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Abstract—Immersive virtual reality (VR) experiences depend
on the seamless coordination of visual and auditory feedback
under tight latency constraints. While decades of research have
refined real-time graphics pipelines, low-latency sound spatial-
ization remains computationally intensive and relatively under-
explored, despite its equal importance to user presence. Auditory
perception is highly sensitive to head orientation, environmental
acoustics, and timing precision. On compact, resource-limited
head-mounted displays (HMDs), the heavy computational work-
load often causes spatial audio to lag behind visual rendering,
degrading perceptual realism and user comfort.

We present ECHO, an efficient head-orientation-guided frame-
work for real-time sound spatialization that leverages natural
head dynamics to reduce redundant computation. ECHO dynam-
ically combines audio sources based on the listener’s orientation
and co-optimizes head pose estimation algorithms with hardware
for low-latency performance. Integrated as a plug-in within
VR HMD SoCs, ECHO achieves up to 2.91× lower sound
spatialization latency while maintaining high-fidelity auditory
realism across diverse acoustic environments.

I. INTRODUCTION

Virtual Reality (VR) is revolutionizing the way we interact
with digital content. It enables users to engage with simulated
environments in ways that closely mirror real-world inter-
actions, enhancing presence, understanding, and engagement.
These technologies are increasingly important across a wide
range of sectors, from entertainment and gaming [18], [19],
[115] to education [27], [39], [42], [63], healthcare [48], [71],
[78], [83], and beyond [50], [66]. Rendering, whether visual,
audio, or multimodal, is arguably one of the most critical
applications in VR, as it directly determines the quality of the
immersive experience. To provide a seamless and responsive
user interaction, these rendering tasks must be completed
within strict latency requirements. However, the high com-
putational demands of delivering high-fidelity rendering often
surpass the capabilities of current hardware, especially in
compact and resource-limited VR HMDs. Among the various
forms of rendering, image rendering has been extensively
studied in VR systems, with numerous advanced techniques
having been developed to improve visual realism [24], [31],
[34], [45], [70], [96], [97], [103], [105].

In contrast, sound spatialization (SS) transforms source
audio into the binaural signals that would reach the listener’s
ears at a given position and orientation, explicitly modeling
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Fig. 1: (a) Sound Spatialization in VR. (b) Stages of SS.

how sound propagates through the environment. This process
links room acoustics and source layout to the listener’s motion,
and it is critical for immersion and spatial awareness in
AR/VR [49]. Although computationally intensive, SS has not
received the same level of architectural attention. An overview
is provided in Figure 1 (a). A collection of audio assets and
the source signal are rendered according to the user’s position
and the spatial configuration of the scene, producing the final
perceived binaural audio signal. In contrast to conventional
audio rendering, which primarily focuses on decoding, mixing,
panning, and simple reverberation effects, SS must account
for complex acoustic factors such as scene geometry, surface
materials, occlusions, reflections, and reverberation. These el-
ements jointly determine how sound waves reach the listener’s
ears and significantly increase the computational cost.

The SS is continuously driven by active audio sources in
the scene, and incorporates the latest user pose estimates to
spatialize the audio, as shown in Figure 1 (b). In the sensing
stage, data is collected from sensors such as inertial measure-
ment units (IMUs) and cameras. The pose estimation stage
uses this data to estimate the user’s six-degree-of-freedom
(6DoF) head pose, both position and orientation, in real time.
After that, audio rendering produces binaural audio based
on this pose and the spatial arrangement of audio sources.
Finally, the binaural audio signal is converted into analog
signals via a Digital-to-Analog Converter (DAC) and delivered
to the headphones. The end-to-end latency, also known as
the motion-to-sound latency [68], must remain below 50-60
ms to preserve immersion [13], [108].

To analyze the computational cost of these stages, we profile
their latency on the Nvidia Jetson Orin NX 16GB’s edge
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Fig. 2: (a) Total latency with different numbers of audio
sources. (b) Depending on the head pose, nearby audio sources
can be grouped together as a single source.

CPU [17], which has been frequently used in prior work
to model rendering performance in VR devices [36], [38],
[75], [86], [109], [112], [113]. For pose estimation, we adopt
ORB-SLAM3 [14], a Simultaneous Localization and Mapping
(SLAM) framework recognized for robustness and accuracy,
which we use as a representative of commercial VR [67]
tracking pipelines. We assume an indoor environment with
room dimensions of 50 m in length and width, and 5 m in
height, resembling a typical conference room. Audio rendering
is performed using the Pyroomacoustics library [89] with the
image source method (ISM) [1], simulating varying numbers
of randomly placed audio sources in the room, consistent with
the setup used in prior work [77]. As shown in Figure 2 (a),
pose estimation and audio rendering dominate the end-to-end
delay. The ORB-SLAM3 tracking module alone introduces
roughly 51 ms of latency, and when combined with the
audio-rendering workload, the total SS latency far exceeds
the threshold to preserve immersion. Although the algorithmic
complexity of multi-source rendering is approximately linear
in the number of sources, deviations from linearity can arise
from hardware and runtime effects that increase the effective
per-source cost as the source count grows, such as cache
and bandwidth contention. This underscores the need for
acceleration on resource-constrained VR headsets.

In addition to pose estimation latency, audio rendering is
also a major contributor to overall delay. Prior work has
leveraged this perceptual characteristic to enable acoustic
foveation [77], [90], [100]. Human auditory perception is
inherently spatial and is strongly in�uenced by the listener's
head position and orientation. As audio sources move farther
from the central azimuth, spatial resolution decreases, which
reduces sensitivity in peripheral regions. The audio sources
in areas of lower perceptual importance, as determined by
head pose, can be grouped and rendered as a single source by
summing their source audio signals. As illustrated in Figure 2
(b), the six audio sources in Figure 1 (a) are clustered into four
groups. This perceptually informed simpli�cation lowers the
computational cost of audio rendering by reducing the number
of distinct audio sources, while maintaining spatial accuracy
in the regions most critical to human perception.

Motivated by this, in this work, we address the high
computational cost of real-time SS in VR with an Ef�C ient
Head-Orientation-guided Sound Spatialization (ECHO). As
shown in Figure 3, ECHO co-optimizes pose estimation, audio

Fig. 3: An overview of ECHO framework.

rendering, and the underlying hardware platform to achieve
ef�cient SS in VR. Our key contributions are summarized as
follows:

� We reduce SS overhead by exploiting natural head dy-
namics, combining audio sources based on head orienta-
tion, and applying algorithm and hardware co-design for
better ef�ciency.

� To increase the prediction frequency of the pose estima-
tion, ECHO incorporates a lightweight neural network to
process IMU data at extremely low cost. Additionally, we
propose a feature point �ltering and quantization method
to accelerate the tracking process.

� We also propose a hardware accelerator to shorten the
long-latency pose estimation stage. Integrated as a plug-
in within VR HMD SoCs, the ECHO accelerator reduces
overall SS latency by up to 2:91� while preserving high-
quality auditory experiences.

II. BACKGROUND AND LITERATURE REVIEW

A. Audio Rendering in VR

As shown in Figure 2 (a), audio rendering is a core compo-
nent of the SS pipeline. The detailed architecture, illustrated
in Figure 4, comprises three stages [15], [64], [88], [90], [91]:
Sound Propagation, BRIR (Binaural Room Impulse Response)
Generation, and Auralization.

Sound Propagation models how sound waves travel through
the environment before reaching the listener's ears [65], [81],
[88], [90], [91]. It is typically implemented using the Image
Source Method (ISM) [1], [33], [52], [53], which mirrors audio
sources across scene boundaries to ef�ciently approximate
early re�ections in indoor spaces. The system computes room
impulse responses (RIRs) by simulating propagation based on
listener pose, source location, and scene geometry and materi-
als [15], [64], [91]. This simulation accounts for key acoustic
phenomena including re�ection, diffraction, and reverberation
to derive the transfer paths between source and listener.

In the BRIR Generation stage, room impulse responses
(RIRs) are converted into binaural room impulse responses
(BRIRs) using listener-speci�c or generic head-related transfer
functions (HRTFs) [9], [64], [89], [91]. This step models sound
�ltering by the head, torso, and ears, producing distinct left-
and right-ear responses. HRTFs are commonly categorized as
far-�eld or near-�eld [12], [28], [32], [62]. In the Auralization
stage, source audio is convolved with BRIRs to generate
spatialized signals [4], [7], [99], [106]. For sources at different
positions, all three stages must be executed independently,
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so rendering cost increases with the number of sources [90],
[91]. In acoustic foveation, nearby sources can be mixed and
processed once to reduce overall computation [77].

B. Pose Estimation in VR Environment

Head pose estimation in VR [40], [51], [107] is funda-
mental for immersion and interactivity. Accurate real-time
tracking ensures high-quality spatial audio with correct bin-
aural cues [90], as illustrated in Figure 4. To achieve re-
liable pose estimation, numerous SLAM-based approaches
have been developed, providing marker-free inside-out 6DoF
tracking. Early visual SLAM systems such as PTAM [47]
and LSD-SLAM [21] demonstrated real-time performance
through feature-based and direct mapping techniques. Vi-
sual–inertial methods including MSCKF [72], OKVIS [54],
VINS-Mono [80], HybVIO [93], and ORB-SLAM3 [14] fur-
ther improve robustness under rapid motion by fusing inertial
measurements with visual features.

Among these methods, ORB-SLAM3 [14] has gained wide
adoption due to its strong performance. As shown in Figure 5,
the framework consists of three main components: the tracking
module, the local mapping module, and the loop closure
module. ORB-SLAM3 integrates these components into a
uni�ed, multi-threaded pipeline that extends prior SLAM
designs. The core tracking thread processes every incoming
frame by performing ORB feature detection across an image
pyramid [85], descriptor matching, PnP-based local-map track-
ing (LM tracking) [73], IMU preintegration, pose estimation,
and new keyframe decision [14]. In VR systems, the latest
pose estimate from this thread is used directly, making its
per-frame latency the fundamental limit on tracking frequency.
In contrast, the local mapping and loop closure modules run
asynchronously on separate threads and are activated only
under speci�c conditions (e.g., keyframe insertion or loop
detection). As back-end optimization stages, they execute
intermittently and do not affect real-time tracking latency.

To study the computational cost of each component, we
evaluated ORB-SLAM3 on Jetson Orin NX [17] with Aria
Everyday Activities Dataset (AEA) [22], [61]. The dataset
provides monocular grayscale images with a resolution of
480 � 640 at 10 Hz and IMU data sampled at 1000 Hz
in AR/VR scenarios. Latency was measured across three
representative sequences, totaling approximately 6000 image
frames. The measured latencies were then averaged to obtain a
representative estimate of per-frame tracking performance. As
shown in Table I, ORB extraction and local map (LM) track-
ing are the primary sources of latency, together accounting
for over 95% of the total tracking time. Therefore, optimizing
these two processes is essential.

C. SLAM Hardware Acceleration for VR

A number of systems have explored accelerating SLAM
on resource-constrained platforms. eSLAM [57] of�oads ORB
feature extraction and matching to an FPGA, achieving sig-
ni�cant speedups and energy savings, but its design targets

mobile robots rather than VR headsets. Eudoxus and Archy-
tas [29], [58] extend this idea to autonomous machines by
accelerating common localization primitives and synthesiz-
ing specialized accelerators, yet their focus remains robotic
navigation and does not account for the tight motion-to-
photon or motion-to-sound requirements of immersive VR.
SlimSLAM [8] introduces an adaptive runtime that tunes
visual–inertial odometry parameters across heterogeneous pro-
cessors, improving speed without modifying the hardware
datapath. SuperNoVA [46] targets back-end factor-graph in-
ference and co-designs hardware and runtime for resource-
aware SLAM, using AR datasets primarily as representative
workloads rather than optimizing a head-tracked VR pipeline
within a �xed SoC. In contrast, ECHO explicitly targets VR
HMDs and co-optimizes a lightweight plug-in accelerator
together with its integration into the graphics and spatial-
audio pipeline, ensuring that head-tracking latency meets VR-
speci�c motion-to-sound constraints.

D. Sound Spatialization in VR System

A typical VR HMD [22], [67] features a compact stacked
architecture that integrates multiple sensors and compute com-
ponents, including a CPU, GPU, and memory subsystem, as
illustrated in Figure 6 (a). The device incorporates an IMU for
motion sensing, a SLAM camera for capturing high-resolution
environmental images, and additional sensors such as eye-
tracking cameras and microphones. To track user movement,
the SLAM camera and IMU capture visual and inertial data,
which are stored in DRAM and processed by the CPU to run a
real-time pose estimation algorithm (e.g., ORB-SLAM3). The
resulting pose estimates are then used by the CPU or GPU
to render graphics or spatial audio, enabling an immersive
experience in the virtual environment.

In real-time systems, source audio is generated and seg-
mented into �xed-length blocks, typically 5–20 ms [101]. Each
block is rendered using the latest head pose and processed
through the pipeline in Figure 6 (b). Here, SM and SI

denote monocular SLAM image capture and IMU sensing,
respectively, while PE represents pose estimation. Let TIN be
the interval between consecutive sensor captures. Stage R1

performs sound propagation and BRIR generation and writes
the results to a buffer, while stage R2 reads the buffered BRIRs
and executes auralization. During operation, inputs from SM

and SI are processed by PE to estimate the current pose,
which is then consumed by R1. In parallel, audio blocks
arriving every TA are processed by R2, which uses the most
recently generated BRIRs for auralization. These stages are
pipelined to improve steady-state throughput, but pipelining
does not shorten the end-to-end motion-to-sound critical path.
The motion-to-sound latency Tm-s is de�ned as the time
between a user's movement and the moment the headphones
output sound re�ecting that movement. It is given by:

Tm�s = T IN + T S + T P + T R1 + T R2 + T O (1)

where TS , TP , TR1 , TR2 , and TO denote sensing, pose esti-
mation, sound propagation and BRIR generation, auralization,
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Fig. 4: The steps of the audio rendering process. Fig. 5: Overview of ORB-SLAM3.

ORB Extraction 23.92
IMU Preintegration 0.45
Pose Estimation 1.81
LM Tracking 24.09
New KF Decision 0.23

Total Tracking (ms) 50.49

TABLE I: Latency breakdown
of ORB-SLAM3 tracking.

Fig. 6: (a) The architecture of VR HMD. (b) Asynchronous
BRIR generation and auralization.

and audio output latency. In practice, TS and TO are small (a
few milliseconds) [22], [98]. TR1 is typically much larger than
TR2 because it must perform sound propagation and generate
BRIRs for all active sources, while TR2 mainly performs
convolution with the computed BRIRs. As shown in Figure 2
(a), TP , TR1 , and TR2 dominate total latency, while TIN
adds overhead based on pose estimation frequency. We next
describe how ECHO accelerates each component.

III. ECHO ALGORITHMS

As shown in Table I, ORB extraction and LM tracking dom-
inate pose estimation latency. We next introduce techniques
to accelerate these stages (Sections III-B–III-D), followed by
audio rendering acceleration in Section III-E.

A. Preliminary

We �rst review the key details of ORB-SLAM3 shown in
Figure 5. The high latency of ORB [85] extraction stems
from multi-scale feature detection and orientation assignment.
For each input frame, an 8-level image pyramid is built by
iteratively downsampling the original image, enabling scale-
invariant feature detection. At each level, the image is par-
titioned into non-overlapping 35 � 35 pixel cells, and the
FAST [84] corner detector scans every pixel, comparing its
intensity I(p) against those of 16 surrounding pixels. A pixel
is classi�ed as a corner if n � 12 consecutive neighbors are all
signi�cantly brighter or darker than I(p). Each detected corner,
as a 2D keypoint, is then assigned a dominant orientation based
on the intensity moments of its local patch to ensure rotation
invariance. Exhaustive per-pixel operations across the pyramid
make this step highly time-consuming.

Another major computational bottleneck is LM tracking,
which re�nes the head pose by matching current-frame fea-
tures to 3D map points. As shown in Figure 5, an estimated
pose is �rst initialized using IMU preintegration and pose

estimation, then a set of nearby keyframes are selected, and
2D–3D correspondences are established by matching BRIEF
descriptors [85] between current-frame 2D keypoints and 3D
map points, followed by RANSAC [26] to reject outliers. The
user's head pose is parameterized by rotation R 2 R3�3 and
translation t 2 R3 in six degrees of freedom. The re�ned pose
is obtained by minimizing the reprojection error [74]:

min
R;t

X

i

kr i k
2 = min

R;t

X

i

ku i � �(Rx i + t)k 2 (2)

where xi is the i-th 3D map point in the world frame, ui 2
R2 is its corresponding 2D keypoint, and �(�) is the camera
projection function. The term Rxi + t = x c

i represents the
transformation from the world frame to the camera frame.

In VR devices, SLAM cameras often employ �sheye lenses
with strong radial distortion, necessitating a non-linear pro-
jection model �(�). ORB-SLAM3 adopts the Kannala–Brandt
(KB) model [44] to project 3D points into �sheye image
coordinates and obtain the corresponding Jacobians. Given
a 3D point xc = [x; y; z] > in the camera frame, de�ne:
� =

p
x2 + y 2; � = arctan(�=z) ; ' = arctan 2(y; x).

The radial distortion function is: d(�) = � + k 1� 3 + k 2� 5 +
k3� 7 + k 4� 9, and the projection is:

�(x c) =
�
f x � d(�) cos ' + c x

f y � d(�) sin ' + c y

�
(3)

where k1; : : : ; k4 are the radial distortion coef�cients, fx ; f y

are focal lengths, and cx ; cy are the principal point coordinates
of the �sheye camera. This model involves trigonometric and
high-order polynomial terms, leading to high computation
cost. Moreover, to re�ne the initialized pose, ORB-SLAM3
minimizes the reprojection error via iterative Gauss–Newton
optimization [104], where the pose is gradually optimized
in the Lie algebra over 40 iterations. Each iteration applies
the on-manifold pose update formulation [10] and evaluates
the �sheye projection and its Jacobians [44] to compute
reprojection errors and pose gradients for the next update.

B. Low-precision Pose Estimation Module

In this section, we propose a low-precision pose estimation
module to reduce the LM Tracking latency shown as TP in
Equation (1). In each optimization iteration, every 3D map
point is projected multiple times for residual and Jacobian
evaluation, making the projection step a primary computa-
tional bottleneck. This step, xc

i = Rx i + t, is a large-batch
matrix–vector multiplication executed in FP64 on CPU and
contributes substantially to the overall latency. To alleviate
this cost, we employ low-precision approximations that reduce
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arithmetic complexity while maintaining suf�cient numerical
accuracy for pose optimization. Speci�cally, given that the
rotation matrix R is orthonormal with entries constrained
to the range [�1; 1], and the world-coordinate map point
x i typically has limited dynamic range, we propose a low-
precision pose estimation module that replaces high-precision
arithmetic with hybrid-precision alternatives in the coordinate
transformation and Jacobian computation steps.

Speci�cally, for the rotation matrix R, each element is
multiplied by a scale of 8 and then rounded to the nearest
integer, producing a 4–bit signed–integer representation. Al-
though many systems use a scale of 7, choosing 8 makes
on–the–�y quantization more hardware friendly because the
scaling step can be carried out through a simple adjustment
of the �oating point exponent rather than a full multiplication.
For the 3D point xi , we apply the FP8 E4M3 format, which
supports values from �448 to +448. This range, with a total
span of 896 meters, is more than suf�cient for typical indoor
VR scenes. Quantization operators QINT4 (�) and QFP8 (�)
are de�ned as: QINT4 (r) = clamp[round(8 � r); �8; 7] and
QFP8 (x) = FP8 E4M3 (x), where clamp[�] ensures the re-
sult lies in the representable range, and FP8E4M3 (�) casts
a �oating-point value to the E4M3 format. The coordinate
transformation in low precision is then expressed as:

x c
i = Q INT4 (R) � Q FP8 (x i )=8 + t: (4)

Finally, given the high nonlinearity and sensitivity of the
�sheye projection function [44] and its derivative, both are
computed entirely in FP32 to avoid accuracy degradation.

C. Quantization-aware Point Filtering

In addition to adopting low-precision arithmetic for pose
estimation, we further reduce the LM Tracking latency within
TP by �ltering out low-quality correspondences before op-
timization. Our quantization-aware point �ltering strategy
targets points that may introduce instability under quantized
operations. Speci�cally, we evaluate the FP8 quantization error
of each 3D map point xi , de�ned as:

E1 = kx i � Q FP8 (x i )k (5)

Map points with E1 > � are excluded from subsequent
operations. To improve stability, we further perform a one-
time error check before the iterative optimization. Speci�cally,
the stability check is performed by computing:

E q
2 = ku i � � (Q INT4 (R) � Q FP8 (x i )=8 + t)k 2 (6)

according to Equation (2). If Eq2 > �, the correspondence is
deemed unstable and is discarded from further operations for
computational savings. Because this check runs only once and
does not involve Jacobian and Hessian computations, it adds
minimal overhead while improving robustness.

Empirically, we �nd that, especially when the back-end
modules (e.g., local mapping, loop closure) have already re-
�ned the global map and poses, most 2D–3D correspondences
that pass the �rst �lter in E1 exhibit small errors in Eq2 .
In such cases, the current pose is already near-optimal, yet

Fig. 7: (a) The SLAM system outputs 10 Hz poses (red), while
the RNN interpolates 100 Hz intermediate poses in real time
from SLAM and IMU data (blue). (b) Architecture of RNN-
based pose estimation module.

a large number of point correspondences may still enter the
optimization process. To avoid unnecessary computation, we
introduce a selective sampling strategy: if the proportion of
correspondences rejected by the Eq

2 criterion is less than a
threshold r1, we infer that the pose is accurate and randomly
discard a proportion r2 of the remaining pairs. The retained
subset is then used for Gauss–Newton optimization. By com-
bining quantization-aware point �ltering, stability check, and
selective sampling, ECHO greatly reduces the number of map
points used in optimization, lowering computational cost and
latency TP while preserving geometric accuracy.

D. IMU-based High-Frequency Pose Estimation

As shown in Figure 6 (b), the relatively low SLAM camera
rate, typically around 10 to 30 Hz, produces a large inter-
capture interval TIN , which delays motion detection and ulti-
mately increases the latency as expressed in Equation (1). In
contrast, IMU sensors in VR devices can operate at frequencies
up to 1000 Hz, enabling smoother and more frequent motion
detection, which triggers SS more promptly. However, IMU
data is less informative than visual input, and relying solely
on it for pose estimation causes drift over time.

To address this, we introduce a lightweight recurrent neural
network (RNN) that estimates high-rate poses between SLAM-
based pose updates. As shown in Figure 7 (a), the RNN takes
the current IMU data along with the latest optimized pose,
velocity, and sensor bias estimates from SLAM to generate
high-frequency head pose outputs at 100 Hz, represented as a
7D vector containing 3D translation and a 4D quaternion [94].
To further lower inference overhead, we apply mixed-precision
quantization, using per-channel INT4 for the weights and FP8
for the input activations, and train the model with quantization-
aware training to maintain accuracy. This high-frequency pose
estimation shortens the inter-capture interval, mitigating the
additional latency caused by infrequent sensor captures, i.e.,
TIN , while quantization reduces the pose estimation time,
ensuring low latency and stable SS.

E. Robust Acoustic Foveation under Tracking Error

As shown in Figure 2 (a), the audio rendering time increases
substantially with the number of audio sources. To further
reduce audio rendering latency, TR1 and TR2 , we decrease
the number of active sources before the audio rendering
stage by exploiting properties of human auditory perception
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Fig. 8: (a) The room is divided into horizontal layers (red
dashed lines). In the top-down view, the listener's orientation
(Ori.) de�nes each source's azimuth �, and the corresponding
MAA sets the angular threshold for clustering. (b) Angular
deviation �� r caused by rotation error. (c) Angular deviation
�� t caused by translation error at distance r. (d) Stricter
clustering threshold based on �eff.

to group acoustically similar ones. This approach, referred
to as acoustic foveation [77], leverages the fact that listeners
cannot distinguish between sources lying within a small an-
gular range, known as the Minimum Audible Angle (MAA).
Psychophysical studies [77] show that the MAA increases
monotonically with azimuth � (Figure 8 (b)): it can be as
low as 3� in the frontal direction (� � 0 � ), but rises to
nearly 40� at lateral positions (� � 90� ). This trend re�ects
the decreasing spatial resolution of human auditory perception
away from the frontal axis. Similarly, in the radial dimension,
human auditory perception does not estimate source distance
as a precise value, but rather as a range of possible distances.
The width of this perceptual range increases approximately in
proportion to the actual distance, so that two sources falling
within the same range are perceived as being at the same
distance. Prior studies [2], [111] indicate that the standard
deviation of distance judgments exceeds 20% of the source
distance, implying that sources separated by less than this
threshold are generally indistinguishable in perceived depth.

Based on these perceptual constraints, and using the lis-
tener's pose from the pose estimation stage, we cluster audio
sources to reduce rendering load. Following prior work, we
adopt a generic far-�eld HRTF [12], [32], assuming source
distances � 1 m, and the clustering scheme remains indepen-
dent of this HRTF choice. As shown in Figure 8 (a), the 3D
room is segmented along the height dimension into multiple
chunks, converting the task into several 2D subproblems.
Within each layer, source azimuths relative to head orientation
are compared, and those with angular separation below the
MAA threshold are merged into angular groups. Each angular
group is then re�ned in the radial dimension: sources within
20% of the farthest one's distance to the listener are treated
as perceptually indistinguishable and clustered [2], [111].

The audio source clustering scheme described above relies
on accurate head pose estimation. However, pose estimation
may include errors. To mitigate this impact, we further adapt
the clustering scheme of acoustic foveation accordingly. Let

the angular and translational pose tracking errors be denoted
by �� r and �t, respectively. These errors create uncertainty
in the user's pose, thereby reducing MAA for audio source
clustering. By the principle of relative motion, pose tracking
errors translate into deviations in the perceived locations of
audio sources. As shown in Figure 8 (b) and (c), each audio
source experiences an angular deviation of ��r and a spatial
displacement within a circular region of radius k�tk. Since
the MAA increases monotonically with azimuth �, we conser-
vatively estimate a lower bound on the effective azimuth:

� eff = � � �� r � �� t (7)

where �� t � k�tk=r approximates the angular deviation
caused by a relatively small translation error at source distance
r. As illustrated in Figure 8 (d), when audio sources are
combined, the MAA is evaluated at �eff, imposing a stricter
clustering criterion that preserves perceptual validity even
under pose estimation errors. Once clusters are determined,
all sources within each cluster are replaced by a single virtual
source positioned at the centroid of the original sources,
which is then used for subsequent audio rendering. Our error-
aware acoustic foveation preserves spatial �delity and comfort
(Section VI-C) while reducing active sources, thus shortening
TR1 and TR2 without loss of perceptual quality.

IV. ECHO ACCELERATOR

The design of the ECHO accelerator is shown in Figure 9.
It primarily consists of an ORB extractor (Section IV-A) and
a computational engine (Section IV-B).

A. ORB Extractor Module

The architectural design of the ORB Extractor is shown
in the center-left of Figure 9. The module integrates an on-
chip buffer, a shift-register array and a comparator array to
accelerate FAST corner detection in ORB extraction, as shown
in Section III-B. For each 35 � 35 8-bit grayscale image cell,
all pixels are �rst loaded into the buffer. The shift-register
array maintains a 7 � 7 sliding detection window, enabling
single-cycle access to the pixels required for the current test
location without redundant buffer reads.

FAST corner detection is realized with a decision-tree [95]
and implemented by a comparator array. The comparator array
�rst checks the four cardinal pixels (top, bottom, left, right)
against the center pixel intensity; only if these differences
exceed the corner threshold is the evaluation extended to the
remaining pixels in groups of four. This progressive evaluation
enables early termination for non-corner pixels. For each
pixel classi�ed as a corner, a response score is computed by
summing the absolute intensity differences between the center
pixel and contiguous circle pixels whose differences exceed
the threshold. After detection, the same shift-register and
comparator hardware is time-multiplexed for non-maximum
suppression (NMS). Response scores are buffered on-chip, and
the shift-register array slides a neighborhood window across
the score map to identify local maxima. The comparator array
outputs only the coordinates of these maxima, suppressing
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Fig. 9: Overall architecture of the VR SoC, with the ECHO accelerator integrated as a plug-in module.

Fig. 10: Hybrid update pattern of Monocular–Inertial (MI)
mode and Inertial–Only (IO) mode in ECHO.

all others. This resource-sharing design minimizes additional
hardware cost and sustains high-throughput corner extraction.
The tightly coupled pipeline streams image cells through
detection and NMS continuously without stalls, delivering
low-latency ORB extraction for SLAM-based pose estimation.

B. Computational Engine

The computational engine executes the low-precision pose
estimation described in Section III-B and performs quantized
RNN-based high-frequency pose estimation in Section III-D.
As shown in Figure 9, it integrates two on-chip buffers, an
INT4–FP8 mixed-precision systolic array with 8�8 processing
elements (PEs), a �oating-point accumulator, a Special Func-
tion Unit (SFU) for nonlinear operations in neural networks,
and a custom Projection with Jacobian (PJ) module.

The systolic array adopts a weight-stationary data�ow for
both the matrix multiplications in the RNN and the ma-
trix–vector multiplications in pose optimization. RNN weights
are per-channel quantized of�ine, retained in the on-chip
buffer, and loaded into the array at runtime. An INT4 quanti-
zation unit before the systolic array handles rotation matrices,
which are updated dynamically during optimization and re-
quire online quantization. Since rotation matrix elements lie
within the range [�1; 1], we apply a uniform scaling factor of
8 and implement quantization/dequantization by adjusting the
exponent bits by �3 in the �oating-point format. A dedicated
FP8 E4M3 quantization unit casts 3D coordinates and RNN
activations. Both modules achieve low-latency conversion via
exponent manipulation or direct casting. The SFU implements
ReLU through sign-bit comparison, and approximates Tanh
using a piecewise-linear model for ef�ciency–accuracy bal-

ance. The PJ module directly accelerates the �sheye camera
projection and its derivative.

Since both computations share the transformed 3D point
in the camera frame as input and reuse intermediate values
such as � =

p
x2 + y 2, � = arctan(�=z), and the polynomial

distortion terms, we design a uni�ed hardware module that
computes both results in a single pass. By reusing datapaths
and shared expressions, the module minimizes redundant com-
putations and hardware cost.

To further improve ef�ciency, we introduce a set of
hardware-oriented arithmetic optimizations. First, instead of
explicitly computing ' = arctan 2(y; x) followed by eval-
uating cos ' and sin ' in Equation (3), we reformulate these
terms as cos ' = x=� and sin ' = y=�, where � =

p
x2 + y 2,

eliminating costly trigonometric computations. The square root
operation in � is approximated using a reciprocal square root
method inspired by fast inverse square root [60]. The distortion
function d(�), a 9th-order odd polynomial, is computed by
Horner's method [41] to reduce the number of multiplications.
The angle � = arctan(�=z) is approximated using a sign-
aware polynomial method, combining domain normalization
with low-order polynomial evaluation. Together, these designs
allow a division–free, low–latency implementation without
reducing accuracy.

While projection and its derivative share most intermediates,
the derivative computation further requires partial derivatives
of these quantities with respect to the 3D point. This involves
applying the chain rule to obtain terms such as @�=@x, @�=@y,
and @�=@z, as well as the derivatives of the distortion terms.
To improve ef�ciency, the PJ module pipelines the compu-
tation of all shared intermediates so that they are generated
once and reused by both projection and derivative paths. The
derivative path then performs only the incremental operations
necessary to assemble the Jacobian, thereby avoiding redun-
dant processing and lowering the overall latency.

C. SoC Integration of ECHO Accelerator

The computational �ow of ECHO is illustrated in Fig-
ure 10 and Figure 11. The ECHO accelerator operates in
a Hybrid mode comprising Monocular–Inertial (MI) and
Inertial–Only (IO) modes. In MI mode, SLAM-based pose
estimation is performed using monocular images and IMU
data, as shown in Figure 6 (b). Between MI steps, IO mode
employs the lightweight RNN-based pose estimation module
in Section III-D to generate high-frequency pose estimates
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Fig. 11: The computational �ows of: (a) MI mode and (b) IO
mode. The step numbers are shown in circles.

with shorter intervals. The two modes operate in an interleaved
manner, resulting in a reduced TIN in Equation 1. We also
pipeline the sensing, pose estimation, audio rendering, and
audio output stages to improve steady-state throughput. Next,
we describe MI and IO modes separately.

For MI mode, as shown in Figure 11 (a), in Step 1, the
SLAM camera captures a frame and passes it to CPU. CPU
constructs the image pyramid and partitions each level into
small cells which are then written to system memory in
Step 2. In Step 3, ECHO accelerator reads the image cells
from memory into its internal buffer and performs FAST
detection using its ORB extractor module. The extracted points
are stored back to memory in Step 4. Following this, CPU
continues the remaining computations in the SLAM tracking
thread and performs point �ltering described in Section III-C
(Step 5). During local map tracking, as part of the iterative
pose optimization process, CPU invokes ECHO accelerator
to compute reprojection errors and Jacobians for the 2D–3D
correspondences (Step 6). Once these results are returned,
CPU completes the Gauss-Newton iteration to re�ne the pose.
After that, the optimized pose is used to perform acoustic
foveation and spatial clustering of audio sources. These clus-
tered audio sources, along with the optimized pose, are then
passed to GPU (Step 7). In Step 8, GPU performs SS using the
clustered audio sources and the listener pose to generate the
�nal binaural audio stream. Finally, the rendered audio is sent
to DAC and played back through the headphones (Step 9).

The operations in IO mode are shown in Figure 11 (b). The
ECHO accelerator directly reads IMU measurements (Step
1) and computes the updated pose with RNN (Step 2). The
estimated pose is then passed to CPU, which proceeds with
the same subsequent stages as in Steps 7–9 of the MI mode,
including audio source clustering (Step 3), audio rendering
(Step 4), and audio output (Step 5).

Figure 10 illustrates the ECHO work�ow in Hybrid mode.
Compared to the work�ow in Figure 6 (b), ECHO executes
pose estimation more frequently, substantially reducing TIN .
In addition, the techniques introduced in Section III signif-
icantly decrease both pose estimation and audio rendering
latencies. Let TMI

P and TIO
P denote the pose estimation

latencies for the MI and IO modes, respectively, and TMI
S

and TIO
S represent the sensing latencies in the two modes.

Given the small data volumes exchanged between SoC com-
ponents, communication latency is negligible. The motion-to-
sound latency Tm�s can be approximated under two scenar-
ios. When motion occurs between two consecutive SLAM

TABLE II: Hybrid mode results in ATE (m)nRRE (� ).
ATEnRRE ECHO ORB-SLAM3 VINS-Fusion HybVIO OKVIS

AEA 1 0.072n2.461 0.063n2.389 1.020n2.655 0.997n4.271 0.198n2.707
AEA 2 0.068n2.817 0.070n2.830 1.259n7.319 1.273n3.882 0.225n2.812
AEA 3 0.038n1.675 0.040n1.699 0.462n1.669 0.491n5.928 0.067n1.928
AEA 4 0.042n1.581 0.070n1.512 0.884n6.140 0.910n2.187 0.078n1.904

TUM 1 0.015n0.513 0.011n0.612 0.125n0.533 0.032n0.481 0.084n0.495
TUM 2 0.021n0.559 0.015n0.626 0.089n0.630 0.032n0.680 0.115n0.761
TUM 3 0.020n0.645 0.019n0.711 1.235n1.662 0.094n0.675 0.073n0.783
TUM 4 0.020n0.476 0.017n0.537 0.064n0.490 0.026n0.698 0.040n0.567
TUM 5 0.019n0.461 0.013n0.555 0.138n0.526 0.034n0.523 0.062n0.554
TUM 6 0.010n0.399 0.007n0.466 0.130n0.429 0.028n0.419 0.047n0.524

Average 0.033n1.014 0.033n1.194 0.541n2.205 0.392n1.974 0.099n1.303

camera captures and IO mode is used for pose estimation,
T IO

m�s = T IN + T IO
S + T IO

P + T R1 + T R2 + T O . When motion
occurs and is detected using MI mode, TMI

m�s = T IN +T MI
S +

TMI
P +T R1 +T R2 +T O . The overall motion-to-sound latency is

given by Tm�s = max(T MI
m�s ; T IO

m�s ). Typically, TMI
S + T MI

P
far exceeds TIOS +T IO

P . Therefore, the overall motion-to-sound
latency is dominated by the occurrence of TMI

m�s .

V. ECHO ALGORITHMS EVALUATION

To evaluate pose estimation accuracy, we compare ECHO
with four state-of-the-art SLAM systems: ORB-SLAM3 [14],
VINS-Fusion [80], HybVIO [93], and OKVIS [54]. All meth-
ods are tested on four randomly selected sequences from the
AEA dataset and all six indoor sequences of the TUM VI
dataset. The AEA sequences capture diverse motion patterns,
while the TUM VI sequences serve as a standard benchmark
for AR and VR style environments [14], [80].

ECHO is evaluated under two settings: standalone MI mode
performs SLAM-based pose estimation by fusing image and
IMU data at the camera frame rate, as shown in Figure 6 (b),
incorporating all the optimizations described in Sections III-B
and III-C. For point �ltering, we �x � = 0:1, � = 120, and
apply selective sampling by discarding r2 = 40% of points
when the �ltering ratio falls below r1 = 5%. Hybrid mode
builds on MI mode by incorporating IO mode, adding RNN-
based pose estimation between consecutive MI operations. The
RNN is trained separately for each dataset using quantization-
aware training. For AEA, the four chosen sequences are used
for testing, with ten additional random sequences for training
and validation. For TUM VI, a contiguous 20% segment from
each sequence is randomly chosen for testing, with the re-
maining 80% reserved for training and validation. For fairness,
other baselines are also evaluated under the IO mode, using
an IMU integration module that propagates pose estimates
and velocity at 100 Hz. Evaluation is performed with evo
toolkit [37], reporting the Absolute Translation Error (ATE) in
meters for global trajectory accuracy and the Relative Rotation
Error (RRE) over 100 ms intervals in degrees for local drift.
Both ATE and RRE are presented as root-mean-square errors
(RMSE), following standard evaluation protocols [80].

A. Accuracy Evaluation Results of ECHO

Table II shows ECHO's performance in Hybrid mode on the
four AEA (AEA 1–4) and six TUM VI (TUM 1–6) sequences.
We observe that ECHO achieves an average ATE of 0.033 m,
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TABLE III: MI mode average results in ATE (m)nRRE (� ).
ATEnRRE ECHO ORB-SLAM3 VINS-Fusion HybVIO OKVIS

Average 0.030n1.153 0.029n1.129 0.539n1.385 0.392n1.920 0.099n1.234

TABLE IV: Ablation results of quantization and point �ltering.
(“-” indicates tracking failure.)

Metric ECHO Precision Filtering
FP16 FP32 No F QAF

ATE (m) 0.030 0.030 0.029 – 0.042
RRE (� ) 1.153 1.133 1.133 – 1.264

on par with ORB-SLAM3 (0.033 m), while also delivering
a lower RRE (1.014° vs. 1.194°). The reduction in RRE is
particularly important, as orientation errors directly undermine
the MAA by constraining perceptual clustering. These results
con�rm the effectiveness of the lightweight RNN-based pose
estimation module. Compared with VINS-Fusion, HybVIO,
and OKVIS, ECHO attains substantially higher accuracy,
highlighting the robustness of this hybrid design. Additionally,
Table III presents average results across the same sequences
under MI mode, where ECHO attains an ATE of 0.030 m
and an RRE of 1.153°, closely matching ORB-SLAM3 (0.029
m, 1.129°). Together with the Hybrid mode evaluation, these
results demonstrate that ECHO consistently maintains high
pose accuracy across both settings.

B. Ablation and Sensitivity Study

In Hybrid mode, ECHO interleaves MI and IO steps,
with IO estimation conditioned on MI outputs. As a result,
Hybrid performance is closely tied to MI mode performance.
To isolate the contribution of each component, we conduct
ablation and sensitivity studies in MI mode and report results
averaged over the AEA and TUM VI datasets.

We �rst evaluate the individual impact of two key modules
in our design: low-precision quantization and point �lter-
ing. Table IV reports the results, where FP16 and FP32
replace the INT4–FP8 low-precision module with higher-
precision variants. No F indicates the variant in which the
point �ltering module is completely removed. In contrast,
QAF keeps only the quantization-aware point �ltering while
turning off both the stability check and the selective sampling
mechanisms. Replacing the low-precision module with FP16
or FP32 produces only minor RRE gains with negligible
impact on ATE, con�rming that the low-precision module
in Section III-B introduces minimal accuracy loss. Removing
�ltering (No F) allows excessive noisy correspondences into
the optimization, causing instability and ultimately no valid
pose output. The QAF variant, which retains only quantization-
aware point �ltering, avoids complete failure but still degrades
ATE and RRE, as the lack of stability check and selective
sampling allows residual outliers to accumulate and cause
drift. These results show that quantization-aware point �ltering
is essential to avoid divergence, while stability check and
selective sampling further enhance robustness and accuracy,
making the full �ltering module necessary for pose estimation.

We further conduct a sensitivity analysis of the point �lter-
ing hyperparameters (�, �, r1, r2) introduced in Section III-C

TABLE V: Sensitivity analysis of hyperparameters �, �, r1,
and r2. (“A” indicates ATE (m), “R” indicates RRE (� ), and
“–” indicates tracking failure.)

(a) Sensitivity analysis of thresholds � and �.
� �

1 0.5 0.1 0.05 0.01 180 150 120 90 60

A 0.039 0.038 0.030 0.059 – 0.035 0.036 0.030 0.034 0.037
R 1.207 1.230 1.153 1.232 – 1.181 1.165 1.153 1.159 1.195

(b) Sensitivity analysis of ratios r1 and r2 .
r 1 r 2

20% 10% 5% 2.5% 80% 60% 40% 20%

A 0.082 0.039 0.030 0.030 – 0.051 0.030 0.029
R 1.262 1.194 1.153 1.112 – 1.237 1.153 1.131

TABLE VI: Cross-dataset generalization study results.
Metric ECHO Combined AEA-only TUM-only

ATE (m) 0.0326 0.0332 0.0338 0.0337
RRE (� ) 1.0140 1.0194 1.0237 1.0206

to quantify their impact on pose accuracy. Table V (a) reports
the sensitivity results for thresholds � and �. Since map
points with E1 > � are discarded before optimization, setting
� too small (e.g., 0:01) removes most correspondences and
leaves insuf�cient geometric constraints, resulting in tracking
failure. In contrast, a large � (e.g., 1) retains many map points
with substantial quantization error, which propagates into pose
optimization and degrades accuracy (ATE/RRE increases to
0.039/1.207). � governs the stability check based on the
quantized reprojection error E2q . A small � is overly strict and
rejects many otherwise usable correspondences (0.037/1.195 at
� = 60), while a large � becomes too permissive and allows
unstable pairs to enter optimization (0.035/1.181 at � = 180).
The default setting (�=0:1, �=120) balances quantization
robustness and reprojection stability, achieving the lowest ATE
and RRE.

Table V (b) further evaluates the impact of the selective sam-
pling ratios r1 and r2. Increasing r1 makes selective sampling
easier to trigger, which can prematurely enter the reduced-
work regime and discard too many map points and their
correspondences, degrading accuracy (ATE/RRE increases to
0.082/1.262 at r1=20%). In contrast, smaller values remain
stable around the default (0.030/1.153 at r1=5%). r 2 controls
pruning strength once selective sampling is triggered: an
overly aggressive r2 removes too many correspondences and
destabilizes tracking (tracking fails at r2=80%), whereas mod-
erate settings preserve accuracy (0.051/1.237 at r2=60% and
0.030/1.153 at r2=40%). Overall, the default setting (r1=5%,
r 2=40%) follows a conservative, accuracy-�rst heuristic and
provides a good trade-off, reducing workload while maintain-
ing near-best pose accuracy.

C. RNN Generalization Study

The high-frequency pose estimation RNN is used to predict
poses between successive MI updates. Any short-term pre-
diction drift is periodically corrected, and the �nal pose is
dominated by the subsequent SLAM-optimized MI outputs, so
the RNN does not act as a standalone tracker. To study gener-
alization across datasets and motion behaviors, we trained the
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same RNN under three con�gurations: (i) a Combined training
set that includes both AEA and TUM VI training sets, (ii)
AEA-only training, and (iii) TUM-only training. Each trained
model is then evaluated on the combined AEA and TUM VI
test sets, and we report ATE and RRE averaged over all test
sets. All results are measured under ECHO's Hybrid mode,
keeping the pipeline unchanged and replacing only the pose
estimation RNN with the corresponding re-trained variant.

As shown in Table VI, ECHO is largely insensitive to the
RNN training dataset. Relative to the default ECHO con�gura-
tion (ATE/RRE = 0.033/1.014 in Table II), Combined training
achieves 0.0332/1.0194, while single-dataset training remains
comparable at 0.0338/1.0237 (AEA-only) and 0.0337/1.0206
(TUM-only). Overall, the variation is small across all settings,
indicating that the RNN mainly models short-horizon inertial
motion that transfers across datasets with different motion
patterns and sampling characteristics.

VI. ECHO ACCELERATOR EVALUATION

This section evaluates the performance of the ECHO accel-
erator in Section IV. The ECHO accelerator is implemented in
Verilog and synthesized using Synopsys Design Compiler [6]
with a 45 nm CMOS technology [43] to evaluate area, timing,
and power. The design operates at a target frequency of 1 GHz,
with on-chip buffers modeled using CACTI [5]. To align with
contemporary VR SoC technology, we further scale the results
to a 22 nm process using DeepScaleTool [87]. The ECHO
accelerator operates in Hybrid mode by interleaving IO mode
within MI mode. In MI mode, the accelerator supports SLAM-
based pose estimation, while in IO mode it performs IMU-
based RNN pose estimation to provide high-frequency poses.
It has an area of 0.24 mm2 and a peak power of 0.13 W. The
majority of the area is attributed to the Computational Engine
(69%), followed by the ORB Extractor (31%).

As described in Section IV-C, the system's motion-to-sound
latency is governed by the MI mode, since it incurs the longer
end-to-end latency and therefore determines the latest pose
that can be applied to audio rendering. The motion-to-sound
latency is modeled by decomposing the MI pipeline as:

Tm�s = T IN + T MI
S + T MI

P + T R1 + T R2 + T O (8)

where each component is evaluated separately according to
its execution placement in the pipeline and then summed to
obtain the end-to-end latency. Speci�cally, TIN is �xed to
5 ms. With a 100 Hz update rate (10 ms period) in Hybrid
mode, the sampling delay lies in [0,10] ms, and we use the
expected delay 5 ms as a representative TIN in our model.
TMI

S includes the camera and IMU sensing latencies, as
well as the corresponding sensor-to-SoC data transfer latency.
Speci�cally, the camera and IMU sensing latencies are set
according to the AEA dataset documentation [79] to re�ect the
timing characteristics of typical AR and VR devices, while the
camera-to-SoC communication latency follows the MIPI CSI
interface model in [56]. For TO , we model the output stage
latency as the sum of the audio device output latency and a
buffering-induced delay. The buffering delay arises because

TABLE VII: Detailed description of the algorithms and the
hardware platforms used for each evaluation setting.

Method Pose Estimation Audio Rendering
Algorithm Device Algorithm Device

Jet ORB + Full CPU ORB-SLAM3 Jetson CPU Full Jetson CPU
Jet ORB + Full GPU ORB-SLAM3 Jetson CPU Full Jetson GPU

Jet OKVIS + Foveated GPU OKVIS Jetson CPU Foveated Jetson GPU
Jet HybVIO + Foveated GPU HybVIO Jetson CPU Foveated Jetson GPU

Jet VINS + Foveated GPU VINS-Fusion Jetson CPU Foveated Jetson GPU
Jet ORB + Foveated GPU ORB-SLAM3 Jetson CPU Foveated Jetson GPU

Jet ECHO + Foveated GPU ECHO Algorithm Jetson CPU Foveated Jetson GPU
ECHO + Full GPU ECHO Algorithm ECHO Accelerator Full Jetson GPU

ECHO ECHO Algorithm ECHO Accelerator Foveated Jetson GPU

audio rendering and playback are asynchronous: a rendered
block may wait in the playback buffer for up to one buffer
period before it is consumed [3], [69], [98]. Accordingly, we
include a 5 ms buffer delay, determined by the audio block
length [3], [69], in addition to a 1 ms audio output latency [98].

Audio rendering performance is evaluated using two ISM-
based [1] implementations: Pyroomacoustics (CPU) [89] and
gpuRIR (GPU) [20]. Latency (TR1 + T R2 ) is measured under
varying room sizes, numbers of audio sources, and source
distributions. Speci�cally, we consider three room sizes: 5�5�
2:7, 50�50�5, and 200�200�10 meters, representing typical
scenarios of a living room, conference room, and exhibition
hall, respectively [23], [25], [33]. Reverberation times are set
such that sound energy decays by 30 dB in 0.4, 1.5, and
1.7 seconds, with ISM re�ection order adjusted accordingly,
following prior work [33]. Wall absorption coef�cients are
kept at default values in Pyroomacoustics and gpuRIR. The
number of audio sources varies from 8 to 256: 8/16/32 in
the 5 � 5 � 2:7 room, 32/64/128 in the 50 � 50 � 5 room,
and 64/128/256 in the 200 � 200 � 10 room. Source positions
are sampled either from a uniform random distribution or a
Poisson Cluster process [16], consistent with prior studies [11],
[30], [35], [59], [100], [114].

Pose estimation is evaluated on AEA [61] and TUM VI [92]
as described in Section V. For acoustic foveation, we im-
plement MAA as a piecewise azimuth function �tted to the
perceptual curve from [77] and account for pose estimation
error as described in Section III-E. We model VR device
compute using the CPU and GPU of an Nvidia Jetson Orin
NX with sixteen gigabytes of memory, a platform commonly
adopted in recent VR performance studies [36], [38], [75],
[109], [112], [113]. For audio rendering, Pyroomacoustics
executes on the CPU and gpuRIR on the GPU.

We evaluate motion-to-sound latency across nine con�gura-
tions, as shown in Table VII, that vary the pose algorithm,
audio pipeline, and hardware mapping. `Jet' refers to the
Jetson device; `Full' denotes spatial audio without acoustic
foveation, and `Foveated' applies our foveation scheme. In
particular, Jet ORB + Full CPU and Jet ORB + Full
GPU indicate con�gurations that run ORB-SLAM3 on the
Jetson CPU with full audio rendering executed on the Jet-
son CPU and Jetson GPU, respectively. Jet OKVIS +
Foveated GPU, Jet HybVIO + Foveated GPU, Jet VINS +
Foveated GPU, and Jet ORB + Foveated GPU keep pose
estimation execution on the Jetson CPU and foveated audio
rendering implementation on the Jetson GPU while varying
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Fig. 12: Latency evaluation across different methods. The notation “Dataset+N” (e.g., “AEA+32”) indicates evaluation on the
speci�ed dataset with N audio sources. Pie charts present the latency breakdown of the corresponding columns.

the pose estimation algorithm, which enables fair algorithm-
level comparisons. Jet ECHO + Foveated GPU replaces the
pose estimation algorithm with the ECHO algorithm, isolating
ECHO's algorithmic gains. Finally, ECHO + Full GPU
and ECHO migrate the compute-intensive kernels, especially
the FAST corner detection of ORB Extraction stage and the
coordinate transformation and Jacobian computation of Local
Map Tracking stage in pose estimation pipeline, from the
Jetson CPU to the ECHO accelerator, with the Jetson GPU
performing full and foveated audio rendering, respectively.
These two settings highlight the additional speed and energy
bene�ts provided by the ECHO accelerator. TMI

P , TR1 , and
TR2 correspond to the measured latency contributions of their
respective operations under their actual execution placement.

A. Evaluation Results on Motion-to-Sound Latency

ECHO integrates both algorithmic and hardware optimiza-
tions, and the baselines allow us to disentangle their contri-
butions to motion-to-sound latency. Figure 12 reports motion-
to-sound latency evaluation under the ECHO Hybrid mode on
AEA and TUM VI with different room sizes, with average
latencies reported for audio sources distributed under both
uniform and Poisson patterns. Results show that Jet ORB
+ Full CPU consistently exceeds the 50 ms limit, driven
by the high computational cost of full audio rendering and
the signi�cant latency introduced by pose estimation. This
underscores the necessity of both algorithmic and hardware
optimizations to achieve real-time SS. In contrast, acous-
tic foveation signi�cantly alleviates the rendering bottleneck.
Speci�cally, Jet ORB + Foveated GPU achieves an average
1:29� latency reduction compared to Jet ORB + Full GPU.
The bene�t grows with the number of audio sources, showing
that ECHO scales effectively to complex VR scenes.

Among the pose estimation algorithms, ORB-SLAM3 pro-
vides the lowest latency, outperforming VINS-Fusion, Hyb-
VIO, and OKVIS. With the algorithmic improvements intro-

Fig. 13: Left: Jet ORB + Full GPU baseline. Right: ECHO.

duced in Section III, ECHO further reduces latency by an
average of 1:28� compared to ORB-SLAM3, as seen in Jet
ORB + Foveated GPU versus Jet ECHO + Foveated GPU. This
enables Jet ECHO + Foveated GPU to meet the sub-50 ms re-
quirement in simple VR scenes. Although ECHO's algorithmic
improvements and acoustic foveation greatly reduce latency,
scenes with more than 128 audio sources still exceed the 50 to
60 ms limit, indicating that software optimizations alone are
insuf�cient for heavy workloads. To address this limitation,
we introduce the ECHO accelerator described in Section IV,
which provides an additional 1:41� speedup over Jet ECHO
+ Foveated GPU. This reduces the average latency to 39.2
ms, comfortably meeting the 50 ms real-time requirement for
SS, and lowers the maximum latency with 256 audio sources
to below 60 ms. Relative to the unoptimized baseline (Jet
ORB+Full GPU), the largest gains occur at 256 audio sources,
with speedups of 2:79� on TUM VI and 2:91� on AEA.
These results indicate that acoustic foveation scales effectively
with source count and show ECHO's strong overall scalability.

Figure 13 illustrates motion-to-sound latency as the number
of sources increases from 32 to 128 in the middle-room setting,
along with the latency breakdown. We compare two con�gura-
tions: Jet ORB + Full GPU (left) and ECHO (right). For both
methods, TMI

P and the remaining overheads (“Others”) stay
nearly constant with source count, while AEA shows a slightly
higher TP than TUM VI due to its larger image resolution
(640�480 vs. 512�512) and more complex scenes. ECHO
reduces TMI

P by 3:4� on average across the two datasets.
Meanwhile, the baseline's audio rendering latency increases
nearly linearly with the number of sources, pushing the total
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Fig. 14: Motion-to-sound latency and break-
down for (a) point �ltering and (b) pose
precision. “T/A+N” denote TUM VI or AEA
with N sources.

Fig. 15: (a) Energy comparison and breakdown
(OE: ORB extractor, CE: computational engine).
(b) Impact of audio source distribution on laten-
cies (ms).

Fig. 16: Motion-to-sound
latency and its breakdown
in the low-source scenario.

latency far beyond the perceptual budget. In contrast, ECHO's
robust acoustic foveation reduces the effective number of
sources and �attens the rendering growth trend, keeping the
latency within perceptual requirements.

B. Ablation Studies on Hardware Performance

In this section, we analyze the impact of different ECHO
settings on the hardware performance.

1) Impact of Point Filtering: In Jet ECHO + Foveated GPU,
the ECHO algorithm integrates point �ltering as described in
Section III-C. To assess its impact, we compare Jet ECHO
+ Foveated GPU with Jet ORB + Foveated GPU across
multiple datasets. As shown in Figure 14 (a), point �ltering
accelerates local map tracking and reduces overall motion-to-
sound latency by an average of 1:26�. This gain is achieved
by discarding roughly 75% of points before optimization,
averaged across AEA and TUM VI, thereby substantially
lowering the computational cost.

2) Impact of Pose Estimation Precision: The low–precision
module is integrated into the computational engine (Sec-
tions III-B and IV-B), while the ECHO accelerator further
improves ef�ciency by coupling the ORB extractor with a
customized processing pipeline. To isolate their contributions,
we evaluate three baselines: (1) Jet ECHO, which runs the
ECHO algorithm in full–precision FP32 on Jetson; (2) ACC,
which executes the ECHO algorithm on the full–precision
accelerator, constructed by replacing ECHO's mixed–precision
PEs and quantization units with FP32 PEs while leaving all
other components unchanged, thereby capturing the bene�ts
of accelerator customization; and (3) ECHO, which employs
the accelerator with low–precision computation. As shown
in Figure 14 (b), the FP32 accelerator achieves an average
1:24� speedup over the Jetson CPU. With low–precision op-
timization, ECHO provides an additional 1:10� improvement,
reducing the average motion-to-sound latency to 39.2 ms.

3) Energy Evaluation of ECHO Accelerator: To assess
energy ef�ciency, we measure the average per–frame energy
consumption of pose estimation on the ECHO accelerator
using the AEA dataset. As shown in Figure 15 (a), the ACC
design without point �ltering (No F) uses 2:39� the energy of
ECHO, and the full–precision ACC with �ltering uses 1:27�.
The low–precision design lowers both power and latency,
and point �ltering further reduces latency, together providing
substantial energy savings.

4) Impact of Audio Source Distribution: Acoustic foveation
reduces rendering cost by clustering audio sources, with the
clustering pattern determined by the spatial distribution of
sources. To evaluate this effect, we consider two layouts:
Poisson Cluster Process (PD) and uniform random distribution
(UD), keeping all other settings consistent with Section VI.
Figure 12 reports averages over PD and UD layouts. Latency
remains under the 50 ms budget up to 128 sources, but
rises to 60 ms at 256. Figure 15 (b) disaggregates the two
layouts across 64, 128, and 256 sources, revealing a consistent
advantage for PD: it generates substantially fewer clusters than
UD (26 vs. 44, 42 vs. 76, and 70 vs. 129 on average). This
tighter spatial grouping enables more aggressive foveation,
allowing PD to maintain latency within 50 ms even at 256
sources, whereas UD climbs to nearly 70 ms.

5) Impact of Audio Source Amount: To evaluate the impact
of the number of audio sources on ECHO performance, we
consider a scenario with 2–8 sources in the smallest room,
representing applications with only a few active audio sources.
We compare the Jet ORB + Foveated GPU baseline and
ECHO on the AEA dataset. As shown in Figure 16, when
the number of sources is small, the audio rendering stage is
no longer the dominant contributor to motion-to-sound latency.
However, the Jet ORB + Foveated GPU baseline still incurs
substantial latency from the pose estimation stage which by
itself exceeds 50 ms. In contrast, ECHO signi�cantly reduces
the pose estimation cost through its co-optimized algorithm
and accelerator, resulting in consistently lower end-to-end
motion-to-sound latency even on the less-source scenario.

6) Comparison with Other SLAM Accelerators: eS-
LAM [57], HcveACC [55], and FSLAM [102] are represen-
tative ORB-SLAM accelerators. Concretely, these baselines
primarily accelerate the ORB Extraction stage via hardware
design. In contrast, ECHO targets the two dominant bottle-
necks in the ORB-SLAM3 front-end, namely ORB Extraction
and Local Map Tracking. Therefore, ECHO is orthogonal to
the aforementioned methods. On the TUM VI dataset, ECHO
reduces per-frame tracking latency to 11.0 ms. We further
implement eSLAM, HcveACC, and FSLAM and evaluate their
per-frame tracking latency on TUM VI. The results show eS-
LAM, HcveACC, and FSLAM achieve 23.3 ms, 20.0 ms, and
20.1 ms, respectively. Although these baselines substantially
speed up the ORB Extraction stage, ECHO achieves additional
gains by also reducing the Local Map Tracking cost.
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Fig. 17: (a) Participants comparing audio clips (visual content
cast to the monitor). (b) Per-participant preference rates for
clustered vs. full rendering across all scenes. (c) Per-scene
preference rates. Error bars represent the standard deviation.

C. User Study

To assess the practical spatial audio quality rendered by
ECHO with robust acoustic foveation, we conduct a perceptual
study comparing full spatial rendering with our clustered
spatial rendering integrated in the ECHO pipeline, as described
in Section III-E and Section IV-C.

Four representative acoustic environments are created to
span different spatial scales and source densities: (1) 5�5�2:7
m with 16 sources, (2) 50 � 50 � 5 m with 32 sources, (3)
200 � 200 � 10 m with 64 sources, and (4) 200 � 200 � 10
m with 128 sources. Both the source distribution and acoustic
foveation procedures follow the con�gurations described in
Section VI, including the Poisson Cluster Process and the
error-aware acoustic foveation based on ECHO's average pose
estimation error. Visually, the �rst two scenes correspond to
compact indoor rooms, while the latter two depict large-scale,
high-density environments resembling exhibition halls.

Each source was assigned a unique speech signal syn-
thesized using the edge-tts library [82]. Text was sampled
from the LibriSpeech corpus [76], and speaker voices were
varied to ensure diversity in linguistic content and vocal
timbre. Utterances averaged 6–8 s. Signals were spatialized
by convolution with binaural room impulse responses in
Pyroomacoustics [89], producing clips of about 10 s. For each
scene, we generated two audio versions: full rendering with all
sources and clustered rendering with acoustic foveation. The
reference clip in each trial was always the full rendering.

Seventeen participants with normal hearing were recruited.
As shown in Figure 17 (a), they remain seated in a quiet room,
viewing the visual scene through a Meta Quest Pro HMD [67]
and listening via wired over-ear headphones. Head orientation
is �xed during playback to isolate the perceptual impact of
clustering. In each trial, participants are presented with three
clips of the same scene: a clean reference (full rendering) and
two test clips. One test clip is full rendering and the other
clustered, with assignment randomized. Participants hear the
reference and both test clips at least once, may replay them
as needed, and then select which test clip has better spatial
quality using a two-interval forced-choice procedure [110].

Each participant completed 4 (scenes) � 2 (assignment
orders) � 4 (repeats) = 32 trials, with randomized order.
Figure 17 (b) reports the participant-level preference rates
aggregated across all scenes. We further summarize these rates
as mean � 1 standard deviation across participants. Across
17 � 32 = 544 total trials, clustered rendering with acoustic

foveation was preferred in 47% � 4% of cases. Scene-level
preferences were 50%�13% (scene 1), 48%�13% (scene 2),
43% � 12% (scene 3), and 49% � 15% (scene 4), as shown
in Figure 17 (c). A two-sided binomial test on the aggregated
count, with clustered rendering selected in 258 out of 544
trials, showed no signi�cant deviation from the 50% chance
level (p � 0:25, well above the 0.05 threshold), indicating
that clustered rendering is perceptually indistinguishable from
full spatial rendering. These results demonstrate that ECHO's
acoustic foveation preserves spatial audio �delity while sub-
stantially reducing computational cost.

Nine of the seventeen recruited participants additionally
completed a follow-up study to evaluate the perceptual impact
of head orientation changes. Using the same scenes, audio
sources, and listener positions as above, we re-rendered a
new pair of clips by rotating the listener's head orienta-
tion by 90� to the right in yaw, generating a new full-
rendering reference clip and a corresponding full/clustered
rendering test pair under the rotated pose, where cluster-
ing is recomputed via acoustic foveation conditioned on the
rotated orientation. In each trial, participants �rst listened
to the original reference audio, were then guided to rotate
their head by 90� to the right, and �nally compared the
newly rendered reference with the new test pair. All other
procedures and the number of trials remained unchanged.

Fig. 18: Prefer-
ence rates.

Figure 18 reports the participant-level pref-
erence rates across all scenes. Across 288
trials under 90� head rotation, clustered ren-
dering was preferred by 49% � 3%. Scene-
level preferences were 47%�14% (scene 1),
50%�16% (scene 2), 48%�12% (scene 3),
and 51%�15% (scene 4). A two-sided bino-
mial test, with clustered rendering selected
in 142 out of 288 trials, showed no signi�cant deviation from
the 50% chance level (p � 0:82), indicating clustered render-
ing remains perceptually indistinguishable from full rendering
even under substantial head orientation changes. These results
further con�rm the robustness of ECHO's acoustic foveation.

D. Comparison with Other Pose Estimation Methods

While integrated with ORB-SLAM3, our optimizations are
largely transferable to other SLAM/VIO front-ends. Many
pipelines share similar front-end structures and operations,
such as feature detection and reprojection-based pose esti-
mation. For example, VINS-Fusion [80], OKVIS [54], and
others adopt similar corner- and reprojection-based pipelines.
Our design targets these recurring compute-intensive kernels
and data�ow patterns rather than ORB-speci�c semantics.

VII. CONCLUSION

In this work, we introduce ECHO, a hardware–algorithm co-
optimization framework for real-time SS in VR. Experimental
results show that ECHO signi�cantly reduces motion-to-sound
latency while preserving spatial audio �delity, thereby enhanc-
ing the user's auditory experience. These results show ECHO's
potential as a practical foundation for future SS solution in VR.
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