILLA-HLS in this section.
Accelerator utilizes factor graphs to accelerate indi-
vidual algorithms. We try our best to implement three
existing accelerators that utilize factor graphs to accel-
erate different algorithms for localization [21], plan-
ning [19] and control [20]. As they do not share any-
thing in common in pose representation, software
framework and hardware architecture, we stack them
together to compare with ORIANNA. We refer them to
STACK in this section.

ORIANNA Variants. We provide two variants of ORI-
ANNA. ORIANNA-IO executes instructions in an in-order way
and ORIANNA-O00O performs out-of-order executions.

7.2 Accuracy

We first show the accuracy comparison between ORIANNA
and the software implementation using [27] in Tbl. 5. As
each application contains more than one algorithm, we use
the mission success rate as the metric here. For instance, in
MoBILEROBOT, a mission is considered successful if it can
navigate from the starting point to the destination location
within the specified time and along the planned path.

It can be seen that with the unified pose representation
and new programming model, ORIANNA achieves the same
success rate compared to the software using [27].

7.3 Performance and Energy Consumption

We compare the average latency to show the improvement
ORIANNA provides on performance. Fig. 13 illustrates the
speedup of ORIANNA compared to other baselines. We nor-
malize the latency to ARM. Accelerating robotic applications
with an embedded GPU does not improve the performance
significantly. The performance of GPU is only 2.03X com-
pared to ARM. We notice that although the performance
of the linear equations construction process can be largely
improved (up to 4.8X), the total performance improvement
of using GPU is not significant, even when we treat all the
matrices as sparse ones and accelerate the baseline using
libraries designed for sparse matrix operations. We think the
fundamental reason is that the linear equations construction
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The average speedup brought by
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is 3.4x across different applications,
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brought by Or1ANNA-O00 is 15.1% across dif-
ferent applications, with a standard deviation of

OrI1ANNA-O00 and  ORIANNA-IO  has
same resource consumption. On average,
ORIANNA-O00 saves 20% of the hardware
resource compared to VANILLA-HLS and 64%

for STACK.

Fig. 16. Comparison between ORIANNA and state-of-the-art accelerators.

process only takes up to 16% of the total latency and for the
majority of the latency that is spent on matrix decomposi-
tion and back substitution, the speed up is not significant
due to the reason that the sparsity in the matrix operation
is non-structural. ORIANNA-SW shows that applying our
pose representation in software only results in less than 10%
performance improvement, which means the potential of
new pose representation itself can not be fully utilized in
software, making hardware acceleration necessary. On av-
erage, ORIANNA-O00O demonstrates a significant speedup of
53.5% over ARM, 6.5x over Intel and 28.6x over GPU. Exe-
cuting instructions out-of-order has a significant impact on
performance. ORIANNA-O0OQ has an average 6.3X speedup
compared to ORIANNA-IO.

Fig. 14 presents the energy reduction achieved by the
ORIANNA accelerator. ORIANNA-O00Q achieves an average
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energy reduction of 15.1X over the Intel, 3.4x over the ARM
and 12.3% over the GPU. Compared to ORIANNA-IO, the out-
of-order design ORIANNA-O0O has a 2.2X energy reduction.
This can be attributed to the fact that ORIANNA-O0O allows
more data to be stored on-chip and reused, saving energy on
data movement.

Fig. 15 shows the breakdown of speedup in each algo-
rithm across various applications. Compared to the ARM,
the ORIANNA-O0O achieves an average speedup of 48.2X,
50.6%, and 60.7X in localization, planning, and control al-
gorithms, respectively. Particularly, the speedup in control
algorithms stands out due to the optimization problems in
these algorithms typically having the highest dimensions
of optimization variables, enabling more aggressive parallel
execution of instructions.
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We further show the breakdown of the latency in each
matrix operation in ORIANNA accelerators. In the example
of the drone application, the most time-consuming part is
matrix decomposition, which takes 74.0% of the total latency.
Constructing matrix A and RHS vector b with the matrix
operations we show in Tbl. 3 takes 16.0% of the total latency
and back substitution consumes the last 10.0% of the latency.

7.4 Comparison between ORIANNA and
State-of-the-art Accelerators

We also compare ORIANNA with existing state-of-the-art ac-
celerators. Fig. 16a shows the speedup obtained with different
accelerators compared to Intel and Fig. 16b demonstrates the
energy reduction. ORIANNA-O00O achieves 25.6X speedup
and 27.5X energy reduction compared to VANILLA-HLS. The
reason is that by utilizing factor graph as an abstraction,
OrI1ANNA-O00 fully exploits the existing sparse structure
lies in optimization-based algorithms, avoiding wasting com-
putation on zero elements.

STACK achieves the highest speedup (6.6 compared to
Intel) as it stacks three accelerators, each with a tailored ar-
chitecture designed for individual algorithms. ORIANNA-O0O
achieves comparable performance (only 1% higher latency)
compared to STACK but reduces 2.9 energy consumption.
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Using one abstraction to accelerate multiple optimization
algorithms significantly reduces the hardware resources Ori-
ANNA consumes. Fig. 16¢ presents the resource consumption
of the three accelerators. Among them, STACK consumes
the most resources as it stacks three different accelerators.
Although utilizing factor graph as an abstraction, STACK
still consumes 3.4x LUT, 3.0x FF, 3.2x BRAM and 2.0x DSP
compared to ORIANNA-O0O. The reason is that with the com-
mon abstraction and unified pose representation, ORIANNA
compiler translates different algorithms into the same set of
instructions that run on the same accelerator.

7.5 Benefits of Using Factor Graph

One of the major reasons ORIANNA has better performance
and lower energy consumption compared to other robotic
accelerators is that we utilize the factor graph abstraction to
exploit the existing sparsity and solve the problem incremen-
tally. Thus, a huge sparse matrix decomposition is divided
into multiple small yet dense matrix decompositions.

Fig. 17 shows a mobile robot application as an example to
demonstrate that ORIANNA does significantly reduce the size
of the matrix operations and Fig. 18 shows that OrRIANNA
increases the density of the matrix operations. The original
size in localization is 147 X 90, while the density is only 5.3%.
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On average, ORIANNA reduces the size of matrix operations
by 11.1x and improves the density to 58.5%.

The situation is similar in planning and control. When
using factor graph as the abstraction, the largest matrix size
in planning is only 41 X 12, which is 12.2x smaller compared
to VANILLA-HLS, while the density improves by 10.8x. The
data is 16.4% and 22.6X for control algorithms.

7.6 Hardware Optimization Analysis

ORIANNA can generate accelerators under given hardware
resource constraints provided by users. With an accurate esti-
mation of the latency and energy consumption of each matrix
operation, we formulate the accelerator generation process
into a constraint optimization problem. Fig. 19 compares
generated accelerators and manually designed accelerators
when the number of DSPs is constrained. ORIANNA shows
the best performance under the same constraint.

We further show another example of generating accelera-
tors to minimize energy consumption under specific hard-
ware constraints. Fig. 20 shows a similar trend that ORIANNA
is able to generate accelerators that consume less energy
than all other manually designed ones.

8 Related Work

A line of research works has been focusing on accelerating
robotic applications. We list a few representative ones in
Tbl. 6. There are mainly two directions.

Dedicated robotic accelerators. Prior works on accel-
erating different robotic algorithms such as localization [3, 5,
15, 17, 21, 30, 34, 35, 56, 57, 66, 69, 70], planning [19, 23, 29,
31, 42-44] and control [20, 32, 68] usually design a dedicated
accelerator with emphasis on one or one type of algorithms.
Or1anNA differs from prior works in mainly two aspects.
First, ORIANNA targets to build accelerators for a robotic
application that may contain multiple optimization-based
algorithms instead of one individual algorithm. Second, Ori-
ANNA tries to generate an accelerator from the software input
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Table 6. Representative works on robotic accelerators.

Representative works‘ Application ‘ Algorithm ‘Generation
Drone, Manipulator,
RoboX [53] Vehicle, Mobile robot Control No
Navion [56] Drone Localization No
Hadidi [18] Drone Localization No
Robomorphic [46] Manipulator Control Yes
. Localization,
AutoPilot [24] Drone Planning, Control Yes
Archytas [36] Drone, Vehicle Localization Yes
ORIANNA Drone, Manipulator, | Localization, Yes
Vehicle, Mobile robot|Planning, Control

of the users instead of manually designing the hardware. Our
framework allows users to focus only on high-level options
such as the type of sensor inputs and constraints when build-
ing up a robotic application.

Hardware generation. Hardware accelerator genera-
tion is another direction in designing dedicated accelera-
tors [36, 45, 46, 53]. Sharing a similar motivation with us
that HLS could not generate high-performance processors in
one specific domain, DSAGEN [63] tries to generate spatial
architectures where a systolic array accelerator for matrix
multiplication is a concrete example. Our work specifically
focuses on optimization-based robotic applications, which
contain more matrix operations such as rotation matrix trans-
pose and matrix decomposition. We do not generate the
detailed architecture for each matrix operation kernel but
rather try to find the best combination of them, which al-
lows DSAGEN and our work to be used together. Also, unlike
prior works that rely on a data flow graph (DFG) or a macro
data flow graph (M-DFG), ORIANNA uses factor graphs as
a common abstraction to generate hardware accelerators.
The unique connection between factor graph inference and
non-linear optimization solving allows us to translate com-
plicated robotic algorithms into basic matrix operations, thus
enabling template-based hardware generation.

9 Conclusion

This paper proposes an accelerator generation framework
for robotic applications with multiple optimization-based
algorithms. With the proposed unified pose representation,
ORIANNA is able to formulate different robotic algorithms
into a factor graph inference and translate them into ba-
sic matrix operations. The out-of-order execution of basic
instructions on the generated hardware helps OrRIANNA to
achieve similar performance compared to state-of-the-art ac-
celerators stacking together, but with much lower hardware
resources utilized.
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