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Fig. 1. Emerging sensors, such as our prototype based on Samsung’s ISOCELL platform (left), provide hundreds of megapixels of resolution, which then fuel
modern perception models in imaging, vision, and robotics applications. The massive amount of raw pixel data, however, is extremely challenging to be read
out at high frame rates or processed efficiently with downstream perception networks. To address this challenge, we develop a policy-based foveated imaging
framework that operates in real time and decides where and when to sample full-resolution regions of interest (center right and right) in a task-specific
manner based on low-resolution full-field-of-view context frames (center left) as well as past observations.

Ultra-high-resolution image sensors offer the potential to capture fine spatial
details critical for many visual perception tasks, but acquiring and process-
ing all pixels at full resolution is often infeasible under realistic bandwidth,
latency, and power constraints. Existing approaches address this challenge
through acquisition strategies such as spatial or temporal downsampling,
which irrevocably discard information before task relevance can be assessed.
In this work, we introduce a real-time, predictive, and task-aware foveated
imaging system that operates directly at image acquisition time. Leveraging
emerging dual-stream sensor architectures, our method dynamically allo-
cates limited pixel bandwidth to task-relevant regions of interest while main-
taining a low-resolution global context. We formulate foveated acquisition
as a sensor attention policy-learning problem, in which past observations
guide actions that determine future measurements, closing the perception—
acquisition loop. Through extensive simulation across multiple perception
tasks, we demonstrate that our approach achieves high task performance
under strict pixel budgets and significantly outperforms relevant baselines
operating at the same bandwidth. We further validate our system on a 200-
megapixel dual-stream sensor, capturing real-world videos under realistic
bandwidth and latency constraints, demonstrating the practical feasibility
of task-driven, acquisition-time foveated imaging. Our project website is at
https://howardxiao.ca/foveated,/.
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1 Introduction

Recent advances in image sensor technology enable the capture
of ultra-high-resolution images and videos. Commercial sensors
beyond 200 megapixels (MP) are widely available [Choi et al. 2023],
with 400 MP prototypes in development [Canon Inc. 2025]. Achiev-
ing such resolution requires pixel sizes below 0.6 ym and signifi-
cantly increases readout bandwidth and downstream processing
demands. As a result, under realistic bandwidth, latency, or power
constraints, imaging systems cannot afford to acquire, transmit, or
process all pixels at full resolution, making selective acquisition
essential.

Ultra-high-resolution imagery is increasingly important not only
for visual quality, but also for downstream video perception tasks
such as object tracking, text recognition, and robotic manipulation.
These applications often rely on subtle visual cues—fast-moving
objects, small text, or fine-grained surface textures—that are lost
at lower resolutions. At the same time, the cost of acquiring and
processing ultra-high-resolution video grows prohibitively large as
resolution scales. Bandwidth limitations in sensor interfaces, sensor
readout, and memory access, along with the quadratic scaling of
modern transformer-based perception models with input resolution,
further exacerbate this challenge, particularly on edge devices such
as augmented-reality glasses, drones, autonomous vehicles, and
biomedical systems.

This gap between sensing capability and system constraints raises
a fundamental question: which pixels should be acquired, and when?
Existing systems address this challenge through coarse, task-agnostic
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spatio-temporal trade-offs, sacrificing either spatial detail or tem-
poral fidelity. Sensors either downsample spatially—through pixel
binning or subsampling—to maintain high frame rates, or reduce
temporal resolution to preserve spatial detail. While effective at
limiting data transmission, these strategies indiscriminately dis-
card high-frequency information that may be critical for perception.
Fig. 2 illustrates this issue for three different downstream appli-
cations. Once lost during acquisition, this information cannot be
recovered by subsequent processing, often resulting in degraded
performance on detail-critical tasks.

Emerging dual-stream sensors with hundreds of millions of pixels
support multiple streams of video data to be read out simultaneously,
including low-resolution full-field-of-view frames as well as much
smaller but full-resolution regions of interest (ROIs) with a dynam-
ically programmable location in the image [Samsung Electronics
Co., Ltd. 2025]. Leveraging these emerging hardware capabilities, in
this work we develop real-time, predictive, and task-aware fovea-
tion algorithms that address the problem of determining which
pixels to acquire when, under real-world constraints. For this pur-
pose, we formulate foveated image acquisition as a sensor attention
policy-learning problem, in which past observations guide actions
that directly shape future measurements, closing the perception-
acquisition loop for bandwidth-efficient, task-optimal sensing. Our
system uses a lightweight saliency module to propose ROI candi-
dates and a task-driven policy to guide ROI evolution during readout.
These real-time decisions minimize acquisition bandwidth while
preserving task accuracy. Modeling acquisition as sequential deci-
sion making enables adaptive, task-driven scanpaths responsive to
changes in both the scene and the task objective.

Our approach is motivated by human vision, which leverages
the eccentricity-dependent acuity of the retina and eye movements
for bandwidth-efficient sensing. Human vision dynamically moves
our gaze to fixate the fovea on the most task-relevant regions of a
scene. Candidate regions for fixation are typically called salient and
a specific sequence of fixations or eye movements is referred to as
a scanpath. Scanpaths can exhibit different characteristics, such as
saccading or smooth pursuit behavior, again depending on the type
of content or the task at hand [Leigh and Zee 2015].

Our work makes the following contributions:

e We introduce a real-time, policy-based, predictive foveated
imaging system that dynamically directs sensor attention
during image acquisition.

e We demonstrate through extensive simulation that our fove-
ation approach maintains high task performance and signif-
icantly outperforms conventional methods in pixel-limited
settings across multiple perception tasks.

e We prototype our system using a 200 MP image sensor and
capture real-world videos under realistic bandwidth and la-
tency constraints, demonstrating practical feasibility.

2 Related Work
2.1 Foveated Computer Vision

Foveated vision studies how spatial resolution can be allocated
non-uniformly across the visual field in order to prioritize task-
relevant regions. Early approaches relied on task-agnostic heuristics
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Fig. 2. Spatio-temporal bandwidth trade-off in different tasks. Each
column shows an example perception task that benefits from both spatial
and temporal detail. The top row depicts example inputs, and the bottom
row illustrates how task performance varies with spatial and temporal
resolution. Task performance is measured by (a) intersection-over-union
(loU), (b) correct transcription rate (Accuracy), and (c) task success rate
(Success), consistent with Table 1.

or saliency cues to identify regions of interest (ROIs) for higher-
resolution processing [Gomes et al. 2010; Itti et al. 2002; Karpathy
et al. 2014; Remmelzwaal et al. 2020]. While such methods approxi-
mate aspects of human visual attention, they are not optimized for
specific downstream perception objectives.

To incorporate task dependence, a large body of work has ex-
plored end-to-end learning of foveated representations jointly with
perception tasks [Akbas and Eckstein 2017; Killick et al. 2023; Kil-
lick 2025]. Policy-based Recurrent Attention Models (RAM) [Haque
et al. 2016; Mnih et al. 2014] formulate foveation as a sequential
decision-making problem, selecting spatial glimpses conditioned
on past observations. More recent works extend this paradigm to
video by learning policies that select task-relevant regions from
full-resolution inputs for efficient downstream processing [Shi et al.
2026; Wang et al. 2025].

Instead of spatial selection, related approaches also address band-
width or efficiency constraints by temporally subsampling or selec-
tively processing frames [Han et al. 2022; Xia et al. 2022].

Our work is closely related in spirit to prior foveated vision ap-
proaches, which all post-process high-resolution image and video
data, but it differs in a fundamental assumption: because full-resolution
frames cannot be efficiently read out from and transferred off the
sensor under real-world bandwidth constraints, our method per-
forms foveation at acquisition time, directly determining which
measurements are captured.

2.2 Active Vision

Active vision studies how sensing actions can be chosen to improve
perception, originally framing sensing as a means to resolve am-
biguity and reduce uncertainty [Bajcsy 1988]. Subsequent work
explored information-driven and decision-driven viewpoint selec-
tion, including next-best-view methods for scene understanding
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Fig. 3. Policy-based foveated perception pipeline. A captured low-resolution frame provides the full-field-of-view global context and is processed to
determine salient candidate regions (left). Past observations then guide a per-candidate motion predictor (center left). Our sensor attention policy selects
the ROI, which is then read out at full sensor resolution. Both low-resolution context frame and high-resolution ROl are streamed off the edge device and
processed by the downstream perception model. At training time, our policy parameters are learned end-to-end with frozen task-specific perception models.

and 3D reconstruction [Connolly 1985; Denzler and Brown 2002;
Maver and Bajcsy 2002], as well as active SLAM systems that plan
camera or robot motion to gather informative observations [Sim
and Roy 2005].

More recently, learning-based active vision has emerged in em-
bodied perception and neural 3D reconstruction, where sensing
actions are optimized for downstream objectives such as robotics
policies or reconstruction quality [Chaplot et al. 2020; Chen et al.
2021; Chuang et al. 2025; Kerr et al. 2025].

Our approach aligns with active vision in closing the perception—
action loop, but operates at a different control level: instead of
selecting camera poses or viewpoints, our method actively deter-
mines the parameters of the camera’s foveation mechanism during
runtime.

2.3 Foveated Graphics

Foveation has been widely studied in graphics as a principled way
to exploit eccentricity-dependent properties of human vision in
order to reduce computation, bandwidth, or power consumption. In
foveated rendering and display systems, perceptual models guide
level-of-detail and sampling decisions to allocate resources prefer-
entially near the viewer’s gaze fixation [Deng et al. 2022; Krajancich
et al. 2023; Mohanto et al. 2021; Wang et al. 2023].

Although these graphics systems motivate foveation as a prin-
cipled trade-off between fidelity and efficiency, they typically op-
erate at rendering or display time; in contrast, our method applies
foveation during image acquisition, affecting which data is cap-
tured rather than post-processing it. We use “foveated” to refer to
spatially selective, variable-resolution acquisition, generalizing the
gaze-contingent interpretation common in graphics.

2.4 Foveated Sensors

Spatially-varying resolution has also been realized at the sensor
level through multi-aperture and wide-angle lens designs [Carles
et al. 2016; Kuniyoshi et al. 1995] and event-based sensors [Serrano-
Gotarredona et al. 2022]. The former provide fixed foveation profiles

determined by the optics, while the latter produce an output modal-
ity that differs from what downstream perception models expect.
Our work targets dual-stream image sensors with programmable
ROIs, and develops a sensor attention policy that dynamically allo-
cates high resolution during acquisition.

3  Method
3.1

We consider video perception under a strict pixel throughput budget,
where an image sensor must dynamically decide where and at what
resolution to acquire visual information in order to maximize down-
stream task performance. Assume that the full-resolution video is v
with v(®) denoting frame k, then the sensor observation at frame k,
0% can be defined as:

Problem Formulation

ok (Sgo(k))))

= D¢(k) (Clp(k) (v (1)

where we define D as the spatial downsampling operator with pa-
rameters ¢F) = {sx(k),s;k)}, where 0 < sj(ck),slsk) < 1 represent
the spatial pixel resolution reduction factors in x and y directions.
Assuming rectangular crops, we denote C as the frame cropping op-
erator with parameters &) = {x () y(®) () (O} with the top-
left corner (x), y(¥)), cropping width w®), and cropping height
R in pixel space. We further define S as the temporal skipping
operator with parameters ¢ = {t,t,}, where t; € N, t; > 1 repre-
sents the frame skipping stride and ¢, € N, #, > 1 represents the
frame offset. Here t,, t, are independent of the frame index k and
Sy(k) =ts - k +t, for each k.

In this case, 0%) is parameterized by sensor attention variables
a®) = {¢®) p®) @} as defined in Eq. (1). Given an observation
horizon of the past T, frames, our goal is to predict a sequence of
future sensor attentions over a prediction horizon T,:

akk+Tp) = o (ok=Tok) o). @)
where 7y denotes a task-conditioned sensor attention policy with
parameters 6, and ¢ encodes optional task-specific conditioning,
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such as language instructions or visual prompts. The predicted ac-
tions directly determine future observations, closing the perception—
acquisition loop. In our setting, dual-stream sensors capture at each

(k)
g

frame k a low-resolution global context frame o, ’ with fixed down-

sampling ¢;k)

crop with ¢*) = 1 and dynamic crop parameters g¥). Therefore,
the sensor attention reduces to a®) = {gp*)}.

Rather than learning my end-to-end from raw pixels, we decom-
pose the problem into three lightweight, interpretable components:
(i) a saliency detector, (ii) a motion model, and (iii) a scanpath selec-
tion policy (Fig. 3). This modular design enables real-time inference
on edge hardware and avoids the instability and latency of mono-
lithic policies.

< 1 over the full frame, and a full-resolution ROI

3.2 Saliency Detection from Low-Resolution Context

We employ a fast, YOLO-style [Redmon et al. 2016] saliency detector
fine-tuned for each downstream task, operating only on context
frames oék). This architecture is chosen for its favorable accuracy-
latency trade-off. The detector outputs a set of M%) object hypothe-
ses:

k k k k (k)
BK) :{(bi( )’fi( ))[i( ))le ))}M 3)

=1 >
where b;k) = (xi(k), yi(k), wi(k), hi(k)) is a bounding box in image
coordinates, fi(k) is a learned object appearance embedding, fi(k) is

the predicted class label, and ci(k) is the detection confidence score.
Operating exclusively on low-resolution frames ensures minimal
acquisition and compute overhead. Using a detector optimized for
real-time multi-object localization allows us to efficiently extract
global scene structure and object hypotheses under strict runtime
constraints.

3.3 Motion Prediction

To anticipate future object locations at acquisition time, we associate
detections across past global frames using the Hungarian matching
algorithm [Kuhn 1955] and estimate object motion. This technique
is commonly used in multi-object tracking-by-detection algorithms
such as SORT [Bewley et al. 2016] and ByteTrack [Zhang et al. 2022]
and is favored for its real-time performance. Although motion can
be highly non-linear over long horizons in some video perception
tasks such as object tracking, our setting requires only short-horizon
prediction with frequent receding-horizon replanning, so a simple
constant-velocity model provides a sufficiently accurate and low-
latency approximation.

For each detected object i, we maintain a state vector sgk)
sisting of its bounding box center and velocity. We use a constant-
velocity Kalman Filter to propagate this state forward:

con-

B = Te ), 1T @

yielding predicted bounding boxes for the next T, frames, which
provide the candidate crop parameters g*) in Eq. (1). This explicit
motion model enables low-cost temporal extrapolation and allows
the scanpath selection policy to reason over predicted object trajec-
tories while relying on frequent replanning to adapt to rapid motion,
occlusions, and interaction dynamics.
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3.4 Scanpath Selection Policy

The scanpath selection policy predicts which objects to foveate and
when. Rather than predicting continuous ROI parameters directly,
the policy outputs a discrete scanpath over detected objects from
the saliency detector, which is later converted into ROI parameters

mes

Object tokens. For each object i, we construct a token zgk) by
concatenating three components:

D I - S (L a® |G
N—— SN—— SN——"

ROI features global features detection & motion features

Here, rgk) encodes the high-resolution visual features of each past-

foveated object i using a frozen MobileNetV3-Small visual encoder
backbone specifically optimized for edge device performance [Howard
et al. 2019]. We employ a separate ROI feature encoder because
YOLO-style detectors are not trained to extract fine-grained, high-
resolution appearance features suitable for general video perception,
particularly for small or texture-sensitive objects. ggk) aggregates
low-resolution context features for each object i over the past T,
frames using a temporal 1D convolution network, capturing coarse
scene and object context directly from the detector outputs. Finally,
dfk) encodes the past bounding box detections, class labels, visibility

history, and predicted future boxes {Bfk”) }Z’i , of object i.

Global reasoning and prediction. Given the set of object tokens
{sz)} and an optional task conditioning token ¢, we employ a
Set Transformer encoder [Lee et al. 2019] to perform permutation-
invariant global object reasoning:

{igk)} = SetTransformer({zgk)} U {c}). 6)

Each transformed object token is passed through a lightweight
multilayer perceptron (MLP) head to predict object selection logits
over the next T, frames. The logits are then normalized to output a
foveation scanpath represented by a categorical distribution over
objects at each future timestep k + 7:

po(i | k+71) = softmax(MLP(z")), 7=1,....T,.  (7)

The selected object index is mapped to ROI parameters g**7) ys-
ing the corresponding predicted bounding box at each timestep. It
is important to note that this formulation naturally incorporates
receding-horizon control [Mayne and Michalska 1988] that allows
the execution of our foveation policy for T, < T, future actions
before replanning, balancing inference latency and adaptability to
changing environments.

3.5 Why a Modular Policy?

Our design deliberately separates detection, motion prediction, and
foveation scanpath selection. Compared to a possible end-to-end
sensor attention policy, our decomposition offers three important
advantages: (i) real-time inference with predictable latency, (ii) im-
proved stability and interpretability from component-wise train-
ing [Le et al. 2018], and (iii) the ability to swap or upgrade compo-
nents independently guided by downstream perception tasks. In
practice, the full pipeline runs in real time on CPUs and low-end



GPUs with receding-horizon control. It could enable acquisition-
time deployment on edge devices. We provide a detailed runtime
analysis in the supplemental material.

4 Evaluation and Experiments

We evaluate our foveated imaging framework on multiple video
perception tasks in simulation. Our experiments are designed to
answer three questions: (1) can the policy predict task-relevant re-
gions of interest (ROIs) before high-resolution measurements are
captured; (2) does policy-based foveated imaging improve down-
stream video perception under strict pixel bandwidth constraints
compared to task-agnostic acquisition strategies; and (3) can such
a predictive foveated imaging system be realized in practice on an
ultra-high-resolution imaging platform operating under realistic
latency and bandwidth limits.

Unless otherwise specified, all downstream perception models
are kept frozen during evaluation to isolate the effect of the acquisi-
tion strategy. This design demonstrates that our foveated imaging
framework can be layered on top of existing perception models,
minimizing the need for fine-tuning or post-training.

4.1 Experimental Protocol

All methods are evaluated under explicitly controlled pixel band-
width constraints. For a given budget, we ensure that the average
pixel throughput over time is identical across all acquisition strate-
gies, including spatial downsampling, temporal downsampling, and
our policy-based foveated imaging method. The pixel budgets rela-
tive to full resolution are 1/8 for object tracking, 1/8 for scene text
recognition, and 1/16 for robotic manipulation; additional results at
other pixel budgets are provided in the supplemental material. The
same downstream model, dataset split, and evaluation metric are
used across acquisition strategies for each task. Additional imple-
mentation details, including policy architecture, training procedures,
and hyperparameters, are provided in the supplemental material.

4.2 Tasks, Models, and Metrics

We evaluate three video perception tasks with different demands on
spatial detail, temporal resolution, and closed-loop responsiveness.

For object tracking, we use the SoccerNet Tracking dataset [Cioppa
et al. 2022], which features 1920x1080 high-resolution video clips
with fast-moving targets, large camera motion, and frequent occlu-
sions. We use MixFormerV2 [Cui et al. 2023] as the downstream
tracker, which outputs a bounding box per frame. Performance is
measured using Intersection over Union (IoU) against ground-truth
annotations. We evaluate three tracking subjects: the soccer ball,
referees, and players.

For scene text recognition, we evaluate on the RoadText-1K dataset
[Reddy et al. 2020], which contains 1280%x720 outdoor road-scene
videos with small and sparsely distributed text regions. We use Deep-
Solo [Ye et al. 2023] as the downstream model, which performs joint
text detection and transcription. Performance is measured using the
end-to-end correct transcription rate.

For robotic manipulation, we evaluate on the Static ALOHA
dataset [Zhao et al. 2023], which consists of tabletop manipula-
tion tasks that are highly sensitive to spatial detail and temporal
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feedback. Experiments are conducted in simulation, with frames
rendered at 640x480 resolution. We use the pretrained task-specific
ALOHA Action Chunking Transformer (ACT) [Zhao et al. 2023]
as the downstream model, which predicts action chunks executed
by a receding-horizon controller that replans every 15 steps. Fol-
lowing the original benchmark definition, performance is measured
by partial and complete task success rates, where partial success
corresponds to achieving stable contact between the manipulated
objects, and complete success requires correctly inserting one object
into the other.

4.3 Acquisition Baselines

We compare our approach against task-agnostic acquisition strate-
gies operating under the same pixel budget. Spatial downsampling
uniformly reduces the spatial resolution of the full frame while
preserving the original frame rate, trading spatial detail for tempo-
ral smoothness. Temporal downsampling reduces the frame rate
while maintaining full spatial resolution, preserving fine details at
the cost of temporal continuity. Both baselines represent common
approaches used in current ultra-high-resolution sensors for video
acquisition and perception. They allocate pixels uniformly and do
not adapt acquisition decisions based on scene dynamics or task
objectives, allowing us to isolate the benefits of our policy-based,
task-guided foveated imaging approach. We further include a GT
Oracle upper bound that bypasses all components in Secs. 3.2-3.4
and directly centers ROIs on the target’s ground-truth bounding
boxes under the same pixel budget.

4.4 Downstream Video Perception under Limited Pixel
Budget

We evaluate whether predictive foveated imaging improves down-
stream task performance under a limited pixel budget compared to
task-agnostic baselines in Sec. 4.3. For each task, we compare (i) full-
resolution inputs, (ii) dual-stream inputs acquired using predicted
high-resolution ROIs with downsampled global context (Foveated),
(iii) spatially downsampled inputs, and (iv) temporally downsam-
pled inputs, with (ii), (iii), and (iv) matched to the same total pixel
bandwidth. Downstream models are fixed per task. Table 1 summa-
rizes the results. Overall, policy-based foveated imaging consistently
outperforms task-agnostic baselines and, in some cases, matches
full-resolution performance while using less than one-eighth of the
pixel bandwidth.

Object tracking. Objects in SoccerNet Tracking are small and
fast-moving, making tracking particularly sensitive to acquisition
bandwidth. The soccer ball occupies only a few pixels on average
(approximately 15 at full resolution) and, after naive spatial down-
sampling, falls well below the effective patch size of downstream
transformer-based models, leading to severely degraded localization
accuracy (IoU 0.122). Temporal downsampling performs slightly
better (IoU 0.148), but fails under fast motion: the ball often traverses
more than 5% of the field of view in less than 10 frames, making
it difficult for search-template-based trackers to reliably establish
correspondences (see Figs. 4 and 5).

In contrast, our predictive foveated imaging framework tracks
the ball’s trajectory despite rapid motion, achieving an IoU of 0.283
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Table 1. Quantitative results of policy-based foveated perception. We compare downstream task performance of our method against same-pixel-
bandwidth downsampling baselines and include full-resolution and oracle performance with ground truth (GT) ROl selections. Row 1: We compare downstream
soccer ball tracking Intersection-over-Union (loU) of the baseline methods and our approach. Temporal downsampling loU is computed only on kept frames.
Row 2: We compare the percentage of distinct text objects correctly detected and transcribed in the road scene text recognition task. Row 3: We compare the
partial and complete task success rate over 100 trials of the ALOHA insertion task. The GT Oracle is not applicable because no ground-truth foveation labels

are available for this task. Our approach performs the best among relevant baselines with a comparable bandwidth.

. Spatial T 1 F ted
Task Metric Full-resolution | GT Oracle patiat empora: oveare
downsampling downsampling (Ours)
Object Tracking IoU T 0.281 0.405 ‘ 0.122 0.148 0.283
Text Recognition Transcription Rate T 0.333 0.271 ‘ 0.067 0.248 0.264
S Rat
Robotic Manipulation uccess Rate T 0.15] 0.61 N/A ‘ 0.10] 0.51 0.07]030  0.12]0.57

(Complete | Partial)

while operating at 8x lower bandwidth and effectively matching
full-resolution performance (IoU 0.281). Our method and the GT
Oracle both outperform the full-resolution baseline, as passing ROI
crops suppresses background distractors and improves tracking
despite using fewer pixels, consistent with findings in [Zhu et al.
2018].

Beyond the soccer ball, the policy adapts its foveation behavior
online by changing visual conditioning, enabling smooth pursuit of
different objects—including players and referees—within the same
video. Its causal, acquisition-time operation allows rapid adaptation
to occlusions, abrupt motion, and potential identity switches.

Text recognition. Text in RoadText-1K appears only briefly and at
varying distances as the ego vehicle moves; text on other vehicles
or roadside signs may enter and exit the field of view rapidly and
can be difficult to read when small or partially occluded. Under
these conditions, spatial downsampling leads to a severe drop in
transcription accuracy (0.067), as fine character strokes become
unrecognizable. Temporal downsampling performs better (0.248),
but remains unreliable because text is often readable only within
a narrow temporal window that may be skipped entirely. These
failure modes are illustrated in Fig. 4, where spatial downsampling
blurs text beyond recognition while temporal subsampling skips
the few frames in which text might be legible.

Our foveated approach achieves a transcription rate of 0.264,
outperforming both bandwidth-matched baselines by preserving
high-resolution detail over text regions while maintaining sufficient
temporal coverage. More broadly, RoadText-1K highlights the in-
herent difficulty of text recognition under bandwidth constraints:
multiple text instances may be simultaneously present, and lim-
ited pixel budgets require explicit decisions about where to allocate
resolution. This is reflected in the gap between full-resolution per-
formance (0.333) and the GT Oracle (0.271), which is close to our
result.

Robotic manipulation. The Static ALOHA bimanual insertion task
requires high dexterity and tight coordination between perception
and control, as successful execution depends on precise localization
of contact regions and timely visual feedback during closed-loop
manipulation. Complete success is more challenging than partial
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success, as it requires higher precision across all task-relevant di-
mensions; accordingly, every instance of complete success also con-
stitutes partial success.

Temporal downsampling severely degrades partial success (from
0.61 to 0.30), as reduced visual feedback causes the controller to
overshoot actions without receiving intermediate corrective signals.
Spatial downsampling also reduces partial success (to 0.51), though
to a slightly lesser extent, reflecting the loss of fine spatial detail
needed for accurate alignment between the robot end-effector and
the manipulated objects.

In contrast, our foveated imaging framework preserves high-
resolution sensing over task-relevant regions—such as the end-
effectors and object interaction points—while maintaining sufficient
temporal feedback. As a result, our method achieves performance
close to that of full-resolution sensing (Table 1). We observe similar
trends for complete success.

4.5 Ablation Studies

We conduct ablation studies to isolate the contribution of individ-
ual components in our foveated imaging framework. All ablations
are evaluated on the three tasks described above. To enable com-
parison across heterogeneous metrics, we normalize each task’s
performance relative to its full-resolution performance, preserving
relative degradation trends while allowing aggregation across tasks.

System-level ablations. We compare our learned, task-aware foveation

policy with simpler alternatives: always-centered ROI selection and
deterministic round-robin ROI scanning. Results in Table 2 show that
always selecting a centered ROI performs extremely poorly for ob-
ject tracking and text recognition, as task-relevant content is rarely
centered in dynamic scenes. While this strategy performs moder-
ately well for robotic manipulation—where the end-effector often
remains near the image center—it fails to generalize across tasks.
Round-robin scanning improves over fixed centering by ensuring
spatial coverage, but remains substantially inferior to our method,
particularly for soccer tracking and manipulation. In contrast, our
policy-based approach consistently achieves near- or above-full-
resolution normalized performance across all tasks.

Policy input feature ablations. We further analyze the contribution
of individual policy inputs by selectively removing feature groups
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Fig. 4. Policy-based foveated imaging and perception for simulated video tasks. Row (a): Our foveated imaging approach correctly allocates higher
resolution for pursuing objects of interest in an object tracking task. ROls from our foveated imaging framework provide fine spatial details required to
distinguish similar objects and provide fine temporal details for motion continuity, significantly improving downstream search-based tracker performance
compared to task-agnostic spatio-temporal downsampling baselines. Row (b): Our method adapts to emerging objects and allocates fine resolution to
high-frequency text regions important for the downstream scene text recognition task before frames are captured. Our foveated imaging pipeline improves the
transcription rate of the text recognition task compared to naive spatio-temporal downsampling methods where texts are frequently not transcribable or
missed. Row (c): In robotic manipulation, our method attends to important regions critical for task success while keeping low latency, ensuring the observed

state reflects robot actions and significantly improving our performance against task-agnostic baselines. Additional results across more diverse scenes are
provided in the supplemental material.

from the scanpath selection policy, including high-resolution ROI Table 3 shows that removing motion features causes a perfor-
features, low-resolution global context features, and motion features mance drop across all tasks, underscoring the importance of an-
derived from short-term trajectory prediction. ticipating future object locations when making acquisition-time
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Saliency detection on low-resolution context

Frame k-1

Motion prediction using Kalman Filter

Scanpath selection policy

Fig. 5. Overview of key components of our foveated imaging framework. Left: At frame k — 1, multiple task-relevant object locations are proposed by
the saliency detector using only low-resolution context. Middle: We associate each object detection over the past T, frames and predict object motion for
the future T}, frames using a constant-velocity Kalman Filter. Right: Our scanpath selection policy uses high-resolution ROI features, global features, and
detection and motion features to predict the future object scanpath at frame k from detected objects in the past. The predicted scanpath allows us to acquire

future ROIs with high resolution for downstream perception tasks.

Table 2. System-level ablation results averaged across all tasks. Per-
formance is normalized by full-resolution performance per task for cross-
comparison. Our dynamic foveation approach outperforms naive ROl selec-
tion strategies. Normalized performance here can exceed 100% whenever
ROI-based perception outperforms direct processing of the full-resolution
image, which contains additional visual clutter in non-task-relevant areas.

Soccer Text Robotic

Variant ) o . .
anatt Tracking Recognition Manipulation

Always-centered

ROI selection 1.7% 3.6% 82.0%
Round-robin 3.5% 64.0% 72.1%
ROI scanning

Ours | 100.7% 79.3% 93.4%

decisions. Removing global context features also leads to significant
degradation, particularly for text recognition, where multiple can-
didate regions may be present and scene-level context is required
to disambiguate where high-resolution sensing should be allocated.
Removing high-resolution ROI appearance features also degrades
tracking, text recognition, and manipulation performance, reflecting
the importance of fine-grained visual detail.

Overall, these ablations confirm that effective acquisition-time
foveation requires the combination of motion cues, global context,
and high-resolution local appearance. Removing any of these com-
ponents degrades performance, whereas their integration enables
robust task-aware sensing under strict pixel-bandwidth constraints.

5 Evaluation on a 200 MP Foveated Imaging Prototype

To validate the practical feasibility of predictive foveated imaging,
we implement our predictive foveated imaging framework on a
hardware prototype built around a 200 MP Samsung ISOCELL HP2
image sensor. The sensor is mounted on a custom control board that
supports dual-stream acquisition, enabling simultaneous capture of
a low-resolution Full Field-of-View (FFoV) context stream and high-
resolution Region-of-Interest (ROI) crops at 30 frames per second.
The control board is interfaced with a host system via a Python API,
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Table 3. Ablation of policy inputs. Performance is normalized by full-
resolution performance per task for cross-comparison. All features are nec-
essary for the best performance; see Eq. (5).

Policy Inputs Removed Soccf:r TexF . R9b0tic.
Tracking Recognition Manipulation

w/o ROI features | 533% 78.7% 83.6%

w/o global features ‘ 99.2% 72.7% 85.2%

w/o motion features ‘ 90.0% 71.8% 90.2%

All features (ours) ‘ 100.7% 79.3% 93.4%

which allows predicted ROI coordinates to be transmitted to the
sensor for subsequent frame readout.

In our prototype configuration, the FFoV stream is captured at a
resolution of 2040 x 1148, providing global situational awareness,
while each ROI occupies one-quarter of the sensor area and is cap-
tured at 4080 X 2296 resolution, corresponding to a 16X increase in
spatial resolution relative to the FFoV stream. The resolution differ-
ence between the FFoV and the ROI stream matches our simulation
setting across all video perception tasks. This dual-stream setup
enables closed-loop, predictive control of sensor readout, allowing
high-resolution sensing resources to be dynamically allocated to
task-relevant regions during acquisition.

5.1 Hardware and Predictive Acquisition Loop

The prototype implements a predictive dual-stream acquisition loop
consisting of four stages. First, in the Low-Resolution Context Cap-
ture stage, the sensor reads out an FFoV context frame at 2040 X 1148
resolution. Second, during Policy Inference, the host controller pro-
cesses the FFoV frame using our lightweight attention policy to
predict the Region-of-Interest (ROI) coordinates for the subsequent
frames (k+7). Third, in the Command Transmission stage, the pre-
dicted ROI coordinates are transmitted back to the sensor controller
via a Python-to-FPGA interface. Finally, in the High-Resolution ROI
Capture stage, the sensor acquires the targeted ROI at 4080 X 2296
resolution, providing 16X higher spatial detail than the FFoV stream.
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Fig. 6. Policy-based foveated imaging in real-world captures. Under realistic bandwidth and acquisition latency constraints, our proposed method runs
in real time on our 200 MP-resolution foveated imaging prototype. We demonstrate expected smooth-pursuit scanpaths for (a) object tracking and saccading
scanpaths for (b) scene text recognition across diverse scenes and lighting conditions.

This predictive loop ensures that ROI selection decisions are made
prior to high-resolution readout, allowing the system to manage
sensor bandwidth proactively rather than reactively.

5.2 Real-World Performance and Bandwidth Efficiency

We capture dual-stream Bayer-raw video at 30 fps, with optics man-
ually focused prior to acquisition. Despite the computational over-
head of policy inference and bidirectional host-sensor communica-
tion, the system maintains a stable end-to-end throughput of 30 fps
throughout extended capture sessions.

Qualitative results are shown in Fig. 1 and Fig. 6, where we demon-
strate both smooth-pursuit scanpaths for object tracking and saccad-
ing scanpaths for scene text recognition. The predictive attention
policy consistently directs high-resolution sensing to task-relevant
regions that remain indistinguishable in the FFoV context stream.

This enables recovery of fine spatial details such as object bound-
aries and textures under real-world lighting conditions and sensor
noise.

Crucially, the system achieves this performance while reading
out only 6.25% of the sensor area at full resolution per frame. This
demonstrates that predictive foveated imaging provides an effective
mechanism for managing the bandwidth of 200 MP-class sensors,
preserving task-critical visual information while operating within
realistic hardware and interface constraints.

6 Discussion

Our results suggest that predictive, policy-based foveated acquisi-
tion is a promising approach for operating ultra-high-resolution
image sensors under realistic bandwidth, latency, and power con-
straints. By explicitly modeling the interaction between sensing and
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perception, our framework allocates limited pixel budgets to task-
relevant regions before high-resolution measurements are captured,
preserving downstream performance that would otherwise degrade
under conventional spatio-temporal downsampling.

Limitations and Future Work. Despite these advantages, our ap-
proach has several limitations. First, the effectiveness of predictive
foveation depends on temporal coherence: tasks involving highly
stochastic or instantaneous events may reduce the benefit of antici-
pation. Second, while our attention policy is lightweight, it intro-
duces additional system complexity and must meet strict real-time
constraints to be deployed at acquisition time. Third, our current
prototype supports a limited number of ROIs per frame; extending
the framework to support more flexible or hierarchical foveation
patterns remains an interesting direction for future work.

More broadly, our formulation highlights foveated imaging as a
systems problem that spans sensor design, learning-based control,
and downstream perception models. While we focus on a specific
set of video perception tasks, the proposed framework is general
and could be extended to other sensing modalities, multi-camera
systems, or closed-loop robotic perception pipelines.

Conclusion. Intelligent sensing moves beyond passive capture,
enabling systems to decide where and how to sample based on the
task at hand. Our policy-based foveation framework breaks con-
ventional sampling trade-offs, providing a lightweight yet powerful
solution for high-stakes environments. Inspired by the successes of
imitation and reinforcement learning, we believe this paradigm will
redefine the boundaries of intelligent data acquisition in computer
vision, robotics, and beyond.
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