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Abstract
Augmented reality (AR) systems increasingly rely on real-time im-
age segmentation to interpret continuous egocentric video streams
and enable immersive, intention-aware interactions. However, exe-
cuting neural segmentation models on every high-resolution frame
introduces significant computational overhead and latency, exceed-
ing the real-time constraints of AR devices. This paper presents
EDIVA, an algorithm–hardware co-optimization framework for
differential egocentric video processing that exploits temporal re-
dundancy andmultimodal sensory cues in AR environments. EDIVA
uses gaze, pose, and inertial signals to infer user intent and reproject
previous segmentation masks via perspective transformation, up-
dating only regions with significant visual changes. A lightweight
mask refinement module corrects residual distortions to maintain
segmentation fidelity. We further design a dedicated EDIVA accel-
erator that integrates with the AR system-on-chip (SoC), enabling
efficient cache management, mask reprojection, and reuse detec-
tion. Evaluations on representative AR workloads show that EDIVA
reduces segmentation latency by 2.67× and energy consumption by
3.65× while preserving accuracy and temporal consistency, achiev-
ing real-time performance on edge AR hardware. Code is available
at https://doi.org/10.5281/zenodo.23225199.

CCS Concepts
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on a chip; • Computing methodologies→ Machine learning.
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1 Introduction
Virtual Reality (VR) and Augmented Reality (AR) are immersive
technologies that bridge the digital and physical worlds. VR cre-
ates a fully simulated environment that allows users to interact
with computer-generated spaces, often through head-mounted
displays. AR, in contrast, enhances the real world by overlaying
digital content such as visuals, audio, and contextual informa-
tion onto the user’s surroundings, transforming a wide range of
fields [5, 15, 25, 74, 94, 119].

As AR continues to evolve toward richer and more interactive
experiences, its effectiveness increasingly depends on how well the
system perceives and interprets continuous video streams from the
AR user’s environment. Modern AR platforms rely on computer
vision techniques to analyze these real-time video inputs, enabling
consistent alignment between virtual and physical elements.Within
this framework, segmentation has become essential for parsing each
video frame intomeaningful regions, enablingAR systems to anchor
digital content accurately, enhance realism, and maintain seamless
interaction with the real world. Figure 1 illustrates two examples.
In educational settings (Figure 1 (a)), segmentation identifies the
object a user is gazing at, providing the instance of interest (IOI) to
downstream modules such as a vision–language model (Figure 1
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Figure 1: The user wears the AR device and views various
scenes, with real-time image segmentation applied.

Platform HRNet [116] SegFormer [125] SAM-B [54] ESAM-S [127]
Jetson Orin NX [4] 779 ms 1419 ms 5462 ms 1307 ms
Qualcomm XR2 [88] 252 ms 880 ms 3471 ms 464 ms

Table 1: Segmentation latencies of different models across
platforms. Latencies on the Qualcomm XR2 Gen2 are mea-
sured on the NPU using the Qualcomm AI Hub Toolkit [87].

(c)). In an AR grocery scenario (Figure 1 (b)), real-time segmentation
across consecutive frames helps users locate items and enhances
the shopping experience. Prior work has explored many additional
AR applications built on image segmentation [7, 43, 44, 109].

Segmentation serves as a fundamental building block in AR, sup-
porting downstream tasks such as object recognition [145], scene
understanding [107], and multimodal reasoning [16]. Many AR
applications rely on accurate frame-level segmentation to localize
and interpret user focus in complex scenes. However, segmenta-
tion is computationally expensive. Running deep neural network
(DNN)-based segmentation continuously on high-resolution video
introduces substantial compute overhead and latency, often causing
perceptible delays that degrade responsiveness and immersion.

To examine this issue, we benchmark image segmentation work-
loads using established DNN models, including HRNet-W32 [116],
SegFormer B2 [125], SAM-B [54], and EfficientSAM-Small [127]
(ESAM-S), at an input resolution of 1408× 1408, matching the video
resolution of typical AR devices (e.g., Meta Aria [32] and VIVE
Pro 2 [2]). Experiments are conducted on the NVIDIA Jetson Orin
NX edge GPU [4], which is widely used in prior studies evaluating
edge GPU performance for AR systems [41, 51, 80, 93, 136, 140],
and on the Qualcomm XR2 Gen2 platform [88], used in Meta Quest
Pro [52] and Meta Aria [32]. As shown in Table 1, average pro-
cessing latencies reach 2241 ms on Jetson Orin NX and 1267 ms
on XR2, orders of magnitude above the latency threshold required
for a fluid visual experience, which prior research identifies as ap-
proximately 50-70 ms [6]. This issue is further exacerbated during
active user movement, where large motion-to-photon latency [92]
causes significant misalignment between the rendered mask and
the underlying object, leading to severe cybersickness [57].

The usage scenarios in Figure 1 illustrate two key properties of
segmentation in AR environments that differ from conventional
computer vision settings. First, AR segmentation is inherently
intention-driven: users typically attend only to the IOI within their
field of view, often indicated by gaze direction. As shown in Figure 1,
this means segmentation can be localized around the gazed region
rather than performed densely over the entire frame. Second, the

movement
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EDIVA

Gaze Point Mask

EDIVA

(a) (b)

movement

Figure 2: (a) Temporal correlation across the segmentation
masks. (b) EDIVA performs segmentation in a differential
manner to improve efficiency.

segmentationmasks of gaze-focused objects exhibit strong temporal
consistency across successive frames. This arises from the smooth,
continuous nature of head and eye movements in AR users, where
the viewpoint evolves gradually rather than undergoing abrupt
changes. As illustrated in Figure 2 (a), at timestep T, assume the
user is gazing at a sofa that is segmented by the DNN. At timestep
T+1, a small rotation (e.g., a head swing) or translation of the user’s
head (e.g., walking) slightly shifts the front view, yet IOI remains
the same. Consequently, the segmentation masks of the IOI across
adjacent frames are highly correlated. Instead of performing inde-
pendent segmentation for every incoming frame, leveraging this
temporal redundancy offers an opportunity to substantially
reduce redundant computation while maintaining accurate
and temporally consistent segmentation over time.

In this work, we begin by analyzing real-world AR usage traces
collected from head-mounted AR devices to quantitatively validate
these properties. Additionally, modern AR platforms expose a rich
set of sensory signals, including gaze estimation, head and device
pose and inertial measurements, that can be exploited to predict
IOI motion, constrain the candidate regions, and guide selective
updates of segmentation results. Building on these insights, we pro-
pose EDIVA, a comprehensive algorithm–hardware co-optimization
framework that enables differential segmentation for egocentric
AR video streams. Rather than recomputing dense segmentation for
every frame, the EDIVA algorithm leverages multimodal AR signals
to track user motion and IOI dynamics, incrementally updating only
the affected regions by selecting and reprojecting appropriatemasks
to the current point of viewwhile reusing prior results elsewhere. In
doing so, it efficiently generates accurate IOI segmentation masks
on resource-constrained AR devices with substantially reduced
computational cost, while preserving the real-time segmentation
accuracy and temporal consistency. Specifically, our contributions
can be summarized as follows:

• We propose the EDIVA algorithm, a deep learning-based
framework that leverages user motion and gaze location to
exploit the temporal correlation for efficient video segmenta-
tion in AR environments. The EDIVA framework is designed
to be integrated with any existing segmentation network,
enhancing its generality.
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Figure 3: (a) The SoC of the AR device. (b) Meta Orion Glass and (c) Meta Quest Pro. Although the Meta Quest Pro is primarily
a VR headset, it can operate as an AR device by showing the real-world scene through its passthrough cameras. (d) Latency
breakdown of segmentation process on AR device.

• We propose the EDIVA accelerator as a plug-in for AR SoC
that manages video caching, performs differential segmenta-
tion, and significantly reducesworkload on edgeGPUs/NPUs.
We also introduce a lightweight enhancement to the image
signal processor that lowers the image transmission costs.

• Evaluation results show that EDIVA delivers a 2.67× speedup
and 3.65× energy reduction over hardware baselines, with
negligible accuracy loss and improved visual quality.

2 Background and Related Work
2.1 AR Device Overview
Modern AR devices are equipped with multiple types of sensors that
provide rich sensory information and can continuously track the
user’s state, such as gaze location and head pose, at very low cost.
Figure 3 (b) and (c) illustrate the Meta Orion glasses and the Meta
Quest Pro, both of which integrate a rich multi-camera and sensor
suite for egocentric perception. Each device incorporates outward-
facing RGB cameras that capture high-resolution visual (2880×2880)
input. In addition, inward-facing infrared cameras are dedicated
to eye tracking (ET). Tracking cameras are used for Simultaneous
Localization andMapping (SLAM). ET and IMU sensors are standard
components in modern AR systems, including Microsoft HoloLens
2 [26], Apple Vision Pro [13], and Magic Leap 2 [68]. Together, this
sensing stack provides high-quality visual input, gaze information,
and precise pose tracking at low cost, making these platforms well-
suited for intention-aware AR interaction.

Figure 3 (a) illustrates the primary components of the AR SoC,
which comprise the sensing subsystem, alongside the CPU, GPU,
DMA controller, and display engine. Some advanced AR devices also
integrate a neural processing unit (NPU) to accelerate AI-related
workloads. The detailed architecture of the image sensor is shown
on the left side of Figure 3 (a), consisting of a pixel array, analog-
to-digital converters (ADCs), readout circuits, and both analog and
digital buffers. The digitized data are passed to the image signal
processor (ISP) before forwarding the processed data to DRAM of
SoC via Mobile Industry Processor Interface (MIPI) [3].

To perform conventional image segmentation, the processing
flow is illustrated by the numbered steps in Figure 3 (a). At each
timestep, the outward-facing camera captures a high-resolution
frame and transmits it through the MIPI interface (Step 1), where
it is temporarily buffered in DRAM (Step 2). The GPU then exe-
cutes a DNN–based segmentation model (Step 3) to produce the
segmentation mask, which is subsequently rendered on the AR

display (Step 4). However, implementing segmentation over GPU
introduces substantial processing latency, resulting in a noticeable
degradation of the user’s visual experience. Specifically, Figure 3 (d)
shows the latency and energy breakdown for processing a single
1408 × 1408 input frame with ESAM-S [127], revealing that most
of the cost is dominated by executing the AI model on the GPU.
In addition, the MIPI communication overhead, which scales with
the number of transmitted pixels, is also noticeable [42, 63, 137]. In
contrast, the latency and energy contributions from sensing and
display are relatively minor.

2.2 Saccadic Motion of AR User
Human gaze alternates between stable fixations, where the eyes
remain still to gather visual information, and rapid saccades, which
redirect gaze to a new target. During saccades, visual sensitivity
drops sharply [21, 29, 72], enabling AR systems to temporarily
lower shading rates or pause tasks such as super resolution and
segmentation [55, 56, 103, 114].

In headset viewing, both eye motion and head motion contribute
to gaze shifts, producing saccades with a wide range of speeds
and dynamics, from eye-only shifts to coordinated eye and head
redirections toward a new target [38, 46, 47]. During head motion,
the vestibulo-ocular reflex (VOR) [11, 27, 28] rotates the eyes in
the direction opposite to the head in order to stabilize the retinal
image. As a result, gaze in the world frame can remain nearly stable
even when the eyes rotate substantially in the head frame [19, 105].
Thus, accurate saccade detection must consider both eye motion
and head motion and must reason about gaze behavior in the world
frame rather than eye rotation alone.

2.3 Image and Video Segmentation
Semantic segmentation [22–24, 59, 73, 110, 115, 126] assigns a se-
mantic label to every pixel in an image, dividing the scene into
meaningful regions for structured analysis. Building on this, in-
stance segmentation [18, 49, 60, 75, 123, 135] further separates
individual object instances, enabling finer detail and more pre-
cise scene understanding. Prior work on video instance segmenta-
tion [62, 90, 117, 121, 128, 129] often processes multiple consecutive
frames jointly to leverage temporal cues and improve accuracy. Al-
though this improves continuity, it adds substantial latency.

Other prior work uses optical flow [14, 112] to improve video
segmentation consistency and efficiency. However, flow estimation
models require specialized architectures or training schemes to
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Figure 4: (a) Comparison between mask reuse and EDIVA
differential segmentation. (b) IoU of reused masks over time.
(c) Distribution of the fixation durations.

be effective [30, 112]. Flow computation itself also adds notable
overhead [65, 122, 139]. In contrast, EDIVA uses built-in motion and
gaze signals fromAR devices to exploit temporal correlation directly
in the IOI determined by user behavior and is model-agnostic.

2.4 Temporal Correlation in AR Scene
Segmentation

Human visual perception in AR shows strong temporal correlation.
Such redundancy offers significant opportunities for computational
reuse, especially for tasks like segmentation where object bound-
aries remain stable across frames. As illustrated in Figure 4 (a), when
the user continues looking at the same object, the segmentation
mask can often be reused rather than recomputed.

To quantify this effect, we analyze 10 representative sequences
from the Aria Everyday Activities (AEA) [66] and Aria Digital Twin
(ADT) datasets [81]. We construct a histogram of fixation durations,
defined as the number of consecutive frames during which the user
continues to gaze at the same object, as shown in Figure 4 (c). The
results reveal that 23.5% of all frames belong to video segments
where the gaze remains on the same object for 6–10 frames, while
15.8% correspond to extended fixations lasting more than 40 frames.
Only 6.7% of frames involve immediate gaze shifts.

However, directly reusing previous segmentation masks with-
out adaptation can lead to poor segmentation performance and
degrade the user experience. Even when the user continues to look
at the same object, natural head or body movement can change the
object’s apparent size, shape, or position within the field of view.
As illustrated in Figure 2 (a), when the user walks toward a sofa,
the sofa gradually occupies a larger portion of the view, leading to
geometric distortion if the earlier mask is reused. To quantify this
effect, we evaluate mask reuse accuracy using the ESAM model
on a representative sequence from the ADT dataset. As shown in
Figure 4 (b), the intersection over union (IoU) between the ground
truth mask and the reused mask is 0.74 at timestep 𝑡 , but it drops
to 0.66 after only two timesteps 𝑡 + 2, with accuracy continuing to
decline as reuse duration increases. This result highlights the need
for dynamic mask adjustment to account for user motion.

3 EDIVA Algorithm
Performing segmentation on every individual AR frame introduces
significant processing latency and severely degrades the user ex-
perience. In this section, we present the EDIVA algorithm to refine
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Figure 5: (a) Side view of perspective projection of O to O’ in
the image plane. (b) Perspective reprojection process.

segmentation masks across time in a differential manner with high
efficiency.

3.1 Geometry-Based Mask Reprojection
Motivated by the observations in Figure 2, where segmentation
masks across consecutive frames exhibit strong temporal corre-
lation, we note that when a user continuously gazes at the same
IOI, the variation in the segmentation mask primarily arises from
changes in the egocentric front view, which in turn depend on
the user’s pose. Since pose information can be readily obtained
from tracking information from the AR headset from IMU sensors,
we leverage this geometric information to efficiently estimate the
evolving segmentation mask over time with minimal cost.

Image capture in a camera follows the principle of perspective
projection [8], where a 3D point𝑂 in the scene is projected onto a 2D
point𝑂 ′ on the image plane, as shown in Figure 5 (a). This projection
can be expressed by a transformation matrix𝑇𝑤𝑐 (𝑓 ) ∈ R4×4, where
𝑇𝑤𝑐 (𝑓 ) depends on the camera focal length 𝑓 . Conversely, a 2D
image coordinate can be unprojected back into 3D space using the
principle of similar triangles, also illustrated in Figure 5 (a). This
requires the depth 𝑑 of point 𝑂 , defined as its distance from the
camera optical center 𝑃 along the z axis. The unprojection operation
is represented by another transformation, 𝑇𝑐𝑤 (𝑓 , 𝑑) ∈ R4×4.

Additionally, an example of reprojection is illustrated in Figure 5
(b), where the camera moves from position 𝑃1 to 𝑃2 and 𝑃3. The pro-
jections of point𝑂 on image plane 1 and image plane 2 are denoted
as 𝑂 ′

1 and 𝑂 ′
2, respectively. The 2D coordinates of the projected

points 𝑂 ′
1 and 𝑂 ′

2 are denoted as 𝑜 ′
𝑓1
and 𝑜 ′

𝑓2
, respectively. Given a

point 𝑜 ′
𝑓1
within the segmentation mask of the coordinate system

𝑃1, the goal is to compute its corresponding projection 𝑜 ′
𝑓2
in the co-

ordinate system 𝑃2. With the camera intrinsic model and the depth
(𝑑1) of 𝑂 at 𝑃1, we first unproject 𝑂 ′

1 in the 2D image plane to the
3D coordinate of𝑂 in 𝑃1 camera coordinate system, denoted as 𝑜𝑝1 .
Then we compute the 3D coordinate of 𝑂 in 𝑃2 camera coordinate
system, denoted as 𝑜𝑝2 , using the tracking information from the
IMU sensor, which returns the device position and orientation in
real time. With their respective translation vectors and rotation ma-
trices, the transformation matrix from 𝑜𝑝1 to 𝑜𝑝2 can be calculated
and denoted as 𝑇𝑝1→𝑝2 . We then project 𝑜𝑝2 onto the image plane
of camera 𝑃2 to obtain 𝑜 ′

𝑓2
using the projection matrix 𝑇𝑤𝑐 (𝑓 ). The

resulting expression for computing 𝑜 ′
𝑓2
from 𝑜 ′

𝑓1
is given as:

[𝑜 ′𝑓2
𝑇
, 𝑓 , 1]𝑇 =𝑇𝑤𝑐 (𝑓 )𝑇𝑝1→𝑝2𝑇𝑐𝑤 (𝑓 , 𝑑1 ) [𝑜 ′𝑓1

𝑇
, 𝑓 , 1]𝑇 (1)
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Figure 6: (a) The composition of cache for mask reuse. (b) EDIVA differential mask generation module. (c) EDIVA algorithm
to produce mask. The step numbers for Direct Carryover check and reprojection check are highlighted in red and green,
respectively. (d) Mask reprojection effect. The mask refinement module covers the missing part.

Equation 1 can be applied to every point in the segmentation mask
of 𝑜 ′

𝑓 1 to compute its corresponding location in 𝑜 ′
𝑓 2. Since 𝑇𝑤𝑐 (𝑓 ),

𝑇𝑝1→𝑝2 , and𝑇𝑐𝑤 (𝑓 , 𝑑1) are all 4×4 matrices, the computation is very
lightweight. The same procedure can be applied to compute the
reprojection from 𝑃2 to 𝑃3. The Mask Reprojection Module, shown
in red in Figure 6 (b), takes as input the cached original frame
𝐼𝑐 , its mask 𝑀𝑐 , pose 𝑈𝑐 (Figure 6 (a)), the estimated depth map
𝑑𝑐 described in Section 3.2, and the current pose 𝑈𝑡 . Using these
inputs, it produces an estimated mask𝑀 ′

𝑡 from the new viewpoint
defined by𝑈𝑡 , following the formulation in Equation 1.

3.2 Depth Estimation Module
As shown in Equation 1, the depth information 𝑑1 for each point
within the mask is essential for performing the unprojection step.
However, such depth data are typically unavailable from standard
AR devices. To address this limitation, we design a lightweight DNN
to estimate the required depth values. Unlike prior approaches that
predict dense per-pixel depth maps for the entire image [31, 40, 113]
at high computational cost [120, 130, 132], EDIVA restricts depth
inference to the pixels within the segmentation mask of the IOI. Fur-
thermore, the depth estimation module produces a single average
depth value and reuses it across all pixels within the IOI mask. This
design choice is motivated by the observation that the refinement
mechanism described in Section 3.3 requires only this coarse depth
estimate to generate a high-quality refined mask. The mask com-
parison mechanism introduced in Section 3.4 prevents low-quality
reprojected and refined masks from being reused by triggering a
new segmentation, thereby further ensuring segmentation quality.
As validated by the evaluation results in Section 5, this approach
significantly reduces computational overhead while maintaining
segmentation accuracy.

As illustrated by the yellow block in Figure 6 (b), the depth
estimation module takes the cached input image 𝐼𝑐 and its corre-
sponding mask 𝑀𝑐 as inputs, and outputs a single average depth
prediction 𝑑𝑐 , which is subsequently used in the mask reprojection
stage. The module employs a compact four-layer neural network,
where the mask𝑀𝑐 is concatenated as an additional input channel
to 𝐼𝑐 for joint processing.

3.3 Mask Refinement Module
The reprojectionmechanism outlined in Section 3.1 enables efficient
estimation of the current segmentation mask with significantly re-
duced computational overhead. However, this approach has an
inherent limitation: it fails to account for regions of the ob-
ject that become newly visible from the updated viewpoint.
As illustrated in Figure 6 (d), the top panel depicts the original
segmentation mask (in purple), while the bottom panel shows the
reprojected result (in green). The red regions correspond to the
incremental portions of the IOI that emerge from the new viewing
angle and are therefore absent in the reprojected mask. Further-
more, inaccuracies in pose estimation, depth estimation, and camera
distortion can introduce additional degradation in segmentation
quality. To mitigate these effects, we propose a DNN-based Mask
Refinement Module that utilizes the reprojectedmask as a strong spa-
tial prior, enabling the generation of a more precise and consistent
segmentation result.

The blue block in Figure 6 (b) illustrates the architecture of the
mask refinement module. Let 𝑔𝑡 and 𝐼𝑡 denote the current gaze
position and input frame, respectively, and let the input from the
mask reprojection module (Section 3.1) serve as its spatial prior. The
module refines this input to produce an enhanced segmentation
mask 𝑀𝑡 for frame 𝐼𝑡 , achieving substantially improved quality
and boundary accuracy. The mask refinement module employs a
lightweight DNN with a U-shaped architecture [91] with a three-
layer encoder and decoder. We downsample the input image to
further reduce computation overhead.

3.4 Differential Mask Generation and
Reprojection Check

Figure 6 (b) shows the architecture of the differential mask gen-
eration (DMG) module, which is composed of a depth estimator,
a mask reprojection module, and a mask refinement module. The
DMG module reprojects cached masks to the current viewpoint
according to the user’s present pose𝑈𝑡 .

The cache structure is illustrated at the top of Figure 6 (a). Each
entry contains three components: the RGB image 𝐼𝑐 , its segmen-
tation mask𝑀𝑐 , and the corresponding pose information𝑈𝑐 . The
cache stores multiple entries that can later be reprojected to gener-
ate the current IOI mask.

The reprojection check branch in Figure 6 (c) determines whether
a cached mask can be reprojected to produce the current IOI mask,
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or whether a new segmentation must be performed. Given the cur-
rent pose𝑈𝑡 , gaze location𝑔𝑡 , and captured image 𝐼𝑡 , the framework
proceeds as follows. If the cache is non-empty (step 1), cache en-
tries are examined in temporal order, prioritizing the most recently
added items. Before testing whether the current gaze position lies
within a cached mask 𝑀𝑐 , we first reproject the current gaze co-
ordinate 𝑔𝑡 from the current pose 𝑈𝑡 into the cached pose 𝑈𝑐 . If
the reprojected gaze falls inside 𝑀𝑐 (step 2), the corresponding
cached RGB image 𝐼𝑐 together with𝑀𝑐 is reprojected to the current
viewpoint, producing 𝐼 ′𝑐 and𝑀 ′

𝑐 . We then compute the pixel-wise
difference between the masked regions of 𝐼 ′𝑐 and 𝐼𝑡 (step 3). If this
difference is below a predefined threshold 𝜏 , the cached mask𝑀𝑐 is
deemed consistent with the current IOI and is reprojected by the
DMG module to generate the new mask𝑀𝑡 . If the condition fails,
the system proceeds to the next cache entry. The search terminates
once a valid match is found; otherwise, if no entry satisfies the con-
straints, the segmentation model is invoked to generate new masks
for all objects in 𝐼𝑡 , and only the masks of the IOI are stored as a
new cache entry. If the cache is full, the oldest entries are evicted
to make room for incoming ones.

3.5 Saccade Detection
As discussed in Section 2.2, saccadic motion reduces visual sensi-
tivity, enabling the system to briefly pause segmentation and save
computation. To enable this, we detect saccades by combining head
and eye motion using a gaze angular velocity model. Let 𝑅ℎ𝑤 be the
rotation matrix from the head frame to the world frame obtained
from IMU readings. The gaze angular velocity in the world frame
is 𝝎𝑔,𝑤 ≈ 𝝎ℎ,𝑤 +𝑅ℎ𝑤 𝝎𝑒,ℎ , where 𝝎ℎ,𝑤 is the head angular velocity
in the world frame and 𝝎𝑒,ℎ is the eye angular velocity in the head
frame. Both terms can be obtained or easily computed from IMU
and eye-tracking data. A saccade is detected when the magnitude
∥𝝎𝑔,𝑤 ∥ exceeds a velocity threshold, typically around 30◦/s as used
in standard I-VT velocity-threshold methods [17, 78, 79, 95]. This
composition-based approach naturally accounts for eye-only sac-
cades, coordinated eye–head movements, and the compensatory
effects of the vestibulo-ocular-reflex that keep gaze nearly stable.

3.6 EDIVA Algorithm Summary
Given the detailed descriptions of each component in the previous
sections, we now summarize the full EDIVA pipeline by presenting
the complete algorithm, as shown in Figure 6 (c), which consists of
three core components: Direct Carryover check, Reprojection check
and Segmentation execution. The purpose of Direct Carryover check
is to determine whether the current segmentation mask 𝑀𝑡 can
simply reuse the mask from the last timestep𝑀𝑡−1.

Specifically, the algorithm begins with the saccadic check intro-
duced in Section 3.5. At each timestep 𝑡 , this check is performed to
determine whether the user is undergoing a saccadic motion. If a
saccade is detected (Step 1), the current frame is skipped to avoid
unnecessary computation during rapid eye and head movements.
When no saccade is detected, the system next compares the current
pose 𝑈𝑡 with the previous pose 𝑈𝑡−1. If their Euclidean distance
exceeds a threshold 𝛼 , the user is considered to have moved, and
the previous mask𝑀𝑡−1 cannot be reused (Step 2). Otherwise, we
next check whether the current gaze location 𝑔𝑡 remains within

the mask𝑀𝑡−1 (Step 3). If it does, the pixel-wise difference between
the previous RGB image 𝐼𝑡−1 and the current image 𝐼𝑡 is evaluated
(Step 4) to determine if the IOI has moved. If this difference is below
a threshold 𝛾 , the IOI is assumed to remain unchanged, and𝑀𝑡−1
can be safely reused.

If𝑀𝑡−1 cannot be reused, the reprojection-check branch is exe-
cuted as described in Section 3.4. If the reprojection-check branch
also fails, the segmentation neural network is applied to the cur-
rent frame 𝐼𝑡 , and the corresponding cache entries are refreshed.
Although EDIVA greatly reduces the number of segmentation op-
erations during video processing, a single segmentation step still
introduces noticeable latency. To mitigate this, we apply average
downsampling to the high-resolution input image so that segmen-
tation can meet real-time latency requirements. To compensate
for the information loss introduced by downsampling, the mask
refinement module is trained to reconstruct a high-resolution mask
from the low-resolution output, preserving fine object boundaries.

4 EDIVA Hardware System
In this section, we start with an overview of the EDIVA SoC system
(Section 4.1). Then we describe the EDIVA accelerator for efficient
EDIVA algorithm execution in Section 4.2. Finally, an image sig-
nal processor enhancement is introduced in Section 4.3 to further
improve the system performance.

4.1 Motivation and System Overview
The EDIVA SoC design is motivated by the principle that execut-
ing the EDIVA algorithm should not repeatedly interrupt other
latency-critical, always-on AR tasks that already occupy existing
compute units. Frequent interruptions and subsequent recovery
introduce unnecessary system latency and energy overheads [146].
This motivates the inclusion of a dedicated hardware unit capable of
autonomously executing the EDIVA algorithm, rather than relying
on a software implementation that contends for shared compute re-
sources on every frame. Second, as detailed in Section 3, the EDIVA
algorithm involves reprojecting multiple cached masks. At our tar-
get resolution, a single dense binary mask stored in byte-per-pixel
format [76] occupies 410 KB. Storing 20 cached masks without com-
pression requires 8.2 MB, forcing frequent off-chip DRAM accesses.
Furthermore, image reprojection in EDIVA depends on the user
movement and gaze location, which are non-deterministic, so the
memory access in Equation 1 is irregular and data dependent, lead-
ing to severe memory divergence. This issue is exacerbated when
the movement distance increases. This condition motivates us to de-
sign a dedicated memory space with data compression mechanism
and structured memory access control. Third, because of the lack
of support for preemption at reasonable granularity in edge GPU
hardware [12], the context-switch latency is non-deterministic and
may reach the millisecond level [48]. Offloading the computation-
ally lightweight but latency-sensitive reprojection and refinement
to a dedicated accelerator eliminates this contention, freeing GPU
resources for compute-intensive tasks while guaranteeing deter-
ministic reprojection latency.

Figure 7 illustrates the overall EDIVA AR SoC architecture. To
speed up key EDIVA operations such as mask reprojection, cache
search, and cache storage, we introduce the EDIVA accelerator,
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Figure 7: (a) An overview of the EDIVA AR SoC. The EDIVA accelerator is designed to integrate with the AR SoC. The outer
camera ISP is enhanced with a reuse detector to accelerate the Direct Carryover check. (b) EDIVA accelerator design.

a plug-and-play hardware unit designed for seamless integration
into AR SoCs. The SoC integrates an RGB outward-facing camera,
a grayscale eye-tracking camera, a grayscale SLAM camera, and
an IMU. Its compute resources comprise a CPU and GPU, along
with an optional NPU. The display subsystem renders the scene
and overlays segmentation masks onto the user’s view. The image
signal processor (ISP) handles early-stage image processing.

Figure 8 (a) illustrates the EDIVA SoC workflow. The system
operates asynchronously, with different components running at
their own frequencies. The mask is displayed following the video
frame rate. The SLAM camera and IMU continuously supply data
to the mono-inertial SLAM module, which estimates the user’s
position and orientation; the resulting pose estimates are stored
in a pose information buffer. In parallel, the ET camera captures
eye images, and the gaze-detection module continuously infers the
user’s gaze direction, storing the outputs asynchronously in a gaze
buffer. These are standard features on modern AR devices.

Meanwhile, the RGB camera streams frames into the RGB input
buffer, which are then consumed by the EDIVA accelerator, where
the algorithm in Figure 6 (c) executes to generate the mask for dis-
play. When EDIVA determines that a new segmentation is needed,
it triggers the segmentation DNN, which runs on either the GPU or
the NPU. Otherwise, the mask for the current frame is generated
directly within the EDIVA accelerator as described in Section 4.2.
For every frame, the accelerator fetches the most recent position,
RGB image, and gaze information from their buffers to ensure that
processing always reflects the latest sensor inputs.

EDIVA supports binocular AR displays by computing the seg-
mentation mask once and reprojecting it to both eye viewpoints
during the display stage.

4.2 EDIVA Accelerator
EDIVA accelerator is composed of four major components: the im-
age projector, compute engine, cache controller, and EDIVA cache, as
shown in Figure 7 (b).

4.2.1 EDIVA Cache Design. EDIVA accelerator features its own
scratchpad to store the EDIVA cache entries thus avoiding the
shared system cache and DRAM access contention in the SoC. As
illustrated in Section 3.4, each cache entry consists of an RGB image
𝐼𝑐 , a segmentation mask𝑀𝑐 , and pose information𝑈𝑐 .𝑀𝑐 is a binary
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Figure 8: (a) EDIVA workflow in the SoC. (b) EDIVA cache
mask compression steps.

map whose values are either 0 or 1. To reduce its storage footprint,
we compress each mask using the steps illustrated in Figure 8
(b). In Step 1 of Figure 8 (b), a bounding-box check is applied to
the binary mask to obtain the corner coordinates B1 and B2. In
Step 2, the mask is cropped to the bounding-box region. We then
further compress the cropped region using line-by-line run-length
encoding (RLE), leveraging the fact that mask regions are typically
spatially continuous. Finally, the RLE-encoded box together with B1
and B2 is stored as a mask entry in the EDIVA cache. On average,
RLE provides a 17× reduction within the bounding box region,
resulting in an overall 66× decrease in mask memory footprint,
based on profiling across five sequences from the Aria Digital Twin
and Aria Everyday Activities datasets. A lightweight hardware RLE
encoder and decoder are implemented to perform compression and
decompression efficiently.

The cache is organized into 16 banks, with 12 banks dedicated
to RGB image storage and the remaining 4 banks used for masks,
pose information, and associated metadata. The cache controller
manages read/write operations, performs cache-entry hit detection,
entry selection, and cache eviction.

4.2.2 Computation Engine and Image Projector. The computation
engine, highlighted in the red block of Figure 7 (b), contains the hard-
ware modules that accelerate geometry-based mask reprojection,
depth estimation, and mask refinement. Specifically, a transposer
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Dataset Model Img Size FV AD AS EDIVA

ADT

ESAM 6402 0.522/155 0.486/51 0.468/51 0.519/45
PSPNet 14082 0.489/185 0.426/61 0.375/61 0.478/54

SegFormer 6402 0.524/178 0.483/59 0.441/59 0.517/49
HRNet 7042 0.594/178 0.559/59 0.523/59 0.582/51

AEA

ESAM 6402 0.502/155 0.478/78 0.414/78 0.495/60
PSPNet 14082 0.464/185 0.418/93 0.385/93 0.458/74

SegFormer 6402 0.476/178 0.447/89 0.370/89 0.465/83
HRNet 7042 0.527/178 0.501/89 0.452/89 0.516/66

HD

ESAM 6402 0.455/155 0.427/78 0.384/78 0.444/62
PSPNet 14082 0.436/185 0.388/93 0.353/93 0.419/74

SegFormer 6402 0.488/178 0.439/89 0.402/89 0.471/67
HRNet 7042 0.493/178 0.462/89 0.407/89 0.488/69

Ego-
exo4D

ESAM 6402 0.562/155 0.524/78 0.497/78 0.553/58
HRNet 7042 0.544/178 0.518/89 0.483/89 0.537/65

Table 2: Accuracy results on video segmentation. The two
numbers before and after "/" show the IoU and GFLOPs.

module supports operand transposition, and the Gauss–Jordan
method [9] is employed to compute matrix inverses. We imple-
ment the transposer module and matrix inversion module from
scratch in RTL. A systolic array executes the neural networks for
the depth estimation module and mask refinement module, as well
as the transformation-matrix computations. The non-linear unit
handles operations including activation functions and normaliza-
tion. Following prior work [82, 86, 101, 124], we implement Taylor
approximation to accelerate computation.

The image projector is responsible for pixel-wise value assign-
ment according to the reprojection results. An address look-up
table (LUT) is configured based on the coordinate transformation
derived from Equation 1. Each mask is spatially partitioned into
tiles that are processed sequentially within the accelerator. Mul-
tiple virtual channels share the address LUT and the tile queue,
enabling concurrent processing of tiles with varying and irregular
memory accesses. The pixels are prefetched in a finer granularity
based on the coordinates computed from the compute engine, thus
improving the memory bandwidth efficiency.

4.3 ISP Enhancement
The image signal processor (ISP) is an integral component of the
image sensor subsystem in AR SoCs [104, 131]. With the growing
interest in in-sensor and near-sensor computation, the ISP has
become a promising candidate for customization to accelerate future
AR/VR workloads [10, 63, 104, 111].

In EDIVA, part of the Direct Carryover check (Step 4 in Figure 6
(c)) is offloaded to ISP, which computes the pixel-wise difference be-
tween the previous image 𝐼𝑡−1 and the current image 𝐼𝑡 . This design
choice is motivated by two factors. First, performing this operation
on the SoC would require transferring both high-resolution frames
over MIPI interface; as shown in Figure 3 (d), MIPI communica-
tion incurs large latency and energy overhead. Executing this step
within the ISP eliminates the need for these large data transfers.
Second, pixel difference computation is lightweight and integrates
naturally into the ISP’s lightly loaded processing pipeline, making
it well suited for efficient near-sensor execution.

Following the in-sensor compute design in [35], we add an on-
chip image buffer in the ISP to store the previous RGB image 𝐼𝑡−1,

as shown in the left part of Figure 7 (a). As new RGB values of 𝐼𝑡
are read out from the photodiode and ADC, each pixel is compared
against its counterpart through a simple subtraction and threshold-
ing operation. If the pixel-wise difference stays below a predefined
threshold 𝛾 , the RGB image is not transferred to the SoC; instead,
the ISP sends a lightweight acknowledgment signal indicating that
no mask update is required.

5 EDIVA Accuracy Evaluation
In this section, we assess EDIVA’s instance segmentation accuracy
across three datasets: Aria Digital Twin (ADT) [81], Aria Everyday
Activities (AEA) [66], and HD-EPIC (HD) [83]. Their video frame
rates are 30 Hz, 20 Hz, and 30 Hz, respectively. The ADT, AEA,
and HD datasets are collected with Aria Glasses [32] which reflects
real AR use cases. We also conduct experiments on the Ego-Exo4D
dataset [45], which contains dynamic scenes in both indoor and
outdoor environments. The video frame rate is 30 Hz.

For the segmentation module in Figure 6 (c), we evaluate EDIVA
using several pretrained networks, including EfficientSAM-Small
(ESAM-S) [127], PSPNet-ResNet101 [141], SegFormer-B2 [125], and
HRNet-W32 [116]. The image size for each model is set to 640×640,
1408 × 1408, 640 × 640, and 704 × 704, respectively. The position
distance threshold 𝛼 , pixel-difference threshold 𝛾 for reuse, and
pixel-difference threshold 𝜏 for reprojection in Section 3.6 are set
to 0.05 m, 5%, and 10%, respectively. The cache size in EDIVA al-
gorithm is set to 20. The DNNs within Mask Refinement Module
and Depth Estimation Module are trained on 20 video sequences in
each dataset for 10 epochs. The evaluation is conducted on 10 test
video sequences covering different scenarios.

To evaluate EDIVA, we compare EDIVA against the original
ESAM-S, HRNet, PSPNet, and SegFormer models, which perform
segmentation on every frame; we refer to this baseline as Full Video
(FV). Additionally, we develop two baseline algorithms. The first,
Average Downsampling (AD), reduces computation by applying
average downsampling to the input image. The second, Average
Skipping (AS), periodically skips segmentation and reuses the most
recent mask for the skipped frames. We adopt Intersection over
Union (IoU), a metric used to measure the overlap between the
predicted segmentation map and the ground truth map.

5.1 Segmentation Accuracy
We assess EDIVA’s segmentation performance while keeping the
FLOP budget roughly consistent across all baselines for each dataset
model pair. For the AD baseline, images are downsampled by 3×, 2×,
2×, and 2× for the ADT, AEA, HD-EPIC, and Ego-Exo4D datasets,
respectively. For the AS baseline, segmentation is performed ev-
ery 3, 2, 2, and 2 frames for ADT, AEA, HD-EPIC, and Ego-Exo4D,
respectively. As shown in Table 2, EDIVA consistently achieves
higher IoU than AD and AS baseline methods while using signif-
icantly less computation. On average, compared with FV, EDIVA
reduces the computational cost by 71%, 59%, 61%, and 63% on the
ADT, AEA, HD-EPIC, and Ego-Exo4D, respectively. This efficiency
gain comes from EDIVA’s ability to exploit strong temporal correla-
tions between consecutive masks, substantially reducing redundant
computation across frames.
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Model W/O Refine W/ Refine
ESAM 0.511/42 0.519/45
PSPNet 0.456/50 0.478/54

SegFormer 0.481/46 0.517/49
HRNet 0.534/47 0.582/51

Table 3: Impact of Mask Re-
finement on ADT.

#Entries ADT/HRNet AEA/PSPNet
1 0.591/102 0.463/113
10 0.588/70 0.461/86
20 0.582/51 0.458/74
50 0.580/49 0.453/68

Table 4: Impact of the num-
ber of EDIVA cache entries.

5.2 Comparison with Temporal-reuse Baselines
Prior works [64, 144] explore the temporal redundancy in computer
vision tasks. Here we provide a comparison against Deep Feature
Flow (DFF) [144], which reuses intermediate features to improve
segmentation efficiency. We evaluate DFF with the ResNet-101 [50]
as segmentation backbone and FlowNet [37] for feature reuse on the
ADT dataset, finetuned under the same setting as EDIVA. ResNet-
101 and FlowNet require 220 and 17 GFLOPs respectively. We also
use the ResNet-101 as the segmentation backbone in the EDIVA
algorithm as a baseline. We set the DFF keyframe interval to 6
frames so that its computation cost is similar to EDIVA with the
ResNet-101 backbone. Under this matched budget, DFF reaches
0.446 IoU at 52.9 GFLOPs, whereas EDIVA reaches 0.487 IoU at 48.8
GFLOPs. EDIVA achieves higher accuracy at lower cost for two
reasons. First, DFF’s fixed-keyframe feature propagation reuses
from a temporally fixed source with no reuse quality check, so
the propagation error accumulates; EDIVA instead reprojects the
best-matching cached result and verifies each reuse, avoiding this
degradation. Second, DFF’s FlowNet adds a non-trivial 17.1 GFLOPs
for flow estimation, whereas EDIVA obtains motion directly from
device pose and IMU at negligible cost with a low cost DMGmodule.

5.3 Impact of Mask Refinement
In Section 3.3, we introduce a lightweight mask-refinement module
to enhance the quality of reprojected masks. We evaluate EDIVA
with and without this module on the ADT dataset using different
segmentationmodels, with results shown in Table 3. The refinement
step adds only 3.5 GFLOPs regardless of image size and improves
IoU by an average of 5.7% across all models, which demonstrates
the importance of the refinement module in EDIVA.

5.4 Reprojection Error Analysis
In Section 3.2, we introduce a lightweight depth estimation module
which predicts a single average depth value and reuses it across all
pixels within the IOI mask for reprojection. To quantify the impact
of using a single average depth to reproject themasks of objects with
significant depth variation and to evaluate whether the refinement
module can improve the reprojected mask quality, we develop three
baselines. The first baseline conducts mask reprojection using the
object’s ground-truth depth map without using the refinement
module. The second baseline conducts reprojection using predicted
average depth without using the refinement module. The third
baseline is EDIVA. We evaluate these three baselines on ADT and
AEA dataset using ESAM. The IoU of baseline 1, baseline 2, and
EDIVA are 0.522, 0.511, and 0.519 on ADT, and 0.493, 0.462, and 0.495
on AEA, respectively. The results show that using ground truth
depth improves mask quality even without a refinement module.
However, after introducing the refinement module, the mask quality

Dataset Model EDIVA-F EDIVA-D EDIVA

Aria Digital Twin ESAM-S 0.492/46 0.505/95 0.519/45
HRNet-W32 0.556/53 0.571/101 0.582/51

Table 5: Depth estimation module design choice.

Method Boundary F1 ↑ IoU Change ↓ LPIPS ↓ SSIM ↑
ADT AEA HD ADT AEA HD ADT AEA HD ADT AEA HD

FV 0.36 0.26 0.31 0.02 0.04 0.02 0.026 0.058 0.042 0.981 0.973 0.979
AD 0.29 0.18 0.23 0.05 0.10 0.09 0.054 0.073 0.069 0.964 0.955 0.962
AS 0.23 0.16 0.19 0.08 0.12 0.12 0.076 0.085 0.072 0.951 0.947 0.956

EDIVA 0.34 0.22 0.28 0.03 0.05 0.04 0.034 0.065 0.053 0.976 0.968 0.972

Table 6: Video segmentation perceptual quality results.

is largely recovered even when using predicted average depth. In
the AEA dataset, EDIVA can outperform the ground truth depth
baseline. This is because objects may move between timesteps, and
simply reprojecting cached masks, even with ground truth depth,
can result in misalignment. With a refinement module, EDIVA
improves the mask quality and achieves the best performance.

5.5 Impact of the Number of Cache Entries
As described in Section 3.4, EDIVAmaintains a cache storing images,
positions, and masks from previous frames. Increasing the number
of EDIVA cache entries raises the likelihood of successful mask
reprojection but also incurs higher search and storage overhead. We
evaluate IoU and GFLOPs under varying cache sizes using HRNet
on the ADT dataset and PSPNet on the AEA dataset, with results
shown in Table 4. We find that a cache entry number of 20 achieves
the best balance between computational cost and segmentation
accuracy. For the evaluation, we fix the cache entry number and
report performance averaged across each dataset.

5.6 Impact of Depth Estimation and Mask
Refinement Module

In Section 3.2, we introduce the lightweight design of the depth esti-
mator to reproject a cached mask and a mask refinement module to
improve the reprojected mask quality. To justify this choice, we re-
place the EDIVA depth estimator and the refinement modules with
FastDepth [120] and Depth Anything V2 Small [130] within the
EDIVA pipeline, denoted as EDIVA-F and EDIVA-D, and evaluate
them on the ADT dataset using both ESAM-S and HRNet segmenta-
tion models. As shown in Table 5, EDIVA’s depth estimator achieves
a better accuracy-efficiency tradeoff in IoU and computational cost.
These results also highlight the limited impact of depth-prediction
errors on EDIVA’s segmentation accuracy, because the refinement
module improves the reprojected masks, while the image-difference
comparison mechanism filters out low-quality masks and triggers
a new segmentation when necessary.

5.7 Perceptual Quality Evaluation of Generated
Masks

To evaluate the perceptual quality of EDIVA-generated masks, we
measure boundary accuracy, temporal consistency, and visual fi-
delity. For boundary accuracy, we report the Boundary F1-score [84],
which evaluates segmentation quality along object boundaries. For
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Figure 9: Latency (bar) and energy (red lines) evaluation across different methods. Pie charts show the latency breakdown.

temporal consistency, we measure IoU change [84], a DAVIS tempo-
ral stability metric that quantifies the change in IoU from the first to
the last temporal quartile of a video segment. We define a fixation
duration as a video segment and report the average IoU change
across all segments in each video. For visual fidelity evaluation, we
evaluate Learned Perceptual Image Patch Similarity (LPIPS) [138],
and Structural Similarity Index Measure (SSIM) [118].

Table 6 shows the results on different baselines across datasets
andmodels. EDIVA consistently achieves higher Boundary F1 scores
and lower IoU change than both the AD and AS baselines, demon-
strating superior boundary accuracy and stronger temporal consis-
tency across frames. EDIVA also achieves lower LPIPS and higher
SSIM than AD and AS, confirming that the masks produced by
EDIVA visually align to the objects better than AD and AS.

6 Hardware Performance Evaluation
The proposed EDIVA accelerator described in Section 4.2 consists of
a 2D 16×16 systolic array, non-linear units, control logic, and essen-
tial interfaces, all implemented in SystemVerilog, with frequency
set to 1GHz. The components are synthesized using Synopsys De-
sign Compiler [106] and evaluated through full RTL cycle-level
simulation to measure area, timing, and power, based on 45nm
CMOS technology [1]. A 2MB unified, double-buffered SRAM array
holds the EDIVA cache entries, model weights, and activations.
The on-chip SRAM bandwidth is set to 128GB/s and is modeled
using Destiny [85]. Synthesis results were scaled to 22 nm using
DeepScaleTool [96]. The total area is 5.9𝑚𝑚2, where on-chip buffers
dominate (64%), followed by the computation engine (31%), and
control logic (5%). The EDIVA accelerator power is 464mW and the
power breakdown of the computation engine, SRAM, and control
logic is 22%, 74%, and 4%.

We evaluate segmentation DNN execution on two platforms:
GPU performance on NVIDIA Jetson Orin NX [4] using the Tegra
System Profiler [77], and NPU performance on the Qualcomm XR2
Gen2 [88] using the Qualcomm AI Hub toolkit [87]. Qualcomm
AI Hub profile jobs evaluate models by running them on physi-
cal devices in the cloud instead of simulation or analytical mod-
eling. XR2 power is estimated by scaling GPU power according
to the NPU–GPU power ratio reported in prior studies [89, 108].
The image sensor power is estimated at 385 mW, with the ISP
contributing 164 mW, based on the measurements from previous
studies [67, 69, 146] and commercial sensor data [97–99]. For the
ISP enhancement, an additional 480 KB image buffer is added to
store the previous input frame 𝐼𝑡−1. This buffer consumes 98 mW

of power, consistent with prior in-ISP computation designs [10, 53].
The comparison logic takes 2.4mW power. The latency of the im-
age sensor pipeline is set to 5 ms, reflecting typical image sensor
designs under normal lighting conditions [61, 71, 100]. The MIPI
interface [3] operates at 10 Gbps (four lanes).

We evaluate the system latency and energy of the EDIVA using
HRNet, PSPNet, SegFormer, and ESAM-S as segmentation models
to execute the instance segmentation tasks on the ADT, AEA, and
HD-EPIC datasets with identical algorithmic settings in Section 5.
The reported latency and energy values are averaged over all frames
in the videos. We disable the saccade detection, ensuring no frame
skip from saccade. The hardware/software interface of EDIVA is
narrow and confined to the driver layer.

6.1 System Evaluation Results
EDIVA is a joint optimization framework that includes innovative
algorithmic design (EDIVA algorithm) and novel hardware design
(EDIVA accelerator and ISP enhancement). To evaluate the individ-
ual contributions of each part to the overall system performance,
we use several baseline approaches. The first baseline, GPU, trans-
mits every frame from the image sensor to the SoC and executes
the segmentation model to process every frame on the Jetson Orin
NX GPU. The second baseline, EDIVA GPU, executes the EDIVA
algorithm to skip redundant segmentation. Both the segmentation
model and the EDIVA algorithm are executed on the Jetson Orin NX
GPU, with every frame transmitted from the image sensor to the
SoC. The third baseline, EDIVA GPU+ACC, executes the EDIVA
algorithm in the EDIVA accelerator, with other settings the same as
EDIVA GPU baseline. The fourth baseline, EDIVA GPU+ACC+In-
ISP, additionally enables the ISP enhancement. Similarly, we also
implement all segmentation models on the Qualcomm XR2 Gen2
NPU instead of the GPU, resulting in four additional baseline al-
gorithms: XR2, EDIVA XR2, EDIVA XR2+ACC, and EDIVA
XR2+ACC+In-ISP.

Figure 9 compares the above methods in terms of average latency
and energy consumption to process video stream on multiple seg-
mentation models and datasets. On average, EDIVA GPU+ACC+In-
ISP and EDIVA XR2+ACC+In-ISP achieve 2.67× speedup and 3.65×
energy saving compared to the baseline algorithm (XR2 and GPU)
where every frame is segmented across different configurations,
while achieving better segmentation accuracy on IOI as shown in
Table 2 compared to other baselines. Among all configurations,
EDIVA GPU+ACC+In-ISP and EDIVA XR2+ACC+In-ISP achieve
the lowest latency, staying within the 50 to 70 ms range required
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Figure 10: (a) Energy consumption and breakdown across
different baselines. (b) Impact of image difference thresholds.
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for a fluid visual experience. EDIVA’s strong performance comes
from its ability to skip temporally redundant frames and from the
specialized AR SoC hardware that incorporates the EDIVA accel-
erator and ISP enhancement. In addition, as shown in Figure 8 (a),
the accelerator accesses the most recent pose and gaze data each
frame, allowing SLAM and gaze detection latency to be hidden.

Compared to the GPU andXR2 baselines, EDIVAGPU and EDIVA
XR2 reduce latency by 1.75× and 1.59×, and energy consumption
by 2.72× and 2.34×, respectively, demonstrating that the EDIVA al-
gorithm effectively alleviates the latency and energy bottlenecks of
segmentation by carrying forward cached masks. Moreover, EDIVA
GPU+ACC and EDIVA XR2+ACC reduce latency by 1.27× and
1.31×, and energy by 1.21× and 1.31×, respectively, compared with
the EDIVA GPU and EDIVA XR2 baselines, demonstrating that
the EDIVA accelerator substantially lowers system latency and en-
ergy. Lastly, during Direct Carryover check, an average of 18% of
frames can be directly reused, eliminating projection checks and
segmentation. With ISP enhancement, these frames also avoid MIPI
transfer, DRAM access, and image-difference computation. As a
result, ISP enhancement provides an additional 1.26× and 1.22×
latency reduction and 1.12× and 1.20× energy reduction over the
EDIVA GPU+ACC and EDIVA XR2+ACC baselines, respectively.

Figure 10 (a) shows the average energy breakdown and total
energy consumption of the ESAM model on the ADT dataset. The
results show that introducing the EDIVA accelerator significantly
lowers energy consumption compared with executing the algorithm
solely on the GPU or on XR2. Overall, EDIVAGPU+ACC+In-ISP and
EDIVA XR2+ACC+In-ISP achieve the lowest energy consumption,
largely due to the significant reduction in input transfer power.

6.2 Comparison with Existing Hardware
Accelerator

Euphrates [146] is a hardware accelerator that exploits the motion
vectors in the SoC’s vision pipeline to extrapolate results from a
key frame to subsequent frames, thereby skipping full neural net-
work execution on non-key frames. We reimplement this mecha-
nism within our evaluation framework: the segmentation backbone
(ESAM) is executed on key frames, and the resulting segmentation
mask is warped to subsequent frames using motion vectors, with
the motion-vector computation latency and power taken from the
values reported in the original paper. All other settings, dataset
(ADT), backbone, and hardware platform, are identical to EDIVA,
so that the comparison isolates the reuse mechanism. Following

Configuration Lat. Eng. IoU

Euphrates [146] 112.4 458.3 0.483
EDIVA XR2+ACC+In-ISP 61.4 225.4 0.519

Table 7: Comparison against Euphrates. Units of latency (Lat.)
and energy (Eng.) are millisecond and millijoule.

ADT ESAM-S ADT HRNet
OF GPU EDIVA GPU OF GPU EDIVA GPU

127ms / 615mJ 105ms / 484mJ 121ms / 453mJ 102ms / 369mJ
Table 8: Comparison with optical flow based method.

Euphrates, the warped mask is accepted without any validity check.
We set the propagation window so that Euphrates attains a seg-
mentation accuracy comparable to EDIVA, allowing a like-for-like
comparison of latency and energy at matched accuracy.

Table 7 reports the latency, energy, and accuracy of Euphrates
and EDIVA XR2+ACC+In-ISP. Euphrates incurs 1.83× higher la-
tency and 2.03× higher energy than EDIVA. Because its reuse is
confined to adjacent key frames, Euphrates cannot exploit the long-
span temporal redundancy that arises when the user revisits a
previously observed region, and therefore triggers full segmenta-
tion more frequently than EDIVA. It also lacks gaze information
and thus cannot skip frames during saccadic motion. In addition,
Euphrates attains lower accuracy, as motion-vector-based warping
is applied without any validity check or refinement, so propagated
masks degrade under larger viewpoint change; EDIVA instead veri-
fies and refines each reuse, and re-segments when the check fails.

6.3 Comparison to Optical Flow Method
For comparison, we implement an optical flow baseline (OF) by
replacing EDIVA’s pose based reprojection with dense optical flow
warping within the same EDIVA framework. We use the Farneback
method [33], a dense optical flow algorithm widely used in real
time vision pipelines, while keeping all other components identical
to EDIVA. We evaluate the OF baseline under the same settings as
the EDIVA GPU baseline, denoted as OF GPU. Table 8 reports the
latency and energy of OF and EDIVA baselines on the ADT dataset
using ESAM and HRNet. Due to the overhead of the Farneback
method in reprojection checks, the OF GPU baseline increases
latency and energy by 1.20× and 1.25× compared to EDIVA GPU.

6.4 Impact of EDIVA Accelerator
Current AR SoCs include neural processing units (NPUs) to accel-
erate neural network execution [88]. The DNN portions of EDIVA
(depth estimation, mask refinement) can also run on an NPU. How-
ever, the operations the EDIVA accelerator targets are not only
the regular DNN layers but also the irregular mask reprojection,
RLE (de)compression, and cache hit-detection/eviction, whose data-
dependent, scattered access patterns map poorly onto an NPU’s
regular systolic dataflow. To evaluate this directly, we add an in-
termediate baseline, EDIVA XR2+Reproj Acc, which runs the DNN
modules on the XR2 NPU but offloads only the irregular reprojec-
tion, RLE, and cache operations to the accelerator, and compare it
against EDIVA XR2 and EDIVA XR2+ACC baselines.
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Configuration ESAM PSP SF HR

Lat. Eng. Lat. Eng. Lat. Eng. Lat. Eng.

EDIVA XR2 98.1 324.8 81.3 240.0 103.2 344.6 92.4 245.1
EDIVA XR2+Reproj Acc 82.6 277.9 68.1 189.4 86.4 286.3 73.5 194.7
EDIVA XR2+ACC 77.4 255.8 60.8 171.6 80.2 267.9 67.3 175.9

Table 9: Impact of EDIVA accelerator. Units of latency (Lat.)
and energy (Eng.) are millisecond and millijoule.

Baseline Saccade ADT AEA
Lat. Eng. Lat. Eng.

EDIVA GPU+ACC+In-ISP W/O 57 255 61 271
W/ 51 227 45 227

EDIVA XR2+ACC+In-ISP W/O 51 137 53 146
W/ 46 122 44 123

Table 10: Impact of Saccade Detection. Units of latency (Lat.)
and energy (Eng.) are millisecond and millijoule.

As shown in Table 9, the comparison between EDIVA XR2 and
EDIVA XR2+Reproj Acc shows that moving only the irregular oper-
ations off the NPU and onto the accelerator already reduces latency
by 1.21× and energy by 1.22× on average across ESAM, PSP, SF, and
HR, even though the DNN layers still run on the XR2 NPU. Offload-
ing the complete EDIVA algorithm to the accelerator yields a 1.32×
latency and 1.34× energy reduction over the NPU-only baseline.
These results confirm that the accelerator’s benefit comes specif-
ically from handling the irregular, memory-divergent operations
that the NPU executes inefficiently, not from the DNN computation,
which the NPU already supports.

6.5 Impact of Saccade Occurrence
The previous evaluation does not include the hardware benefits
from saccadic motion. With saccade detection enabled, frames dur-
ing rapid eye or head movements can be skipped. We evaluate this
effect for the EDIVA GPU+ACC+In-ISP and EDIVA XR2+ACC+In-
ISP baselines on the ADT and AEA datasets using HRNet. Based on
the criteria presented in Section 3.5, 11% and 16% of frames are clas-
sified as saccades and skipped, leading to additional reductions in
latency and energy as shown in Table 10. We note that even without
saccadic motion, EDIVA already delivers strong performance.

6.6 Impact of Thresholds
In this section, we analyze how the image difference thresholds
𝜏 and 𝛾 used in the Direct Carryover and projection checks (Sec-
tion 3.6) affect system performance. We measure the latency and
energy consumption of EDIVA using HRNet on the ADT dataset
under different 𝛾–𝜏 settings, with results shown in Figure 10 (b). As
the threshold values decrease, more frames require segmentation,
leading to higher latency and energy consumption. This trend is
consistent across all baseline methods. EDIVA adopts the threshold
settings that optimize the balance of hardware performance and
accuracy.

Configuration ESAM PSP SF HR

Lat. Eng. Lat. Eng. Lat. Eng. Lat. Eng.

GPU+Carryover 174.6 1124.3 102.4 794.8 235.9 1497.5 129.1 953.6
EDIVA GPU 105.9 484.1 88.8 354.9 109.0 495.0 102.7 369.9
EDIVA GPU+A.+I. 65.6 378.6 54.5 253.2 67.3 374.4 57.4 255.2

Table 11: Impact of Direct Carryover Check. Units of latency
(Lat.) and energy (Eng.) aremillisecond andmillijoule. EDIVA
GPU+A.+I. denotes EDIVA GPU+ACC+In-ISP.

Configuration ESAM PSP SF HR

Lat. Eng. Lat. Eng. Lat. Eng. Lat. Eng.

EDIVA GPU+ACC w/o Comp. 97.9 495.3 77.7 328.5 99.2 501.6 89.9 361.2
EDIVA GPU+ACC 85.1 409.3 68.2 280.8 86.0 411.9 77.5 294.9

Table 12: Impact of RLE compression.

6.7 Impact of Direct Carryover Check
To isolate the benefit of Direct Carryover check introduced in Sec-
tion 3.6, we introduce GPU+Carryover baseline, which imple-
ments only the Direct Carryover check on the GPU without the
EDIVA accelerator. This baseline separates the contribution of sim-
ple reuse from the rest of EDIVA.

Using the same settings as Section 6.1, we evaluate GPU + Carry-
over, EDIVAGPU, and EDIVAGPU+ACC+In-ISP (EDIVAGPU+A.+I.)
with ESAM, PSPNet, SegFormer, and HRNet. As shown in the
Table 11, EDIVA GPU reduces latency by 1.56× and energy by
2.54× over GPU+Carryover, showing that reprojection recovers
many frames that carryover-only reuse would re-segment. EDIVA
GPU+ACC+In-ISP further improves this to 2.58× latency and 3.46×
energy reduction, confirming that EDIVA’s gains primarily come
from reprojection and dedicated hardware rather than simple reuse.

6.8 Impact of RLE Mask Compression
RLE Compression introduced in Section 4.2.1 is particularly effec-
tive for masks because they are binary and spatially contiguous
compared to RGB images. We cache a 4×4 downsampled version of
the RGB image for depth estimation (Section 3.2) to reduce storage
overhead. To quantify the benefit of RLE mask compression, we add
a baseline, EDIVA GPU+ACC w/o Compression, which is identi-
cal to EDIVA GPU+ACC but stores cached masks uncompressed.
We evaluate both configurations on the ADT dataset using ESAM,
PSPNet, SegFormer, and HRNet. As shown in Table 12, removing
compression increases per-frame latency by 1.15× and energy by
1.21× on average. With RLE compression, the 66× reduction in
mask footprint allows the full working set of cache entries to re-
main resident in the 2 MB SRAM, converting off-chip accesses into
on-chip hits. This shows that compression is not merely a storage
optimization, but is necessary to keep the reprojection pipeline free
from DRAM bottlenecks.

6.9 User Study
To evaluate the combined impact of segmentation quality and la-
tency, we conducted a user study on a Meta Quest Pro comparing
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EDIVA and the FV baseline using HRNet. We selected four fifteen-
second clips from the AEA dataset that reflect typical AR scenarios.
For each clip, all frames were segmented offline by both methods,
producing two mask sets with distinct accuracy characteristics con-
sistent with our algorithmic evaluation. During the study, each
clip was replayed on the Quest Pro while the eye tracker recorded
participants’ gaze. For each frame, the instance mask at the gaze
location was rendered as an overlay. To emulate end-to-end latency,
we apply method-specific delays based on our measurements (51
ms for EDIVA and 160 ms for FV): the mask shown at time 𝑡 corre-
sponded to the gaze position at 𝑡 −Δ. As a result, the two conditions
differ in both mask accuracy and the delay between gaze and the
displayed mask.
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Figure 11: Aggregate user
choice results.

Sixteen participants com-
pleted the study in a seated
configuration with hand
controllers. We employ a
two-interval forced-choice
(2IFC) design [133]. In each
trial, a single AEA clip
was shown twice, once
with our method and once
with the baseline. On each
trial, the order of which
method corresponded to A
or B was randomized. Af-
ter viewing both, they se-
lect the condition that pro-
vided the better overall experience, considering both mask quality
and segmentation delay. Each participant completed 32 trials (4
clips ×2 orders ×4 repeats). Across all 512 trials, our method was
chosen 486 times (94.9% ± 5.1%), as summarized in Figure 11. A
one-sided binomial test against random choice (𝑝 = 0.5) shows that
this preference is highly significant (𝑝 ≪ 10−10), indicating a strong
user preference for our method over the baseline. Overall, results
show a much better user experience of EDIVA.

7 Discussion
7.1 Importance of Accelerating Segmentation
Segmentation is a fundamental building block in AR systems, sup-
porting downstream tasks such as object recognition, optical char-
acter recognition (OCR), scene understanding, and multimodal rea-
soning. To provide a visually seamless user experience, prior studies
suggest that the end-to-end latency should remain within 50–70
ms [6]. However, Table 1 shows that segmentation alone already
exceeds this budget, with latency ranging from 252 ms to 5,462 ms.

To further demonstrate its impact, we profile representative OCR
pipelines on Jetson Orin NX. In the OCR pipeline, ESAM-S [127]
first segments the text region from a 640 × 640 image, which is
then cropped and passed to TrOCR-base [58] for recognition. Seg-
mentation takes 788 ms and 5028 mJ, while TrOCR-base takes only
81 ms and 615 mJ, making segmentation the primary latency and
energy bottleneck. We also evaluate a foundation model pipeline
(SmolVLM-256M [70]) on a video question-answering task with a
640 × 640 image and 156 prompt tokens, which takes 2620 ms and
23318 mJ. Although the foundation model inference has a higher

per-query cost, segmentation still contributes a substantial portion
of the computation. More importantly, segmentation runs on every
frame, whereas the foundation model is triggered only intermit-
tently, making segmentation the dominant continuous workload
for real-time AR.

EDIVA is presented in the context of segmentation. However,
EDIVA’s key idea can also extend to other pixel-level AR tasks,
such as object detection. For object detection, reprojection can
carry forward bounding boxes or keypoints across frames, which
are cheaper to reproject than dense masks, and the detector only
needs to run again when the reprojection-validity check fails.

7.2 Contribution Beyond Prior Work
Temporal correlation has been exploited in prior video perception
systems such as Deep Feature Flow [144] and NetWarp [39], while
ReFrame [64] leverages inter-frame similarity to reduce DNN pro-
cessing overhead. In contrast, EDIVA is not simply an AR-specific
application of feature or mask warping. It uses gaze, pose, depth,
and quality checks to identify, reproject, and validate cached seg-
mentation masks. This enables instance-level mask reuse across
non-adjacent frames when the user returns to a previously viewed
region, while skipping the entire segmentation network. Unlike
Deep Feature Flow and NetWarp, EDIVA is plug-and-play and does
not require retraining a dedicated propagation network. ReFrame,
in contrast, reuses intermediate activations to skip layers within the
network, whereas EDIVA reuses final segmentation masks and can
therefore skip the entire segmentation network. FovealSeg [135]
also explores segmentation mask reuse; however, EDIVA differs
from FovealSeg in several key aspects. EDIVA uses pose-based filter-
ing for Direct Carryover and jointly models eye and headmotion for
saccade detection, reducing unnecessary segmentation triggered by
head motion. Beyond temporal reuse, EDIVA exploits multimodal
signals available on AR devices to enable geometry-based mask
reprojection, refinement, and verification across viewpoints.

Prior works [20, 34, 36, 102, 134, 142, 143] exploit temporal re-
dundancy for hardware acceleration. Beyond its AR-specific con-
tributions, EDIVA differs by maintaining multiple historical seg-
mentation results and selecting the cached result that best matches
the current viewpoint through geometric reprojection and quality
checks, rather than relying on an adjacent frame or fixed key frame.
This allows reuse across arbitrary temporal intervals when the user
returns to a previously viewed region, reducing the number of full
segmentations while maintaining accuracy.

8 Conclusion
Image segmentation is critical for AR but running it every frame is
costly. EDIVA reduces this overhead by exploiting user behavior
patterns to avoid unnecessary segmentation, improving hardware
efficiency. Its core idea can also extend to other pixel-level AR tasks
such as object detection or optical flow, suggesting a broader design
approach that aligns AI processing with human attention.
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A Artifact Appendix
A.1 Abstract
The artifact packages the EDIVA algorithm of Section 3: the Depth
Estimation Module (Section 3.2), the geometry-based Mask Repro-
jection (Section 3.1), and the Direct Carryover check and Repro-
jection check that decide among them (Section 3.6). It ships with
EfficientSAM-Small (ESAM-S) [127] as the segmentation model and
one Aria Digital Twin (ADT) [81] sequence carrying the gaze, pose,
and RGB inputs the algorithm consumes. Running it reproduces
the algorithmic results in Table 2: EDIVA serves most frames from
the EDIVA cache instead of invoking the segmentation model, at
negligible IoU loss with respect to the Full Video (FV) baseline. We
give the check-list, then the installation, the experiment workflow,
and the expected results.

A.2 Artifact check-list (meta-information)
• Algorithm: EDIVA algorithm (Figure 6 (c)).
• Model: ESAM-S [127] as the segmentation model, plus the Depth
Estimation and Mask Refinement Modules; checkpoints are down-
loaded by the setup script.

• Data set: One ADT sequence, downloaded by the setup script.
• Hardware: Any CUDA GPU.
• Metrics: IoU, GFLOPs per frame.
• How much disk space required (approximately)?: 1GB.
• How much time is needed to prepare workflow (approxi-
mately)?: 30 minutes.

• How much time is needed to complete experiments (approxi-
mately)?: 5 minutes.

• Publicly available?: Yes.
• Code licenses (if publicly available)?: The source code is released
under the Creative Commons Attribution 4.0 International (CC BY
4.0) license.

• Data licenses (if publicly available)?: The artifact uses datasets
from the sources listed in the paper. The licenses and usage terms
of the original datasets apply.

• Archived (provide DOI)?: The artifact is archived on Zenodo and
is available at https://doi.org/10.5281/zenodo.23225199

A.3 Description
A.3.1 How to access. Code is available at https://doi.org/10.5281/
zenodo.23225199. The sequence slice and the checkpoints can be
fetched by download_assets.py.

A.3.2 Hardware dependencies. Any machine with a CUDA GPU.

A.3.3 Software dependencies. Python 3.12 or newer with a CUDA
build of PyTorch and a small set of standard scientific packages,
installed from the provided requirements file.

A.3.4 Data sets. A contiguous 150-frame window of an ADT se-
quence, providing per frame the RGB image, the gaze location 𝑔𝑡 ,
the ground-truth instance masks, and the device pose𝑈𝑡 , together
with the camera calibration. Poses and calibration ship as small
files, so the multi-gigabyte raw ADT recording is not required.

A.4 Installation
• Clone the repository.
• Create an environment, install PyTorch matching the local
CUDA runtime, then
pip install -r requirements.txt.

• Run
python download_assets.py to fetch the sequence slice
and the checkpoints.

A.5 Suggested experiment workflow
bash run_repro.sh runs the whole flow in three steps. First, the
FV baseline of Section 5, which executes the segmentation model
on every frame. Second, EDIVA, which follows Figure 6 (c): it at-
tempts the Direct Carryover check, then the Reprojection check,
and invokes the segmentation model only when both fail. Third,
verify.py, which compares the two passes against recorded refer-
ence values and prints a pass/fail table. python measure_flops.py
then reports the per-frame compute figures.

A.6 Evaluation and expected results
EDIVA preserves the segmentation quality of per-frame execution
while invoking the segmentation model on a fraction of frames.
On the shipped window, FV reaches an IoU of 0.461 and EDIVA
reaches 0.457 while serving 62% of frames from direct carryover or
reprojection, which lowers the per-frame cost from 208.2 to 79.1
GFLOPs. Absolute values differ from Table 2, which averages over
ten test sequences per dataset, but the trend is the one reported
there.

Inference runs without sampling, so these values are determin-
istic: they reproduce exactly on any GPU, and verify.py asserts
them to 10−4. The console output additionally reports the measured
latency of each decision path on the host machine.

https://doi.org/10.5281/zenodo.23225199
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