Supplementary Material

Policy-based Foveated Imaging and Perception

A Method Details
A.1  Sensor Attention Parameters (Main Paper Sec. 3.1)

Our framework defines pixel bandwidth as a fraction of total pixels
and is therefore resolution-agnostic. In our simulation results (Main
Paper Sec. 4), we use SoccerNet, RoadText-1K, and ALOHA datasets
at their native resolutions for reproducibility, and validate scala-
bility to ultra-high-resolution captures using our 200 megapixel
(MP) hardware prototype (Main Paper Sec. 5). The spatiotemporal
tradeoffs analyzed in Main Paper Fig. 2 already emerge at these
simulation resolutions.

In both the object tracking and text recognition tasks, we use
0.25x downsampled global images from the full-resolution images
in the dataset as our policy input; Region-of-Interest (ROI) crops
occupy 1/16 of the entire field of view and maintain aspect ratios,
reducing the full-resolution bandwidth by more than 8x. In the
robotic manipulation task, global images are downsampled by 0.17x
(32X less bandwidth than full-resolution), and ROI crops occupy
1/16 of the entire field of view at a slight 0.7x downsampling (2x
less bandwidth than full-resolution), reducing the full-resolution
bandwidth by more than 16x. We do not apply temporal subsam-
pling to the foveated acquisitions in downstream task evaluations
across all simulated experiments.

A.2  Saliency Detection from Low-Resolution Context
(Main Paper Sec. 3.2)

We use a YOLO-style detector across all simulated and real experi-
ments for saliency detection. The YOLO-11 [Khanam and Hussain
2024] Nano model family is chosen for its favorable speed.

In the object tracking task, we randomly partition the SoccerNet
Tracking Dataset [Cioppa et al. 2022] training split into 80% training
and 20% validation. We finetune a YOLO-11 Nano model on the
training split for 50 epochs with a batch size of 128. Other hyperpa-
rameters, including the input image size, are kept at their default
values. We emulate low-resolution global frames by downsampling
the training images with the same downsampling parameter (0.25x)
for policy training. Bounding boxes from the tracking dataset are
labeled as one of the three classes: player, referee, and ball. We
select the best-performing model on the validation split and use
it for saliency detection across all object tracking simulation ex-
periments. We report precision and recall across all classes for the
best-performing model on the validation split in Table 1. We use de-
fault hyperparameters at inference, including confidence thresholds
and Non-Maximum Suppression (NMS) values.
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Task Precision Recall
Object tracking 0.88 0.78
Scene text recognition 0.62 0.43

Table 1. Saliency detection model evaluation. The finetuned models
demonstrate reasonable capability of detecting salient objects in unseen
and blurry images.

In the text recognition task, we randomly partition the RoadText-
1K dataset [Reddy et al. 2020] into 80% training and 20% valida-
tion, and finetune a YOLO-11 Nano-OBB model that predicts Ori-
ented Bounding Boxes (OBB), as text is often not horizontal. Since
RoadText-1K videos contain many frames with repetitive text detec-
tions, we further aggregate the training dataset using images and
labels from TextOCR [Singh et al. 2021]. We finetune the model for
30 epochs with a batch size of 128, keeping the other hyperparame-
ters at their default values. We emulate low-resolution global frames
by downsampling the training images with the same downsampling
parameter (0.25X) for policy training. Only one prediction class is
used, as we are only interested in text predictions. We select the
best-performing model on the validation split and use it for saliency
detection in all scene text recognition simulation experiments. We
report the precision and recall of the best-performing model on the
validation split in Table 1. The same model is used for saliency de-
tection in our real-world captures discussed in Main Paper Sec. 5.2.
We use default hyperparameters at inference, including confidence
thresholds and Non-Maximum Suppression (NMS) values.

For the robotic manipulation task, as no labeled saliency bounding
boxes are available, we use the pre-trained YOLO-11 Nano model
out-of-the-box and set the prediction confidence threshold to 0.02,
the NMS value to 0.1, and enable class-agnostic NMS at inference.

Unlike downstream perception tasks (e.g. scene text recognition)
that require fine-grained high-resolution details, the saliency detec-
tor only needs to localize candidate objects at the bounding-box level
using coarse global features. Operating on low-resolution global
frames is therefore sufficient for our saliency module, and our fine-
tuned detectors achieve 0.88/0.78 precision/recall on tracking and
0.62/0.43 on scene text recognition at 0.25xX downsampled input
(Table 1). The robotic manipulation task further shows that the mod-
ule generalizes to unseen environments: even though the ALOHA
object classes do not match the pre-trained YOLO-11 Nano model’s
training labels, its detections are accurate enough for our policy to
select task-relevant ROIs.

A.3  Motion Prediction (Main Paper Sec. 3.3)

We use the same hyperparameter settings for object association
and motion prediction across all simulated and real experiments.
For Hungarian matching, we use a minimum Intersection-over-
Union (IoU) threshold of 0.1 and prioritize same-class detections.
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For motion prediction, we use a constant-velocity Kalman Filter with
process noise set to 0.001 and measurement noise set to 0.01. When
a tracklet is missing detections in the past T, frames, we gap-fill the
detections with a Kalman Filter using the same hyperparameters.

A4 Scanpath Selection Policy (Main Paper Sec. 3.4)

We use the same Set Transformer [Lee et al. 2019] architecture
for our scanpath selection policy across our simulated and real
experiments.

High-resolution ROI features, global features, and detection and
motion features are 64-dimensional each. High-resolution ROI object
features are first extracted from the MobileNetV3-Small [Howard
et al. 2019] visual encoder for objects contained in the previous
foveated region, and then we use a 1D CNN to aggregate across
the past T, frames and output a 64-dimensional feature vector rgk)
Global features are directly extracted from the YOLO model’s stride-
8 layer using the RolAlign method from Mask R-CNN [He et al.
2017] and temporally aggregated with a 1D CNN that uses different
weights from the high-resolution feature’s 1D CNN. Detection and
motion bounding boxes are simply concatenated over time, and
each stream is then projected to a 32-dimensional vector using a
multi-layer perceptron (MLP).

Each object token zi(k)
component (ROI features, global features, detection features, and
motion features) is normalized independently using separate Lay-
erNorm modules before we project the feature vector into a 128-
dimensional embedding space. Object tokens are optionally concate-
nated with a conditioning token and pass through a standard 2-layer
Transformer encoder with 4 attention heads and a 256-dimensional
feedforward network. The Set Transformer allows permutation-
invariant exchange of information about an object’s spatial relation-
ships, temporal dynamics, and task objective via the conditioning
token. We use a maximum of 25 objects and attention masking
across all simulated and real experiments. Only the object tokens
are passed through the final MLP head, which produces selection
logits over the next T, frames. We apply softmax to obtain a cate-
gorical distribution over objects and sample from it for scanpath
selection.

is a 192-dimensional feature vector. Each

Training details. For all simulated experiments, during training
and inference, we set T, = 4 frames and T, =16 frames. During infer-
ence, we use receding-horizon control with a replanning interval of
T, = 8 frames. We use a batch size of 128 and train with the AdamW
optimizer and a learning rate of 10~ with cosine learning rate de-
cay. For the object tracking task, we train for 3,000 iterations; for
the scene text recognition task, 5,000 iterations; and for the robotic
manipulation task, 10,000 iterations. 10% of the iterations are spent
on learning rate warmup. For both simulated and real experiments,
the total training time for all components of our foveated imaging
pipeline is less than 12 hours on a single GPU with about 20 GB of
VRAM.

A.5 Runtime Analysis (Main Paper Sec. 3.5)

Our policy is designed and optimized for real-time performance on
low-end GPUs and CPUs. Table 2 summarizes runtime estimates for
the different components of our foveated imaging framework on
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Table 2. Foveated imaging pipeline runtime evaluation. Our full
pipeline achieves about 2 frames of latency on a laptop CPU during 30 fps
video capture.

the laptop CPU used for our real-world captures. Most runtime is
spent in the saliency detection module; despite this, our lightweight
foveated imaging framework achieves real-time performance on
CPUs with receding-horizon control.

The runtimes in Table 2 are measured on an Intel Core i7-7700HQ
laptop CPU (16 GB of RAM) that also drives our 200 MP prototype via
a Python API over USB 3.0. At 30 fps capture with receding-horizon
control at T, = 8 frames, three replans complete within each second,
giving an aggregate compute of less than 80 GFLOPs/sec, dominated
(> 98%) by saliency detection. This compute requirement is well
within the budgets of modern NPU-accelerated edge platforms such
as smart glasses and drones.

B Experiment Details and Results
B.1 Downstream Models (Main Paper Sec. 4.2)

For object tracking, we use the MixFormerV2-Base model [Cui et al.
2023]. We set the search area scale to 5, the update interval to 10, and
the online size to 1. We keep all hyperparameter settings consistent
across all object tracking evaluations.

For scene text recognition, we use the DeepSolo model [Ye et al.
2023], finetuned on the ICDAR-15 Dataset [Zhou et al. 2015]. We
intentionally disable automatic resizing and upsampling to a fixed
resolution before the text detection and recognition pipeline for
all experiments, as we compare the performance of our foveated
imaging pipeline under both limited acquisition and processing
bandwidth.

For robotic manipulation, we use the ALOHA Action Chunking
Transformer (ACT) [Zhao et al. 2023]. We set the ACT’s internal
policy seed to 0 and report results across 100 random environment
configurations in which the objects vary in position.

Combining FFoV and ROI streams. For object tracking and
scene text recognition, the Full Field-of-View (FFoV) and ROl streams
are fed separately into the downstream perception models. For
robotic manipulation, the downstream ACT model is trained to con-
sume a single image per view, so we upsample the FFoV frame and
overlay the high-resolution ROI at the corresponding location be-
fore feeding the composite frame to the model. We hypothesize that
providing sharp, task-relevant content at the ROI supplies consistent



visual attention cues that allow the frozen downstream model to
maintain performance without retraining. Fine-tuning downstream
perception models on mixed-resolution inputs remains future work.

B.2 Alternative Acquisition Baselines (Main Paper Sec. 4.3)

We compare against frame-skipping as a representative temporal
downsampling baseline. An alternative temporal downsampling
strategy that increases per-frame exposure yields substantially lower
performance than frame-skipping (0.098, 0.071, 0.00 | 0.18 for the
three Main Paper Table 1 tasks under the same bandwidth) due to
motion blur.

Prior foveation methods discussed in Main Paper Sec. 2.1 all op-
erate post-acquisition on already-captured full-resolution images
or video. For example, Killick et al. [Killick et al. 2023] predict scan-
paths on pre-captured images, and video-based methods such as
AdaFocus [Wang et al. 2024] rely on global video features that are un-
available at acquisition time. Adapting such methods for predictive,
acquisition-time foveated imaging would require significant archi-
tectural changes. Main Paper Table 1 compares against foveation
baselines that are directly applicable at acquisition time, and the
ablation studies (Main Paper Sec. 4.5) further analyze the design
choices within our policy.

B.3 Additional Simulation Results (Main Paper Sec. 4.4)

For the object tracking task, the visual conditioning information
consists of global visual features from the initial object location
and the ground-truth (GT) bounding box. Varying this conditioning
enables our scanpath selection policy to select different objects of
interest. Table 3 summarizes quantitative results of our approach
for different subjects in soccer tracking. We include qualitative visu-
alizations of smooth-pursuit scanpaths for various tracked subjects
in our supplemental video. Our method consistently outperforms
relevant baselines at comparable bandwidth. Fig. 1 shows additional
qualitative results across more diverse scenes for all three tasks.
Across these scenes, our policy produces smooth-pursuit scanpaths
for object tracking, rapid saccading scanpaths for scene text recog-
nition, and a mixture of both for robotic manipulation.

Performance under different pixel budgets. To test how per-
formance varies with bandwidth budget, we repeat the Main Paper
Table 1 comparisons at higher and lower pixel budgets. Results are
summarized in Table 4. Our approach maintains the best perfor-
mance across all budgets for all tasks, with the largest advantage
occurring when conventional downsampling discards the most crit-
ical spatiotemporal details.

C Hardware Prototype

C.1 200 MP Foveated Imaging Prototype (Main Paper
Sec. 5)

Ultra-high-resolution sensors such as the 200 MP Samsung ISOCELL
HP2 [Samsung Electronics Co., Ltd. 2025] are physically bandwidth-
limited: the HP2 is capped at 15 fps at full resolution, with higher
frame rates achievable only through pixel binning that reduces
spatial resolution to 50 MP or 12.5 MP.
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In our experimental setup, the prototype’s hardware further re-
stricts FFoV readout to 7.5 fps while the sensor captures at 30 fps. In
addition, while the sensor is saving dual-stream raw Bayer frames at
30 fps, the sensor-captured frames are not accessible via the sensor’s
Python APL Therefore, we re-train both scanpath selection policies
(for object tracking and scene text recognition) with T, = 10 and
T, = 200 frames. Other hyperparameters are kept consistent with
each policy’s simulated-experiment training.

During real-world sensor captures, we capture up to 105 raw
Bayer frames in dual-stream mode (both the FFoV and ROI streams
have a 30 fps frame rate) while the sensor executes the ROI predic-
tions from our foveated imaging pipeline. We use the replanning
interval T, = 180 in our real experiments. Without the sensor read-
out latency, our pipeline operates with a frame delay of about 12.8
frames in the setting of T, = 4 frames and T, = 16 frames used in our
simulated experiments. In real-world captures, our policy operates
with a frame delay of about 31.3 frames in the setting of T, = 10
frames and T,, = 200 frames. Adding the sensor readout latency, the
entire foveated imaging pipeline operates with approximately 60
frames delay in this setting, well below the receding control horizon
of T, = 180 frames.

C.2  Comparison to Samsung ISOCELL Zoom Anyplace

Samsung ISOCELL Zoom Anyplace [Samsung Electronics Co., Ltd.
2026] is a user-driven, single-object tracking feature supported on
the same ISOCELL HP2 sensor we use for our prototype. In con-
trast, our framework is neither user-driven nor hard-coded to a
single task: it autonomously learns sensor attention from down-
stream perception objectives and generalizes across object tracking,
scene text recognition, and robotic manipulation. Our contribution
is not an open-source reimplementation of proprietary firmware
on specific hardware, but rather an intelligent sensing framework
that is sensor-agnostic, task-general, and extensible to other high-
bandwidth sensing modalities, multi-camera systems, or closed-loop
robotic pipelines.
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Fig. 1. Additional qualitative results for simulated video tasks. We show additional examples of our foveated imaging framework across diverse scenes
for object tracking, scene text recognition, and robotic manipulation, demonstrating consistent performance improvements over task-agnostic baselines.

Tracking subject Metric éﬂiiﬁg&gﬁg GT Oracle dowii Zﬁihng do;rvenr;l:;;ﬁng Foveated
Soccer ball IoU T 0.281 | 0405 | 0.122 0.148 0.283
Main referee  IoU T 0.494 | 0602 | 0.474 0.456 0.583
Random player ~ IoU 7 0.457 | 0552 | 0.268 0.402 0.513

Table 3. Additional results on policy-based foveated perception for object tracking. We compare the downstream object tracking task performance
for different classes of objects, including the soccer ball, the referees, and the players. Our approach performs best among relevant baselines at comparable

bandwidth across all tracking scenarios.
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Pixel Spatial Temporal

Task budget downsampling downsampling Ours
Object Tracking 1/4 0.212 0.159 0.287
Object Tracking 1/8" 0.122 0.148 0.283
Object Tracking 1/16 0.048 0.144 0.276
Text Recognition 1/4 0.146 0.283 0.290
Text Recognition 1/8" 0.067 0.248 0.264
Text Recognition 1/16 0.023 0.173 0.227
Robotic Manipulation 1/8 0.12 | 0.54 0.08 | 0.38 0.13 | 0.59
Robotic Manipulation ~ 1/16 0.10 | 0.51 0.07 | 0.30 0.12 | 0.57
Robotic Manipulation ~ 1/32 0.04 | 0.38 0.02 | 0.20 0.08 | 0.40

Table 4. Pixel-budget sensitivity. Our method outperforms spatial and temporal downsampling baselines at higher and lower pixel budgets across all
three tasks. Rows marked with T correspond to the pixel budgets reported in Main Paper Table 1 and are reproduced here for direct comparison against the
additional budgets evaluated in this supplement.
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