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Integrating vision-language models (VLMs) with wearable devices offers great potential for continuous and responsive video 
understanding, a key capability for applications such as smart eyewear-based conversational assistants. However, achieving 
this on resource-constrained devices is challenging due to the high energy demands of continuous spatial-temporal sampling 
and transmission. We propose ActiveEye, a VLM designed for energy-efficient and responsive video understanding. ActiveEye 
separates visual and motion semantic representations and incorporates an active perception-based feedback path to adaptively 
adjust spatial-temporal sampling and transmission rates. Implemented as a wearable-mobile-cloud system, ActiveEye is 
evaluated for energy efficiency, real-time semantic change detection, and video understanding in both laboratory and field 
studies. Using the EgoSchema dataset, ActiveEye reduces the front-end energy consumption by 49.14%, supporting 8.37 hours 
of continuous operation on a 2.1 Wh battery. It achieves the highest F1 score (0.80) and the lowest average time difference 
(1.30 s) compared with heuristic-based event detection algorithms, validating its timely semantic detection. Furthermore, 
ActiveEye achieves a visual question answering (VQA) accuracy of 61.6%, which is comparable to state-of-the-art VLM agents, 
despite their reliance on larger language decoders and more computationally intensive frame selection strategies. Two rounds
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of in-field user evaluations further confirm its effectiveness in real-world settings, demonstrating its practical viability as a 
continuous and responsive video understanding system, conversational assistant, and wearable companion.
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1 Introduction
The integration of vision-language models (VLMs) with wearable devices can significantly advance the capa-
bilities of wearable technologies, improving user experience in numerous human-computer interaction (HCI) 
scenarios [23, 29, 40, 74]. A notable example is smart eyewear equipped with a scene camera that captures user’s 
field of view, enabling visual context awareness. Acting as the perceptual front end, the camera records the user’s 
perspective, while VLMs function as the processing back end, analyzing visual input to interpret scenes and 
understand the surrounding environment. This capability allows the system not only to recognize visual context 
but also to support context-aware interactions. Such advancements can support applications such as personalized 
assistance and companionship, expanding the potential of smart eyewear in everyday scenarios [14, 37, 65, 74]. 
For smart eyewear to function effectively, it must maintain continuous and responsive visual understanding. 

This enables the device to perceive the user’s visual surroundings in real time, track changes in the visual context, 
and respond promptly when needed. For instance, in a conversational assistant setting, the system could engage 
with the user about a movie scene as it unfolds or acknowledge a successful basketball shot when it occurs. By 
offering such interactions in a timely fashion, the smart eyewear system evolves from a passive tool into an active 
companion, creating a more immersive and interactive user experience.

However, the key challenge is balancing the device’s limited battery capacity with the high demands 
of video data sampling and transmission required for VLM-based video understanding, particularly in 
dynamic scenarios. To illustrate this issue, consider user activities such as watching sports or shopping, where 
capturing critical moments (e.g., scoring a goal or picking up an item requires high spatial and/or temporal 
scene-sensing resolution. Existing smart eyewear products and research efforts, such as Ray-Ban Meta Smart 
Glasses1 and OS-1 [74], address power constraints by capturing images only during user interactions or at 
long intervals. Although energy-efficient, these approaches limit contextual awareness by omitting prior scene 
information or introducing delays in perception, which restricts their usability in the real world. For example, 
the Ray-Ban Meta Smart Glasses have a limited runtime due to thermal conditions, and the company officially 
estimates a 30-minute run time, which also depends on the ambient temperature being at least 5 degrees Celsius2. 
We argue that the challenge above stems from a fundamental contradiction between the data 

processing methods employed by existing VLMs and the nature of visual semantics. Existing VLMs 
process the visual and motion representations simultaneously to preserve the video semantics, requiring the 
system to capture and transmit uniformly high spatial-temporal resolution video data for processing. However, 
the inherent characteristics of visual and motion information necessitate variant resolutions. The visual world we 
navigate is both rich in detailed textures and dynamic in motion [4, 33], yet these two aspects impose different 
spatial-temporal sampling requirements for effective video understanding [24]. Visual semantics, such as object 
categories and scene context, rely on high spatial resolution to capture fine-grained details such as colors and
1https://www.meta.com/ai-glasses/
2https://moorinsightsstrategy.com/research-notes/ray-ban-meta-smart-glasses-review-better-cooler-and-more-useful-than-ever
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Fig. 1. Comparison of ActiveEye’s operation with conventional VLM-based smart eyewear systems.

textures. However, these semantics typically remain stable over time, allowing for lower temporal sampling rates.
In contrast, motion semantics, which describes changes in object positions, requires higher temporal sampling
rates to capture rapid transitions but can be extracted from lower spatial resolutions, as motion patterns tend to be
spatially coherent across neighboring pixels [21]. The coupling of visual and motion representations forces
the video perception front end to meet both demands, leading to uniformly high spatial-temporal
sampling rates for sensing and transmission. This hinders the achievement of an effective balance between
video understanding and energy efficiency for smart eyewear systems, leading to excessive energy consumption
and poor on-device performance.

To this end, we propose ActiveEye, a vision-language model (VLM) designed for energy-efficient, continuous,
and accurate video understanding in wearable systems. The core of ActiveEye lies in its decoupling of visual
and motion semantics, allowing each to be processed at different spatial and temporal resolutions. This design
enables adaptive resource usage and significantly reduces energy consumption. To preserve accuracy while
conserving power, ActiveEye is grounded in active perception theory [3, 7, 8], which suggests that intelligent
agents should acquire sensory data only when it deviates from prior knowledge or expectations. Accordingly,
ActiveEye continuously monitors the decoupled visual and motion inputs to refine its understanding of the
environment. A feedback loop further guides a Mixture-of-Experts (MoE) model to predict motion dynamics and
determine whether the system should update its interpretation of the current visual scene. Based on this prediction,
the system either enters a high-sampling-rate, energy-intensive mode or continues operating in a low-power
state when changes are minimal. As shown in Figure 1, ActiveEye alternates between two stages—activating
visual updates only when semantic changes are detected. This approach effectively filters out redundant visual
information, reducing unnecessary sensing and computation while maintaining continuous and accurate video
understanding.
We implement ActiveEye as a wearable-mobile-cloud system designed for real-time conversational assistant

and companion applications using smart eyewear. In an in-lab study, we evaluate its energy efficiency, semantic
change detection accuracy, and video understanding capability using the EgoSchema dataset [52]. Results
demonstrate that ActiveEye significantly reduces front-end energy consumption, supports up to 8.37 hours daily
usage, and outperforms heuristic baselines in detecting activity transitions. It also achieves video understanding
accuracy comparable with recent state-of-the-art VLM agents, despite using smaller language decoders and less
computationally intensive frame selection strategies. To further evaluate ActiveEye in real-world settings, we
conduct a 3-month in-field user study with 25 participants. The user study is carried out in two rounds, each with
distinct objectives. The first round focuses on system deployment validation and real-time performance testing,
while the second examines user experience and system usability. The study produces several key insights, and



all quantitative results and findings from both in-lab and in-field evaluations are summarized in the following 
contributions.
In summary, this work makes the following contributions:
(1) We propose ActiveEye, a vision-language model (VLM) designed for continuous and responsive video

understanding for smart eyewear systems. It decouples visual and motion representations and incorporates
a feedback-driven adaptive spatial-temporal sampling mechanism to optimize energy efficiency while
maintaining semantic awareness.

(2) We implement ActiveEye within a wearable-mobile-cloud system and evaluate its performance using
the EgoSchema dataset. Results demonstrate that ActiveEye reduces front-end energy consumption by
49.14%, enabling 8.37 hours of continuous operation on a 2.1Wh battery—supporting a once-daily charging
requirement. Despite its efficiency, it maintains timely semantic detection, achieving the highest F1 score
(0.80) and the lowest average detection delay (1.30 s) among baseline methods.

(3) ActiveEye achieves VQA accuracy comparable to state-of-the-art baselines while significantly reducing
power consumption and processing latency.

(4) Pilot studies demonstrate the real-world usability of ActiveEye, achieving 90.70% relevance in captured
scene content and generating contextually appropriate captions across two downstream applications:
conversational assistant and companion. Users reported positive user experience (UX) and good usability,
with easier adoption by participants with computer science (CS) backgrounds.

2 Related Work

2.1 Vision Language Models
With the rapid advancement of LLMs, many studies have focused on integrating visual encoders into these 
models, giving rise to VLMs, also referred to as Multimodal Large Language Models (MLLMs) [78]. A typical VLM 
uses a vision encoder (e.g., CLIP [58], SigLIP [81]) to encode images into patch tokens, which are aligned with the 
LLM via a connector such as an MLP [17, 48, 67], cross-attention module [2, 6, 76], or Q-Former [20, 44, 86, 87], 
enabling tasks like VQA and image captioning.
Building upon single-image processing, researchers extend VLMs to video understanding. A common ap-

proach involves uniformly sampling frames from videos, encoding them with a vision encoder, and feeding 
the representations into the LLM [5, 16, 43]. Although effective, this approach significantly increases memory 
usage and computation cost, limiting its applicability to long-form video analysis and real-time video under-
standing. Various techniques have been proposed to mitigate these issues, including using LLM agents to select 
semantically informative keyframes [22, 54, 68], applying token pooling [51, 72, 73, 75], merging [35, 60], or prun-
ing [15, 77, 79, 83] to reduce the sequence length of patch tokens, and designing lightweight LLM architectures to 
lower computational demands [18, 31, 46, 80, 88]. However, existing efforts primarily reduce back-end costs while 
overlooking the front-end burden of video perception, which typically occurs directly on energy-constrained 
devices such as smart eyewear. This work addresses this challenge by significantly reducing front-end visual 
data perception through a dynamically adjusted spatial–temporal sampling and transmission method, while still 
enabling continuous and comprehensive video understanding.

2.2 Smart Eyewear with Visual Understanding Capabilities
Smart eyewear, equipped with first-person vision, has emerged as a promising platform for integrating computer 
vision techniques such as object detection and VLMs to interpret the wearer’s environment and activities. This 
capability enables immersive and context-aware user experiences [82]. For instance, VisionARy [40] enhances 
language learning by detecting objects in the environment and incorporating them into LLM-generated dialogues. 
MemX [12] combines eye tracking with visual scene understanding to track human visual attention, enabling



applications like life-logging and travel experience recording. EMOShip [84] combines eye tracking with VLMs
for accurate emotion recognition and semantic analysis of emotional triggers, supporting applications such
as emotional self-reflection and life-logging. GazeGPT [37] integrates eye tracking with GPT-4V to generate
personalized and contextually relevant responses based on the user’s visual attention. OS-1 [74] explores the
integration of smart eyewear with LLMs, VLMs, and vector databases, enabling long-termmemory and continuous
user adaptation. In this work, we focus on continuous and responsive video understanding on smart eyewear,
with the goal of supporting applications such as conversational assistant and companion.

2.3 Decomposing Vision and Motion Representations
Two-stream networks [25] were first introduced to separately extract visual and motion representations from
single-frame images and multi-frame optical flow for action recognition. Later, SlowFast networks [24] introduced
a dual-branch design, where a heavy-weight encoder extracts visual semantics from low frame rate sequences,
while a lightweight encoder captures motion semantics from high frame rate sequences. With the emergence of
vision encoders trained via contrastive learning on large-scale image-text pairs, researchers integrated optical
flow-based motion representations with visual features for zero-shot action recognition [57]. More recently,
as VLMs advance, studies extend the concept of decomposing visual and motion representations to video-
language tasks. Video-LaVIT [34], for instance, extracts keyframes and motion vectors from MPEG-encoded
videos, encoding them separately for video understanding and generation. SlowFast-LLaVA [73] applies different
temporal sampling and spatial pooling to visual features to separate visual and motion semantics. Unlike prior
work, our approach employs adaptive spatial-temporal sampling to reduce data consumption and transmission,
while still maintaining accurate and continuous video understanding.

2.4 Energy-efficient Computer Vision
Prior works have explored adaptive spatial-temporal resolution and data transmission to reduce energy consump-
tion in vision perception while preserving performance on various video analysis tasks. A common approach
involves extracting object locations from low-resolution images and selectively capturing high-resolution images
for semantic details. SensEye [38] uses low-power cameras for motion detection, triggering high-resolution
cameras only when necessary for resource-intensive tasks such as object recognition and tracking. Digital
Foveation [50] designs a multi-round sensing strategy that transmits and processes only the scene regions
relevant to the final task. Wang et al. [69] further introduced a feedback mechanism, where recognition results
guide detection to improve accuracy and efficiency.
Other approaches optimize hardware and algorithms to reduce sensing and transmission costs. LiKamWa et

al. [45] propose achieving mobile computer vision tasks more energy-efficiently through energy-proportional
mechanisms, such as optimizing the clock frequency of sensors and leveraging low-power standby modes
between frames. Lubana et al. [49] dynamically determine pixel importance based on task requirements and
allocate bit depths accordingly to reduce data volume and communication latency. Zhao et al. [85] developed
a reinforcement learning approach that adaptively selects video frame resolutions while applying temporal
feature fusion to mitigate performance loss, reducing energy consumption in video instance segmentation. These
approaches inspire our method, which extracts visual and motion semantics from video frames sampled at varying
spatial–temporal resolutions, guided by a feedback mechanism for data acquisition. Unlike prior work, we focus
on general video semantic understanding rather than specific computer vision tasks, enabling a broader range of
interactive applications.



Fig. 2. Workflow of ActiveEye and its deployment as an integrated wearable-mobile-cloud system. Blue arrows denote the 
feed-forward path, while red arrows indicate the feedback path.

3 System Design
This section begins by describing the workflow of ActiveEye, including its feed-forward and feedback paths. It 
then details the algorithmic implementation, hardware design, and the integration of the system across wearable, 
mobile, and cloud platforms. Given that the primary focus of ActiveEye is the energy efficiency of the video 
perception front end, this section concludes with a description of its energy model and power measurement 
methodology.

3.1 ActiveEye Network
The workflow of ActiveEye and its deployment as an integrated wearable-mobile-cloud system are illustrated 
in Figure 2. ActiveEye operates in two alternating stages: perception-to-understanding and understanding-to-
perception, corresponding to its feed-forward path (denoted by blue arrows) and feedback path (denoted by red 
arrows), respectively. In the perception-to-understanding stage, the feed-forward path captures one high-resolution 
frame and several low-resolution frames, from which it extracts visual features and motion features, respectively. 
These features are processed by the LLM decoder to update the system’s prior knowledge about the scene, and the 
recent motion features are retained for future comparisons. In the understanding-to-perception stage, the feedback 
path predicts the next motion features based on prior knowledge and compares them with those extracted from 
recently captured low-resolution frames. If the discrepancy exceeds a predefined threshold, the system reactivates 
the feed-forward path to update the prior knowledge. Otherwise, it continues capturing low-resolution frames, 
extracting motion features, and performing prediction–comparison cycles until the next update is triggered.

3.1.1 Feed-forward Path. The feed-forward path workflow consists of three components: visual feature extraction, 
motion feature extraction, and prior knowledge generation. It takes as input one high-resolution frame and a



sequence of low-resolution frames. The first five low-resolution frames are used together with the high-resolution
frame to update the system’s prior knowledge—textual descriptions of the current scene, ongoing activities, and
anticipated future events. The remaining low-resolution frames are processed to retain recent motion information
for future comparison.

(1) Visual Feature Extraction. The vision encoder is a vision transformer (ViT) model pre-trained on a large
set of image-text pairs [81]. It encodes the high-resolution input video frame at time 𝑡 into semantic tokens, as
follows:

[𝑣 [𝐶𝐿𝑆 ]𝑡 , 𝑣
𝑝𝑎𝑡𝑐ℎ

𝑡 ] = 𝑓vision (𝑥ℎ𝑡 ) (1)

Here, 𝑥ℎ𝑡 ∈ R𝐻×𝑊 ×3 denotes the high-resolution input video frame, 𝑣 [𝐶𝐿𝑆 ]𝑡 ∈ R𝐶 represents the global semantic
information of 𝑥𝑡 , and 𝑣

𝑝𝑎𝑡𝑐ℎ

𝑡 ∈ Rℎ×𝑤×𝐶 encodes the fine-grained semantic information of individual image
patches, where ℎ = 𝐻/𝑃 ,𝑤 =𝑊 /𝑃 , and 𝑃 is the patch size.

(2)Motion Feature Extraction. Motion features are extracted from sparse optical flow computed on low-resolution
video frames, as optical flow has been shown to effectively capture motion semantics in prior action recognition
tasks [25]. To ensure real-time computation on resource-constrained edge devices, we employ the pyramid
Lucas-Kanade (LK) method [10] to calculate sparse optical flow for ℎ′ ×𝑤 ′ uniformly sampled points in each
frame:

𝑓 𝑙𝑡 = 𝑓LK (𝑥𝑙𝑡 , 𝑥𝑙𝑡+1) (2)

where 𝑥𝑙𝑡 , 𝑥𝑙𝑡+1 ∈ R𝐻 ′×𝑊 ′×3 are the low-resolution input images, and 𝑓 𝑙𝑡 ∈ Rℎ′×𝑤′×2 represents the sparse
optical flow between these two frames. Following this step, we extract motion features from four consecutive
flow maps, corresponding to a 1 second window under a 4 fps setting. This design is motivated by prior studies
showing that short temporal windows (around 1 second) are sufficient to capture semantically meaningful and
discriminative motion patterns [11, 63]. These flow maps are concatenated along the channel dimension and
then passed through a lightweight CNN encoder to extract motion features:

𝑚𝑡 = 𝑓motion (𝑓 𝑙𝑡 , 𝑓 𝑙𝑡+1, 𝑓 𝑙𝑡+2, 𝑓 𝑙𝑡+3) (3)

where𝑚𝑡 ∈ R𝐶′ encodes the motion semantics represented by the sparse optical flow.

(3) Prior Knowledge Generation. After extracting visual and motion semantic features, the visual patch tokens
𝑣
𝑝𝑎𝑡𝑐ℎ

𝑡 andmotion features𝑚𝑡 , which represent fine-grained visual semantics and coarse-grainedmotion semantics
respectively, are independently passed through a two-layer MLP, denoted as 𝑓 𝑣𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑜𝑟 and 𝑓𝑚𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑜𝑟 , to align
their dimensions with those of the LLM decoder. The aligned representations, along with a text prompt 𝑇 𝑝𝑟𝑜𝑚𝑝𝑡 ,
are then used to generate textual descriptions of the current scene, the ongoing events, and predictions of future
events. These outputs, representing ActiveEye’s prior knowledge of the current scene, are denoted as 𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 and
are formulated as follows:

𝑇
prior
𝑡 = 𝑓LLM

(
𝑓 𝑣connector(𝑣

patch
𝑡 ), 𝑓𝑚connector (𝑚𝑡 ), 𝑇 prompt) (4)

In this formulation, 𝑓 𝑣𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑜𝑟 and 𝑓𝑚𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑜𝑟 map the visual and motion features into the representation space
of the LLM decoder. During the subsequent activation of the feedback path, 𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 guides the data acquisition
process until the feed-forward path is reactivated.



3.1.2 Feedback Path. The feedback path operates in a top-down manner, translating ActiveEye’s prior knowledge 
into predictions for future motion features and controlling the perception process. It employs a mixture of
recurrent neural network (RNN) experts, gated by 𝑣

[𝐶𝐿𝑆 ]
𝑡 and 𝑇

𝑝𝑟𝑖𝑜𝑟

𝑡 , to enable each expert to specialize in
modeling specific scene dynamics. This mechanism allows the system to detect semantic changes in the video by
predicting future motion features. When the prediction error exceeds a predefined threshold, the feed-forward
path is reactivated to update the prior knowledge.

(1) Motion Feature Prediction. We employ a mixture of RNN experts to predict future motion features based on
those extracted from observed low-resolution frames. The [CLS] token 𝑣

[𝐶𝐿𝑆 ]
𝑡 ′ and the prior knowledge 𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 ′ ,
representing the semantic information of the visual scene and events, are used as inputs to the gating network,
where 𝑡 ′ denotes the time when the prior knowledge was last updated. Specifically, 𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 ′ is passed through a
text encoder to compress it into a dense vector, which is then concatenated with 𝑣

[𝐶𝐿𝑆 ]
𝑡 ′ and fed into the gating

network to compute scores for each RNN expert:

𝑠𝑖 = 𝑓gating

(
concat

(
𝑓text (𝑇 prior

𝑡 ′ ), 𝑣 [CLS]
𝑡 ′

))
, 𝑖 = 1, . . . , 𝑁 (5)

Here, 𝑁 denotes the number of RNN experts, and 𝑠𝑖 is the score assigned to the 𝑖-th expert. The expert with
the highest score is selected to predict the next motion feature:

𝑚̂𝑡+1 = 𝑓𝑅𝑁𝑁,𝑖∗ (𝑚𝑡 ′ ,𝑚𝑡 ′+1, . . . ,𝑚𝑡 ) (6)

where 𝑖∗ = argmax𝑖 𝑠𝑖 , and 𝑚̂𝑡+1 represents the predicted motion feature for the next step.
By combining𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 ′ with 𝑣 [𝐶𝐿𝑆 ]
𝑡 ′ , the gating network enables each RNN expert to specialize in modeling motion

features for specific scenes and events. This design ensures that a large prediction error reflects significant
semantic changes in the scene or motion dynamics. Furthermore, this architecture activates only one RNN expert
at any given time, enabling efficient operation while maintaining robust prediction performance.

(2) Discrepancy Detection. Inspired by previous work on event segmentation [1], we compute the prediction
error using L1 loss and preprocess it with a low-pass filter to remove noise caused by camera motion. The
prediction error is calculated as:

𝐸𝑝 (𝑡) = ∥𝑚𝑡+1 − 𝑚̂𝑡+1∥1 (7)

where 𝑚̂𝑡+1 is the predicted motion feature and𝑚𝑡+1 is the observed motion feature. To reduce noise, a low-pass
filter is applied to smooth the prediction error over the last 𝑛 steps, resulting in the perceptual quality metric
𝑃𝑞 (𝑡):

𝑃𝑞 (𝑡) = 𝑃𝑞 (𝑡 − 1) + 1
𝑛
(𝐸𝑝 (𝑡) − 𝑃𝑞 (𝑡 − 1)) (8)

When the prediction error exceeds the perceptual quality metric 𝑃𝑞 (𝑡 − 1) by a certain threshold 𝜓𝑒 , the
feed-forward path is reactivated to capture one high-resolution frame and several low-resolution frames, thereby
triggering an update of the prior knowledge. Otherwise, the feedback path continues by sampling five additional
low-resolution frames, extracting their motion features, and comparing them with the predicted ones. The gating
decision is formulated as:

𝐺 (𝑡) =
{
1, 𝐸𝑝 (𝑡 )

𝑃𝑞 (𝑡−1) > 𝜓𝑒

0, otherwise
(9)

Here, 𝐺 (𝑡) = 1 indicates that the feed-forward path is reactivated.



3.2 Algorithmic Implementation
We adopt LLaVA-OV-7B [43] as the world model to generate the system’s prior knowledge about the scene by
using the decoupled motion and visual information and converting them into textual descriptions. We select
LLaVA-OV-7B because it is relatively lightweight, achieves competitive performance across a wide range of
video understanding tasks, and, most importantly, is open-source. This allows us to access internal weights and
perform gradient-based training, which is essential for optimizing our motion connector. These components
enable the decoder of LLaVA-OV-7B to interpret structured motion features and align them with the decoupled
visual representations. For the feedback path, we employ ResNet-18 [30] as the motion feature extractor 𝑓motion,
expanding its first convolutional layer to 8 channels to accommodate the multi-frame optical flow input, following
common practices in action recognition for extracting motion features from optical flow sequences [25, 66].
This lightweight architecture was chosen to ensure efficient inference on our smartphone. The number of RNN
experts, 𝑁 , is set to 8, with a hidden size of 512. The gating network is a single-layer feed-forward network (FFN),
and the text encoder 𝑓text is derived from SigLIP [81]. The resolution of high-resolution video frames is set to
384 × 384, matching the standard input size for the vision encoder 𝑓vision, while low-resolution video frames are
set to 128 × 128. Sparse optical flow is estimated by sampling one point for every 8 × 8 grid, resulting in a sparse
optical flow size of 16 × 16. For prediction error gating, we set the hyperparameters 𝑛 = 2 and 𝜓𝑒 = 1.2. We
discuss the rationale for key hyperparameter settings in Section 4.
We train ActiveEye on the EgoClip dataset [47], an egocentric video-text dataset containing 129 daily-life

scenarios. Videos shorter than 5 seconds are filtered out, leaving 19K video-text pairs for training. The training
process runs on 8 NVIDIA GeForce RTX 3090 GPUs, and it consists of three stages:

(1) In the first stage, we train 𝑓𝑚𝑜𝑡𝑖𝑜𝑛 independently using the InfoNCE loss [56] to ensure it can effectively
capture motion semantics from optical flow sequences.

(2) In the second stage, we train the feed-forward path. During this phase, only the parameters of 𝑓𝑚𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑜𝑟
are unfrozen to align the motion features with the LLM’s representation space, facilitating the generation
of textual descriptions of egocentric videos. To preserve general visual understanding, we also include 12K
video-text pairs from the LLaVA-OV-7B pretraining corpus. We use cross-entropy loss for this stage.

(3) In the third stage, we train the feedback path by unfreezing the parameters of 𝑓𝑔𝑎𝑡𝑖𝑛𝑔 and 𝑓𝑅𝑁𝑁 to learn
how to utilize prior knowledge to predict future motion semantics. We employ F1 loss during this stage.

To ensure seamless integration, we develop a smartphone app to manage communication between the smart
eyewear and the cloud server. The app incorporates speech recognition [59] and text-to-speech (TTS) [19]
capabilities, enabling real-time conversational interactions with the user based on the visual scene. To generate
dialogue responses based on the visual scene, we select GPT-4o mini, using the most recent prior knowledge
generated by ActiveEye before the user initiates the conversation as the context.

3.3 Hardware Design
1) Smart Eyewear Prototype. The wearable component, shown in Figure 3, consists of a 3D-printed frame

housing an ESP32-CAM board and a 2.1Wh lithium battery, connected via an XH 2.54 connector. The ESP32-CAM
board is based on the ESP32-WROVER-E module (dual-core 240MHz Xtensa LX6, 8MB PSRAM), chosen for low
power consumption and ability to perform on-device streamlined optical flow estimation within tight energy
constraints. Also, the ESP32 supports Bluetooth 4.2; we leverage its Bluetooth Low Energy (BLE) functionality to
transmit the sparse motion features and JPEG-compressed images to the mobile device. This avoids raw video
streaming, which would incur higher power consumption and bandwidth costs.

An OV2640 camera, connected to the ESP32-CAM board via an FPC ribbon cable and mounted at the front of
the frame, provides adaptive visual sensing as scheduled by the ActiveEye system. Specifically:



• Low-resolution mode (128× 128 pixels at 4 fps) is used continuously for lightweight motion tracking with
minimal energy consumption.

• High-resolution captures (640× 480 pixels) are intermittently triggered by system-level scheduling to
provide detailed scene understanding when needed.

2) Mobile and Cloud Integration. We use an iPhone 16 Pro as the intermediate mobile device, chosen for its
hardware-accelerated machine learning cores (supporting .mlmodel) and robust BLE support. On the mobile
device, we deploy:

• Vision encoder 𝑓𝑣𝑖𝑠𝑖𝑜𝑛 , a transformer-based module converting high-resolution frames into patch tokens
𝑣
𝑝𝑎𝑡𝑐ℎ

𝑡 . Running this module on the phone (instead of the eyewear) minimizes energy and thermal load on
the wearable.

• Motion encoder 𝑓𝑚𝑜𝑡𝑖𝑜𝑛 , a lightweight CNN processing the optical flows received from the eyewear into
compact motion features𝑚𝑡 suitable for subsequent gating and RNN processing.

• Gating network 𝑓𝑔𝑎𝑡𝑖𝑛𝑔 and RNN experts 𝑓𝑅𝑁𝑁 , which together decide whether to invoke the vision encoder
and generate predictions.

Importantly, 𝑓𝑣𝑖𝑠𝑖𝑜𝑛 is only activated when the prediction error of motion features exceeds a threshold 𝜓𝑒 ,
and remains inactive for most of the time during system operation. This selective activation strategy reduces
unnecessary computation and conserves energy.

After on-device processing, the processed tokens and motion features𝑚𝑡 (not raw images) are uploaded to the
cloud, which returns a scene context vector 𝑇 𝑝𝑟𝑖𝑜𝑟

𝑡 , summarizing the visual environment and predicted future
events. This design reduces both bandwidth usage and privacy risk, as no raw imagery is uploaded.

Fig. 3. Prototype smart eyewear. Fig. 4. Power measurement setup.

3.4 Energy Model And Power Measurement Methodology
We first explain the energy model on the eyewear side and theoretically demonstrate how our system reduces 
energy consumption compared to a conventional framework without ActiveEye. We then describe the methodology 
used for direct power measurements.

3.4.1 Energy Model. The total energy consumption on the eyewear side, denoted as 𝐸total, is calculated as

𝐸total = 𝐸sense + 𝐸compute + 𝐸transmit + 𝐸base,



where 𝐸base accounts for background system-level energy consumption. The other three terms – 𝐸sense, 𝐸compute,
and 𝐸transmit – are attributed to two distinct tasks introduced by ActiveEye:

• Taskh: captures high-resolution frames at a scheduled frame rate set by ActiveEye, performs JPEG com-
pression, and transmits compressed images. The corresponding power consumptions are denoted as 𝑃ℎsense,
𝑃ℎcompute, and 𝑃

ℎ
transmit, respectively.

• Taskl: continuously captures low-resolution frames, estimate optical flow, and transmit flow data during
the intervals between Taskh. The corresponding power consumptions are denoted as 𝑃𝑙sense, 𝑃𝑙compute, and
𝑃𝑙transmit, respectively.

The total energy consumption is then given by:

𝐸total = (𝑃ℎsense + 𝑃ℎcompute + 𝑃ℎtransmit) ×𝑇ℎ + (𝑃𝑙sense + 𝑃𝑙compute + 𝑃𝑙transmit) ×𝑇l + 𝑃base × (𝑇ℎ +𝑇𝑙 ) (10)
According to empirical measurements described in Section 4, the duration of Taskl 𝑇𝑙 is approximately 6.71×

longer than that of 𝑇ℎ . Moreover, the power consumption values during Taskh—namely 𝑃ℎsense, 𝑃ℎcompute, and
𝑃ℎtransmit—are consistently higher than their Taskl counterparts (typically 4.02×, 2.84×, and 1.13× greater). This
design ensures that the system operates efficiently, with the majority of the time spent in the low-power mode.

3.4.2 Power Measurement Methodology.

(1) Eyewear side. We use a BlueBird BLU939 power meter to measure energy consumption of the ESP32-CAM-
based eyewear. This power meter is selected for its high sampling resolution and wide dynamic range, which are
essential to capture power fluctuations caused by intermittent high-resolution frame capture, BLE communication
bursts, and continuous low-power consumption sensing. To reflect realistic usage, we randomly shuffle and replay
the video sequences from the EgoSchema dataset, feeding each frame directly into the eyewear’s camera input, as
shown in the measurement setup (Figure 4). The video sequence was continuously looped until the battery was
fully depleted, enabling continuous measurement of energy consumption under sustained real-world usage. This
setup offers several benefits. First, EgoSchema provides structured ground-truth semantic annotations labeling
environmental and activity changes in a narrative format, ensuring consistent and reproducible evaluation of both
power consumption and system effectiveness across varied contexts. Secondly, EgoSchema covers a wide range
of real-world, head-worn scenarios, allowing us to assess power usage under representative conditions. Thirdly,
the shuffled full-set playback captures a broad spectrum of environments (e.g., indoor-outdoor transitions) and
activity dynamics (e.g., fast-changing and low-motion segments), enabling robust evaluation over long-term use.
Most importantly, this video-driven power testing setup provides a direct, controlled, and ethical alternative
to human subject testing, which is intrusive and difficult to repeat under consistent conditions. We repeat this
measurement process three times and report the average results to ensure reliability.

(2) Mobile side. We use Apple’s official sysdiagnose3 tool to measure the power consumption on the mobile
device. The smartphone is operated under conditions identical to those during the eyewear measurements, 
running our system to process incoming data streams. This setup allows for simultaneous power measurement 
on both wearable and mobile components, enabling a synchronized characterization of the system-wide power 
profile. As with the eyewear measurements, the process is also repeated three times, and average values are 
reported to ensure reliability.

4 Evaluation
This section begins with an evaluation of the system’s performance in controlled laboratory environments, and 
then proceeds to assess its practical performance, along with real-world user experience and usability.
3https://it-training.apple.com/tutorials/support/sup075/

https://it-training.apple.com/tutorials/support/sup075/


4.1 In-lab Evaluation
4.1.1 Experimental Setup. We evaluate ActiveEye on the EgoSchema [52] dataset to assess its energy efficiency, 
real-time visual and motion semantic change detection, and video understanding capabilities. EgoSchema is an 
egocentric long video QA dataset comprising over 5,000 three-minute video clips sampled from the large-scale 
Ego4D dataset [28]. It spans a wide range of everyday scenarios, such as cooking, cleaning, eating, and gardening. 
This diversity ensures that evaluations based on this dataset are comprehensive and not biased toward specific 
scenarios. Additionally, the Ego4D dataset includes scene annotations for each video, allowing us to analyze 
ActiveEye’s workload across different scenarios.
To evaluate ActiveEye’s real-time detection of visual and motion semantic changes, we utilize the dense 
narrations provided in the Ego4D dataset. These narrations annotate the camera wearer’s activities with precise 
timestamps, such as “232.93 seconds, C walks out of the bedroom” and “240.16 seconds, C climbs down the stairs,” 
where C refers to the camera wearer. Since semantic changes in egocentric videos are predominantly driven by 
the wearer’s actions, such as transitioning between scenes or performing new activities, we use these activity 
timestamps as ground truth for evaluation. While other factors, such as lighting variations or independent object 
motion, can also induce semantic changes, they are less frequent and not explicitly annotated in large-scale 
egocentric datasets. Therefore, we adopt camera wearer activity timestamps as a practical approximation for 
evaluating real-time semantic change detection.
Lastly, EgoSchema associates each video clip with a question and five answer choices, one of which is correct. 
Accurately answering these questions requires models to comprehend diverse actions and visual scenes while 
performing complex temporal reasoning [52]. Thus, the dataset is well-suited for evaluating ActiveEye’s video 
understanding capabilities. Due to GPU memory constraints, it is not feasible to encode all high-resolution frames 
corresponding to the visual and motion semantic changes detected by ActiveEye into the context window of the 
LLM decoder. Instead, we select the top 𝑁 frames with the largest prediction errors, as these frames are expected 
to represent the most significant semantic changes and provide the greatest incremental information relative to 
ActiveEye’s prior knowledge. This approach also allows for a fair comparison with other VLM agents that utilize 
different numbers of frames as input by adjusting the value of 𝑁 .

4.1.2 Metrics. We simulate ActiveEye’s input using video clips from the EgoSchema dataset and evaluate its 
energy efficiency based on the average power usage of sensing, computation, and transmission.
For real-time detection of visual and motion semantic changes, we evaluate ActiveEye using time difference and 
average F1 score as metrics. The time difference quantifies system responsiveness by measuring the mean distance 
between each annotated timestamp and the nearest detected timestamp. The F1 score, balancing precision and 
recall, assesses the system’s ability to accurately and comprehensively detect semantic changes. Following prior 
event boundary detection methods [61, 62], we calculate the relative distance (Rel.Dis.), which normalizes the 
timestamp difference by the duration of the corresponding action or event. A match is considered correct if the 
Rel.Dis. is within thresholds ranging from 0.05 to 0.5, accounting for variability in human annotations. Precision, 
recall, and F1 score are computed at each threshold, and their averages are reported.
For the VQA task, performance is assessed using both accuracy and processing latency. Here, processing 
latency is defined as the elapsed time from the reception of the input (visual data and query) to the generation of 
the VQA output. This metric isolates the computational cost of the VQA reasoning pipeline, enabling reproducible, 
lab-based comparisons.

4.1.3 Baselines.

(1) Uniform Sampling. OS-1 [74] delivers a function similar to our system – responding to users’ conversa-
tions while taking into account the users’ immediate visual surroundings. However, a direct comparison
with OS-1 is not feasible, as the two systems have different objectives and input modalities. To enable a



fair comparison, in this work, we slightly modify the OS-1 method: we adopt its fixed frame sampling rate
mechanism and disabled its speech input. We refer to this modified baseline as Uniform Sampling.

(2) Heuristic Event Boundary Detection Methods. Our approach leverages both ongoing motion semantics
and historical visual semantics to identify semantic changes. To evaluate this design, we compare it
against two heuristic event detection methods for consecutive frames, both based on optical flow from
FlowGEBD [27]: (1) Pixel tracking with sparse optical flow (FlowGEBD-PT), which detects event boudaries
when the ratio of tracked pixel points falls below a threshold 𝜃1, indicating a semantic change in scene. (2)
Monitoring frame-by-frame dense optical flow maxima (FlowGEBD-FN), which detects an event when the
normailized maximum flow value across frames exceed a threshold 𝜃2. For evaluation, we set 𝜃1 to 0.4 and
𝜃2 to 0.06 to achieve an optimal balance between precision and recall.

(3) VLM Agents with Frame Selection Mechanism. We also compare ActiveEye’s video understanding
capabilities on the VQA task with several state-of-the-art VLM agents: VideoAgent [68], VideoAgent [22],
MoReVQA [54], and VideoTree [70]. It is important to note that these baseline methods are primarily
designed for offline VQA, as they operate on pre-captured video clips. Therefore, they are excluded from
our evaluation of real-time semantic detection.

4.1.4 Results.

(1) Overall Performance. Table 1 reports the energy efficiency and real-time semantic detection metrics of
ActiveEye and the baseline methods. As shown, ActiveEye achieves a 49.14% energy saving compared to the VLM
system that uniformly samples video frames at 384×384@4fps. This efficiency is attributed to the adaptive spatial-
temporal sampling rates for extracting visual and motion semantics and transmitting high-resolution frames only
when semantic changes are detected, reducing the average power consumption for sensing, computation and
transmission by 59.70%, 72.91% and 85.83%, respectively. Additionally, ActiveEye achieves the highest F1 score of
0.80 and the lowest time difference of 1.30 s compared to heuristic event boundary detection algorithms. This
advantage arises from its ability to predict motion features, allowing it to model high-level motion semantics
over time while being less susceptible to disturbances from egomotion. In contrast, heuristic optical flow-based
methods are highly sensitive to egomotion, leading to frequent false detections when the wearer is in motion and
failing to capture subtle hand movements when the wearer remains still.

Table 1. Energy efficiency and real-time performance comparison between ActiveEye and baseline methods.

Real-time semantic detection metrics Energy efficiency metrics

Method Precision Recall F1 TimeDiff
(second)

Psense
(mW)

Pcompute
(mW)

Ptransmit
(mW)

Ptotal
(mW)

Uniform sampling 0.13 1.00 0.23 0.06 66.50 48.94 176.89 516.25
FlowGEBD-PT 0.62 0.57 0.59 6.08 25.18 14.40 21.75 262.83
FlowGEBD-FN 0.60 0.54 0.56 4.34 25.21 29.95 21.76 278.15
Ours 0.81 0.80 0.80 1.30 22.79 13.26 25.07 262.56

To illustrate this, Figure 5 presents a case study from an egocentric video where the camera wearer is painting.
The figure visualizes a sequence of video frames, annotated narrations with timestamps, and the timestamps
detected by ActiveEye and baseline methods. In this scenario, the primary source of motion stems from the
camera wearer’s hand movements, such as “puts art on table” and “stirs the paint brush in the watercolor
pan.” FlowGEBD-PT fails to detect these changes, as it relies on tracking sparse points and monitoring their



Fig. 5. Case study of semantic change detection during a painting activity.

disappearance. Meanwhile, FlowGEBD-FN, being sensitive to egomotion, misinterprets slight head movements
between “moves the art” and “paints on the sketch pad” as significant changes, leading to consecutive false
detections. In contrast, ActiveEye effectively captures motion semantics through feature extraction and prediction,
allowing it to model subtle motion variations in relatively static scenes while remaining robust to low-level
disturbances such as egomotion.

(2) Battery Performance. We also provide energy consumption profiles for both the eyewear and smartphone
sides, as shown in Figure 6. In this figure, we visualize the voltage of the eyewear and the remaining smartphone 
battery percentage (on a fully charged 3582 mAh iPhone 16 Pro battery) during the continuous operation while 
replaying the EgoSchema dataset. The voltage profile demonstrates a near-linear decline, consistent with typical 
lithium-ion discharge profiles, which indicates stable performance without erratic power fluctuations. Specifically, 
the voltage of the eyewear drops from approximately 4.11 V to 2.81 V, indicating complete battery depletion at 
around 8.37 hours of continuous use. It is necessary to note that during the final phase of discharge (approximately 
from 8 to 8.37 hours), the rate of voltage drop accelerates. This is due to the depletion of internal charge, which 
prevents the system from maintaining a stable current. As a result, the voltage drops sharply from 3.33 V to 2.81 V, 
and the system ceases operation due to insufficient power supply. On the other hand, the smartphone’s battery 
percentage decreases only modestly from 100% to approximately 82.7% over the same duration. This indicates 
that the proposed system imposes a minimal power burden on the smartphone, allowing it to comfortably sustain 
a full day of active use even with continuous interaction with the eyewear. We also provide a concrete example in 
Appendix A1 to illustrate how power consumption fluctuates during task execution in a typical working-at-desk 
scenario.
To further analyze ActiveEye’s battery performance across different scenarios, we summarize ActiveEye’s 

battery performance across 10 usage scenarios. These scenarios are selected from EgoSchema dataset based on 
the highest number of video samples, ensuring they represent typical daily activities. Figure 7 shows the average 
power consumption of the eyewear and the frequency of Taskh activations for each scenario. As expected, there is a 
clear correlation: scenarios with more frequent Taskh activations tend to consume more power. Dynamic activities 
(i.e., fast-changing scenarios) such as Farming and Construction involve frequent visual changes, resulting in 
higher energy use. In contrast, more static activities, such as Phone Use, allow the system to remain mostly in 
Taskl, thereby conserving energy.
To better illustrate contextual differences, we present two representative case studies:



Fig. 6. Voltage depletion of eyewear and remaining smartphone battery percentage during continuous operation of the
EgoSchema dataset replay.

Fig. 7. Average power consumption and Taskh activation frequency of ActiveEye across ten daily scenarios.

• Playing tennis (dynamic): Frequent semantic changes lead to sustained Taskh. Average power is 273.88mW,
yielding 7.67 hours of battery life (see Figure 8).

• Desk work (static): Minimal scene change triggers Taskh only once, resulting in a lower average power
draw of 256.65mW and extending battery life of 8.18 hours (see Figure 9).

Fig. 8. Active energy trace in a fast-changing scene (playing tennis).



Fig. 9. Active energy trace in a slow-changing scene (desk work).

Table 2. VQA Accuracy Comparison for ActiveEye and Baselines.

Method VLM Backbone Num of Frames Acc (Subset4) Acc (Full Set5)

Uniform Sampling LLaVA-OV-7B 32 62.4 60.3
VideoAgent (Wang et al., 2024) GPT-4 8.4 60.2 54.1
VideoAgent (Fan et al., 2024) GPT-4 360 62.8 60.2
MoReVQA (Min et al., 2024) PaLM-2 30 – 51.7
VideoTree (Wang et al., 2024) GPT-4 62.4 66.2 61.1

Ours LLaVA-OV-7B 8 62.6 59.3
Ours LLaVA-OV-7B 32 65.4 61.6

(3) Video Understanding Capability. We first evaluate ActiveEye’s video understanding capabilities under a
controlled setting where both ActiveEye and baseline methods are given the same number of high-resolution 
frames. Table 2 presents the results on the EgoSchema VQA task. As shown, ActiveEye achieves higher accuracy 
than uniform sampling under this constraint, demonstrating that the use of motion features and feedback-driven 
adaptive frame selection enables the VLM to extract richer semantic information from video inputs. In addition, 
ActiveEye achieves comparable or better VQA accuracy than several VLM agents while using the same or even 
fewer high-resolution frames, validating its effectiveness in video understanding.
In the second experiment, we adopt a more realistic setting where the total number of frames is fixed, but 

ActiveEye adaptively selects only a small portion of high-resolution frames, while the rest are low-resolution, 
whereas the uniform sampling baseline uses all high-resolution frames at 4 fps. This setting better reflects 
real-world deployment constraints where energy and latency are critical. To further distinguish the effects of 
the ActiveEye from those of the underlying VLM backbones, we retrain both ActiveEye and a representative 
baseline method—Uniform Sampling—on EgoGPT-7B, allowing for a fair comparison under the same backbone 
and training conditions. This is because directly comparing our approach on the exact same VLM backbone used 
by other baselines (e.g., GPT-4, PaLM-2) (Table 2) is not feasible. These models are closed-source and accessible

4The subset contains 500 questions with publicly available ground-truth answers for offline evaluation in EgoSchema.
5The full set includes all questions in EgoSchema, including those in the subset. The remaining ones require online submission for scoring.



only through restricted APIs. Consequently, they do not support feature-level customization or gradient-based
learning, which are both essential for training components such as the motion connector.
Furthermore, due to GPU memory constraints when feeding inputs to the LLM decoder, we apply a uniform

spatial downsampling to the visual features in both systems, and to the motion features in ActiveEye only. This
adjustment ensures comparability without favoring either method. We note that this downsampling is only
introduced for benchmarking in a controlled setting; ActiveEye does not require such downsampling in typical
deployment.
Table 3 shows the results, indicating that under the same VLM backbone, our method significantly reduces

power consumption—by 49.1% for LLaVA-OV-7B and 48.7% for EgoGPT-7B—while maintaining competitive VQA
accuracy, with only a slight decrease of 1.0% and 1.9%, respectively. Also, ActiveEye achieves competitive accuracy
while reducing processing latency by 24.6% and 25.7% across different LLM backbones, thereby validating our
design goal of balancing accuracy with efficiency.

Table 3. Comparison of VQA performance and energy savings across different VLM backbones.

VLM Backbone Method Acc
(Subset)

Acc
(Full set)

Avg. Power
(mW)

Processing
Latency (s)

LLaVA-OV-7B Uniform Sampling 61.4 59.5 516.25 3.21
ActiveEye 63.6 ↑3.6% 58.9 ↓1.0% 262.56 ↓49.1% 2.42 ↓24.6%

EgoGPT-7B Uniform Sampling 68.8 72.8 516.25 4.04
ActiveEye 68.0 ↓1.2% 71.4 ↓1.9% 264.97 ↓48.7% 3.00 ↓25.7%

(4) Ablation Study. We further conduct ablation studies to evaluate the effectiveness of the two key components
of ActiveEye: (1) decoupling of visual and motion representations, and (2) feedback-driven adaptive sampling. To
ensure a fair comparison, all methods use the same input resolutions: high-resolution frames are captured at
384 × 384 pixels, and low-resolution frames at 128 × 128 pixels. All experiments are performed on the EgoSchema
dataset for the VQA task, using the LLaVA-OV-7B model as the VLM backbone.
We compare ActiveEye against the following three ablation baselines.
• w/o DE+FE. This baseline removes both components—‘decoupling of visual and motion features’ (DE) and
‘feedback-driven adaptive sampling’ (FE). It uniformly samples high-resolution video frames at a fixed rate,
which is the maximum rate supported by the cloud server, and feeds these frames directly into the VLM for
the VQA task. Neither specific motion features nor adaptive frame selection is used in this baseline.

• w/o DE. This baseline removes only the ‘decoupling of visual and motion features’ mechanism while
retaining ‘feedback-driven adaptive sampling’. In this setup, it adaptively adjusts the rate of high-resolution
video frame transmission based on motion prediction errors, similar to ActiveEye. Specifically, it first
predicts future motion features based on the evolving video understanding (using the same prediction
module as in ActiveEye), and then compares the prediction with the actual observed motion to compute the
prediction error. Based on the error, we dynamically select a subset of high-resolution frames to transmit,
within the capacity of the cloud server. Unlike ActiveEye, however, this baseline does not explicitly separate
the visual and motion feature streams.

• w/o FE. This baseline removes only ‘feedback-driven adaptive sampling’ (FE) while retaining ‘decoupling
of visual and motion features’ (DE). As in ActiveEye, this setup also processes the low-resolution frames at
4 fps to extract motion features, while high-resolution video frames are sampled and transmitted at the
maximum frame rate supported by the cloud server. Thus, although motion and visual features remain



decoupled in this baseline, the high-resolution visual stream operates at a constant frame rate and does not
adapt based on feedback from the motion stream.

Table 4. Ablation study of ActiveEye on the EgoSchema dataset for the VQA task.

Module Acc
Method VLM backbone (LLaVA-OV-7B) FE DE Subset Full Set

w/o DE+FE ✓ – – 62.4 60.3
w/o DE ✓ ✓ – 62.8 60.8
w/o FE ✓ – ✓ 64.0 60.8
Ours ✓ ✓ ✓ 65.4 ↑2.2% 61.6 ↑1.3%

Table 4 presents the ablation study results, demonstrating the effectiveness of the proposed two components—
decoupling of visual and motion features (DE) and feedback-driven adaptive sampling (FE). We can see that our
method achieves the best performance on both the subset and the full set of the EgoSchema for the VQA task, with
accuracy improvements of 1.4 and 0.8 (corresponding to relative gains of 2.2% and 1.3%, respectively), compared
to the strongest baselines. These results prove the indispensable role of both DE and FE in enhancing system
performance. Removing either DE or FE individually (w/o DE and w/o FE) still improves performance compared
to removing both components (w/o DE+FE), demonstrating that each component independently contributes to
better video understanding.

These results highlight the combined effect of motion-visual decoupling and adaptive sampling in improving
wearable video-based VQA.

4.1.5 Parameters Tuning and Trade-Offs. To offer deeper insights, we report the key parameter tuning choices
and discuss the resulting trade-offs.

(1) Impact of𝜓𝑒 (Trade-off of energy vs. accuracy under varying temporal resolution.) A key parameter
of ActiveEye is the threshold 𝜓𝑒 , which quantifies the difference between the observed motion and predicted
motion. This threshold determines when the system triggers the most recent visual and motion information
capture. In other words,𝜓𝑒 governs the temporal resolution of the system: A smaller𝜓𝑒 results in more frequent
high-resolution sampling, thereby increasing both power consumption and task performance (measured by VQA
accuracy).

Figure 10 illustrates the trade-off between power consumption and accuracy as𝜓𝑒 varies from 1.0 to 1.6 (step
size 0.1), constrained by the 24GB memory of the NVIDIA GeForce RTX 3090 GPU used in the cloud. On the
EgoSchema dataset, we observe that average power consumption rises due to more frequent high-resolution cap-
tures as𝜓𝑒 decreases, while accuracy also improves accordingly (with minor fluctuations). Notably, the accuracy
increases up to about 𝜓𝑒 ≈ 1.2, beyond which it plateaus or slightly declines—showing a classic diminishing-
returns effect. These results suggest that lowering 𝜓𝑒 allows the system to incorporate more high-resolution
frames, enriching semantic information and improving VQA accuracy. However, once the essential semantic
content is adequately captured, further lowering𝜓𝑒 yields little to no benefit while incurring additional energy
cost. Therefore, in this work, we empirically set𝜓𝑒 as 1.2, balancing accuracy and energy efficiency. In Figure 10,
this point is highlighted by the orange star.

(2) Trade-off of energy vs. accuracy under varying spatial resolutions. We further investigate the
energy–accuracy trade-off induced by spatial resolution for two tasks: Taskl and Taskh, which exhibit 
distinct



Fig. 10. Impact of𝜓𝑒 on VQA accuracy
and average power consumption.

Fig. 11. Energy–accuracy trade-off for
Taskh at different spatial resolutions.

Fig. 12. Energy–accuracy trade-off for
Taskl at different spatial resolutions.

resolution requirements. While higher resolutions enhance semantic richness, practical constraints of model
input size and camera hardware impose limits.

We first fix the resolution of Taskl at 128 × 128, as indicated by widely-used optical flow models [64], and vary
Taskh across 7 candidate resolutions supported by the ESP32-CAM: 128 × 128, 176 × 144, 240 × 176, 320 × 240,
400 × 296, 640 × 480 and 1024 × 768. Prior to inference, all Taskh frames are resized to 384 × 384, the vision
encoder’s required input. As expected, increasing the capture resolution improves accuracy but raises energy
usage, with diminishing returns beyond 640 × 480 in Figure 11. This suggests 640 × 480 as a balanced resolution
for Taskh.

We then examine the optimal resolution for Taskl while keeping Taskh fixed at 640 × 480. Taskl’s resolution is
varied among the above candidate sizes, lower than 640 × 480. Results in Figure 12 show that increasing Taskl’s
resolution beyond 128 × 128 causes a significant increase in average power consumption with minimal gains
in VQA accuracy improvements. This is because ActiveEye extracts sparse optical flow from the low-resolution
stream, and since motion within local regions is typically spatially coherent [21], high-resolution inputs offer
limited additional benefits. Based on these observations, we adopt 128 × 128 and 640 × 480 as the resolutions for
Taskl and Taskh, respectively, in previous experiments.

4.2 In-field Study
4.2.1 Experimental Setup. To evaluate the system performance, usability, and user experience in practice, we
conduct two rounds of in-field user studies, each designed with distinct objectives. The first-round study focuses
on system deployment validation and real-time performance testing. Participants are recruited from a small,
lab-level population to allow rapid feedback and iterative refinement. While this sample is homogeneous, it serves
the purpose of early-stage system evaluation, and we only use the data for evaluating system performance from a
perspective independent of individual participant traits. The second-round study aims to evaluate system usability
and user experience in various real-world contexts. We recruited the participants from a broader university-level
population to enhance diversity in gender, age, and disciplinary background (including both Computer Science
(CS) and Non-CS6 fields).

A summary of participant demographics is provided in Table 5. Participants from the first-round study are
labeled P1 to P10, and those from the second round are labeled P11 to P25.

6Non-CS fields in this work include Industrial Design, Atmospheric and Oceanic Sciences, Physics, Art Conservation, Business Administration,
Microelectronics, and Electronic Information.



Table 5. Summary of Participant Demographics Across Two User Study Rounds.

Round No. of Participants Gender Age Range Background
1 10 10 Males 21–24 All Computer Science (CS)
2 15 8 Males, 7 Females 22–36 7 CS, 8 Non-CS

Each study begins with an introductory session, where participants were briefed on system usage, data review
procedures, and the evaluation interface for submitting feedback. In Round 1, we predefined eight daily scenarios—
commuting, shopping, exercising, housework, working, walking, dining, casual chat—to ensure comparability
across participants. Each participant was instructed to engage in a minimum of 10 minutes of conversation
with ActiveEye per scenario, completing at least five dialogue rounds, with the dialogue content grounded in
the ongoing visual context. This controlled setup minimized variations due to personal background or context.
In Round 2, participants were asked to use the system in self-selected naturalistic scenarios encountered in
their daily lives. They were also encouraged to include both indoor and outdoor settings, as well as a mix of
dynamic environments (with rapidly changing visual semantics) and static environments (with stable or slowly
evolving visual content). This more flexible setup enabled the collection of richer, context-aware usability data
and supported a broader, more inclusive evaluation of user experience.

4.2.2 Evaluation Method.

1) System Performance Evaluation Method. We evaluated ActiveEye in terms of real-time capturing accuracy,
real-time responsiveness, and energy efficiency across different usage scenarios. To assess real-time capturing
accuracy, we developed a web-based interface that allowed participants to review their interactions with ActiveEye
alongside the high-resolution images captured during predicted semantic changes. Participants were asked
whether ActiveEye correctly identified semantic changes relevant to the ongoing conversation and captured
corresponding high-resolution frames, providing binary (“Yes” or “No”) feedback. We define the Hit Rate as the
percentage of correctly detected semantic changes and use it to quantify real-time capturing performance. For
real-time responsiveness, we measured user-perceived latency, defined as the time interval between the end of
the user’s speech input and the onset of the system’s audio feedback. Finally, we assessed energy efficiency using
the average power consumption of ActiveEye during each conversational scenario.

2) User Experience Evaluation Method. In this work, we define user experience (UX) as user’s perceptions and
responses arising from their interaction with the system in real-world scenarios [39], including aspects such
as perceived usefulness, conversational quality, emotional connection, interaction design, and future adoption
intent. To evaluate these dimensions, we conducted a comparative study involving ActiveEye and two baseline
systems: (1) Uniform Sampling, which uses a fixed 10-second image capture interval from prior work [74], and
(2) Reactive Sampling, which captures images only when the user initiates a dialogue. These two baselines were
selected because they represent different approaches to interactive perception and share comparable capabilities 
for vision-language dialogue, making them suitable for comparative assessment. Participants interacted with all 
three systems in self-selected real-world scenarios. To mitigate order effects, we used a Latin square design7, 
ensuring that each system appeared in different positions across participants. For each scenario, participants were 
asked to engage in at least five rounds of dialogue lasting a minimum of 10 minutes, with conversations grounded 
in their surrounding visual contexts. Following the interactions, participants took part in a semi-structured 
interview (around 30 minutes), which captured qualitative insights into their experience across systems.

7https://en.wikipedia.org/wiki/Latin_square

https://en.wikipedia.org/wiki/Latin_square


3) System Usability Evaluation Method. While the UX evaluation addressed broader experiential aspects across
the three systems, we also conducted a separate assessment focusing on perceived usability, specifically for our
system. To this end, we employed System Usability Scale (SUS), a widely-adopted, industry-standard tool for
evaluating perceived usability [42], which is particularly well-suited for assessing early-stage prototypes [41]. We
administered the SUS questionnaire to all 15 participants in Round 2, following their interaction with ActiveEye.
The SUS comprises 10 standard items—such as whether the system is unnecessarily complex, requires technical
support, or feels cumbersome to use—each rated on a 5-point Likert scale (1 = “strongly disagree”, 5 = “strongly
agree”). These responses are converted into a composite SUS score ranging from 0 to 100, with a score of 68 being
generally regarded as the benchmark for average usability [42].

4.2.3 Performance of ActiveEye in Practice. We present the conversation duration, number of valid rounds, Hit
Rate, average power consumption, and real-time responsiveness for each scenario in the first-round in-field user
study, as shown in Table 6.

Table 6. Evaluation of ActiveEye performance across eight daily scenarios in the first-round in-field user study.

Scenario Duration
(hours) Rounds Hit Rate

(%)
Avg. Power Consumption

(mW)
Responsiveness

(seconds)

Commuting 0.95 73 95.89 262.17 1.78
Shopping 0.95 145 88.27 260.55 1.69
Exercising 0.44 70 91.42 261.19 1.67
Housework 0.94 110 88.18 260.22 1.57
Working 1.17 58 93.10 256.72 1.55
Walking 1.77 143 92.30 260.55 1.71
Dining 1.21 76 96.05 259.58 1.64
Casual Chat 1.36 153 86.93 257.04 1.35

Total 8.80 828 90.70 259.58 1.60

From the experimental results, we draw the following conclusions:

(1) ActiveEye Enables Accurate and Continuous Video Perception with Dynamic Adaptation to Scene Changes.
Across all scenarios in the in-field study, ActiveEye achieves an average Hit Rate of 90.70%, indicating a strong
capability in detecting semantic changes relevant to ongoing conversations. It also maintains an average user-
perceived latency of 1.60 seconds, which falls within the empirically established range (0–2 seconds) considered
acceptable for natural interactions in conversational systems [26]. Furthermore, ActiveEye sustains an average
power consumption of 259.58mW, with higher usage observed in dynamic scenarios (e.g., commuting, shopping,
exercising) and lower in more static ones (e.g., working, dining, casual chatting), consistent with patterns from
the controlled lab study.

(2) Real-Time Responsiveness vs. Energy Consumption. Using data from the first-round user study, we examined
the trade-off between real-time responsiveness and energy consumption in the conversational application. As
illustrated in Figure 13, we observe a clear positive correlation between latency and energy consumption. Higher
user-perceived latency—indicating slower system responsiveness—was associated with higher energy usage. This
relationship is intuitive, as higher energy consumption typically reflects a greater number of processed Taskh



Fig. 13. Relationship between average power consumption
and latency. RANSAC regression [53] identified around 66%
of data points as inliers (blue circles), showing a strong linear
trend (R2 = 0.878). Outliers (orange crosses) were excluded
from model fitting.

Fig. 14. Distribution of latency acceptability ratings. Users
rated slow-changing tasks as more tolerable, with 60.0%
assigning a rating of 4 or 5. In contrast, fast-changing tasks
were rated less favorably, with the highest proportion (40.0%)
selecting a mid-range rating of 3.

Fig. 15. UX and willingness ratings across user groups.

events. These involve more frequent image sensing, JPEG compression, and bursts of BLE communication, all of 
which contribute to increased processing time and, consequently, longer perceived latency.

We also examine outliers to gain further insight. In cases where low power consumption was paired with 
high latency, this typically occurs when a user initiates speech while the scene semantics were simultaneously 
changing or just after the change—such as when the user was working or walking and turned their head to 
engage in a conversation with the system. In these situations, the system has already started processing updated 
visual and motion features or was doing so concurrently with the speech input. Although this leads to a longer 
wait time for the user (i.e., higher latency), the processing workload is spread over time, and high-resolution 
updates are not triggered excessively. As a result, energy usage remain relatively low, even though the response 
was delayed.

4.2.4 Findings on User Experience. Good overall user experience and willingness for future use across 
gender and professional background. As shown in Figure 15, all 15 participants reported a positive overall user 
experience with ActiveEye (4.07 ± 0.80). Meanwhile, they also agreed that ActiveEye offered a superior experience



compared to both baselines (2.87 ± 0.74 for Uniform Sampling and 3.00 ± 0.93 for Reactive Sampling). These
trends were consistent across genders and professional backgrounds, suggesting that ActiveEye offered a broadly
positive experience regardless of user demographics. Participants attributed ActiveEye’s superior experience to
its ability to promptly detect changes in scene semantics, allowing it to adapt quickly to evolving visual contexts
and generate more relevant responses. When asked to elaborate, 11 out of 15 participants specifically highlighted
ActiveEye’s enhanced responsiveness to dynamic scene changes. One participant noted, “ActiveEye was quicker to
respond when the scene changed, making the conversation feel natural. With the other two systems, I had to manually
guide the conversation, but ActiveEye just followed along.” (P19). Interestingly, participants’ perceptions of system
intelligence were also influenced by responsiveness—even though all systems were backed by the same LLM. As
one participant put it: “ActiveEye felt smarter because it picked up quickly on what I wanted it to look at” (P15),
while another commented, “The uniform sampling system lagged behind in dynamic scenes—it was still talking
about the previous one when I had already moved on, which made it feel dumb” (P14).

With potential for future use but requiring further personalization and task support.Participants also
reported a positive intention to use our system in the future (3.60 ± 1.06), exceeding both baselines (2.93 ± 0.70
and 2.93 ± 0.96). Qualitative feedback linked this adoption intent to our system’s ability to proactively initiate
topics based on its timely and continuous perception of the environment. This capability fostered a stronger sense
of engagement during interactions, distinguishing it from question-answer-based systems that rely solely on user
prompts. As one participant noted, “When ActiveEye saw me jogging in the hallway, it would suggest going for a run
outside. Other systems typically only respond after I ask something.” (P16). These patterns are also consistent across
genders and professional backgrounds, suggesting early but promising adoption potential. However, participants
also expressed a desire for more customized (or personalized) styles and tighter integration with downstream
tools, indicating that long-term use still depends on future improvements, such as personalization and task
support.
Participants valued ActiveEye as a responsive conversational assistant and companion due to its

continuous visual perception. Ten out of 15 participants reported that ActiveEye provided more helpful,
contextually relevant responses by promptly detecting scene changes. For instance, one participant shared, “It
gave me suggestions based on what I was currently looking at in the store. One moment I was browsing snacks,
and when I turned to the yogurt aisle, it recommended having yogurt in the afternoon” (P25). Additionally, three
participants noted that ActiveEye’s persistent awareness of scene dynamics served as a useful supplement to their
own visual perception and memory—a benefit not provided by the other two baseline systems. We illustrated
such a case in Appendix Figure A2. Furthermore, 8 out of 15 participants felt a stronger sense of connection with
our system compared to baselines. This was attributed to the system’s ability to “see what users see,”, which
enhanced the feeling of co-presence. (“It gave me a sense of ‘being there with me.’... felt like it was experiencing
things alongside me” (P23). An example of such interaction is visualized in Appendix Figure A3.

Participants also provided suggestions for its assistant and companion roles. For assistance, integration
with tools (e.g., navigation, reminders) (9 out of 15) and extended long-term memory (4 out of 15) were requested
(“I wish it could connect to apps like navigation, ..., reminders, and even integrate with wearables like fitness bands”
(P22)). For companionship, participants emphasized the need for more personalized interaction styles (6 out of
15) and emotional support capabilities (3 out of 15). For example, “Chatting with ActiveEye felt like being with a
boyfriend who’s physically present but emotionally unavailable.” (P23).

4.2.5 Findings on System Usability. Good usability. Participants generally found ActiveEye easy to use. ActiveEye
achieved an average SUS score of 77.17 ± 10.26 (out of 100), as shown in Figure 16, exceeding the standard
benchmark of 68 and indicating good usability. Across all 10 SUS items, participant responses were consistently
positive. For example, they agreed that the system was easy to use (Item A3, 4.20 ± 0.41), quick to learn (Item A7,
4.67 ± 0.62), and not unnecessarily complex (Item A2, 2.20 ± 0.94). Additionally, participants expressed confidence



in using the system without external support (Item A4, 1.87 ± 1.25). As one participant noted: “I didn’t need much 
external help while using it—just briefly skimming the manual was enough, and the interface wasn’t 
complicated.” (P12). Another echoed this sentiment: “I found it fairly easy to get started with the help of the 
instructions—the interface was also quite clear.” (P14).

Fig. 16. SUS item ratings by participants. A1: willing to reuse; A2: too complex; A3: Easy to use; A4: needs support; A5: 
well integrated; A6: too inconsistent; A7: quick to learn; A8: cumbersome; A9: confidence in use; A10: steep learning curve. 
Higher scores reflect stronger agreement with positive usability for A1, A3, A5, A7, and A9, while lower scores reflect positive 
usability for reverse-worded items A2, A4, A6, A8, and A10.

Good usability across professional backgrounds, with higher ease of adoption among CS participants. 
As shown in Figure 16, ActiveEye was perceived as usable by both CS and non-CS participants, with both SUS 
scores exceeding the standard benchmark of 68. Specifically, CS participants reported a higher average score 
(81.43 ± 11.17) compared to the non-CS participants (73.44 ± 8.34). Moreover, CS participants scored more 
positively than non-CS participants on nine out of ten SUS items, indicating consistently greater ease of use and 
confidence. These trends suggest that while the system is generally usable, users with technical backgrounds 
found it easier to adopt—likely due to greater familiarity with digital tools and interaction patterns. As one CS 
participant noted: “I have worked on similar systems before, so it was quite intuitive for me.” (P13). Another from 
an art conservation background remarked, “The system felt a bit complex at first and wasn’t easy to get started 
with, but it became fairly straightforward once I got used to it.” (P22).

This discrepancy may also be explained by differences in expectations. Non-CS participants may hold higher 
expectations regarding interface intuitiveness and device usability, especially for wearable systems. As one 
participant from an industrial design background noted: “I think the mobile app interface could be simpler. Ideally, 
users shouldn’t need to be told what to do.” (P18). Another participant from a business administration background 
commented: “I felt the glasses were still a bit heavy and bulky for me—they seemed cumbersome to use” (P23).

4.2.6 Latency Acceptability Across Contexts Discussion. We further investigated user latency tolerance by focusing 
on real-time responsiveness as experienced across diverse real-world scenarios, using data from the second-
round user study. Different from the earlier discussion of isolated processing latency, real-time responsiveness 
captures the holistic user experience, shaped by factors such as network variability, device heterogeneity, and 
context-specific constraints. These real-world conditions can significantly influence how latency is perceived and 
tolerated in practice.
Participants (n=15) rated latency acceptability on a 5-point Likert scale, where 5 indicates strongly agree, 1 

indicates strongly disagree that latency is acceptable. To access contextual effects, we categorized scenarios as 
fast-changing (e.g., shopping with rapidly evolving visual scenes) and slow-changing (e.g., desk working in a



stationary environment), reflecting differences in semantic update rates. Figure 14 shows the percentage of each
rating across the two scenario types. In slow-changing contexts, participants rated latency favorably, with
60.0% giving scores 4 and 5. In contrast, participants in fast-changing scenarios were more critical: with
33.3% reporting a positive score of 4, 40.0% scored 3, and 26.7% scored 2, indicating lower satisfaction compared
to the slow-changing scenario.
These findings align with our expectations and highlight how context dynamics influence user experience

regarding latency perception, with fast-paced interactions presenting a greater challenge for real-time systems.
Examples of supporting qualitative feedback include the following: “When I was running... it responded about
the stairs only after I had already gone down. That’s too late to be functionally useful.” (P16) By contrast, in
slow-changing scenarios, latency was less noticeable and thus more tolerable. “While working or studying, I barely
noticed any delay.” (P11)

5 Limitations
Participant sample size and diversity limitations. Recruiting participants for in-situ user studies is quite
challenging and resource-intensive. In this work, we recruited 25 participants over a period of 3 months. While the
study provided several informative findings, we acknowledge limitations related to both the scale and diversity
of the participant sample. Although no substantial bias was identified during the study, this was not formally
assessed, and further analysis would be necessary to draw more generalizable conclusions. (1) Gender-related
variation in user experience (UX). Both male and female participants reported generally positive UX; however,
some differences were observed. Specifically, female participants gave a lower average UX score (3.71 ± 0.95)
than male participants (4.38 ± 0.52), as shown in Figure 15. Their willingness-to-continue ratings were also
slightly lower. Follow-up open-ended responses revealed that some female users desired additional forms of
support, such as more emotionally responsive interactions or integrated functional features (e.g., reminders or
navigation). While these insights are informative, the limited number of female participants prevented us from
determining whether such preferences are broadly representative. Further work is needed to explore whether this
reflects a gender-specific expectation or a more general design consideration. (2) Differences in perceived system
usability.Both groups gave favorable usability ratings; however, male participants rated the system marginally
higher than female participants. This difference was most evident in SUS Item A1 (“I would like to use this system
frequently”) and Item A5 (“I found the system well integrated”). The lower score on Item A1 aligns with the
UX responses and may suggest a lower intention to adopt the system over time among female users. Regarding
Item A5, prior literature in design psychology suggests that male users may prefer structured layouts and visible
feature sets, whereas female users may value clarity and simplicity in design [13]. Although these findings are
preliminary, they raise important considerations for the design of inclusive systems. Nevertheless, the current
sample size limits the extent to which we can draw conclusions about these observed differences.
Future work will focus on expanding the participant pool in both size and diversity to better understand

how user characteristics influence UX and usability. This includes formally assessing potential gender-related
preferences and examining whether observed differences reflect broader trends.
Contextual and Environmental Limitations. Our user study was conducted under typical daily-life

conditions, including scenarios such as walking, shopping, and casual conversation. These scenarios represent
common use cases for our system and generally allow for moderate tolerance to latency, as the interactions do
not require immediate system responsiveness. However, they do not reflect time-critical or high-stakes contexts
in which rapid visual understanding and low-latency response matter, e.g., navigating, reacting to safety hazards,
or performing complex tasks in fast-changing environments. In such settings, abrupt semantic shifts in the visual
scene may demand more immediate processing capabilities than were evaluated in this study.



Furthermore, our evaluation was carried out in moderate indoor and outdoor conditions, with limited variation 
in lighting and temperature. For lighting, we compared system power usage under daylight (12:00 noon) and 
reduced-light (6:00 pm) conditions, observing only a small increase in power consumption (0.72%) and no 
significant battery degradation. However, we do not examine extreme lighting environments (e.g., low-light 
at night or strong artificial lighting), which could affect sensor performance and semantic accuracy. Similarly, 
temperature conditions were stable (approx. 28.7◦C), within the typical operating range for wearable devices. We 
do not investigate performance in extreme temperatures, such as cold winter environments, where lithium-ion 
battery efficiency and sensor behavior may vary. These contextual and environmental constraints highlight areas 
for future work to evaluate system performance in more demanding or diverse real-world conditions.

6 Privacy Considerations
Enabling smart eyewear with continuous visual perception introduces privacy concerns—not only for the wearer 
(e.g., private activities or locations) but also for nearby individuals [32, 55]. In our in-field study, we adopted 
the following measures to mitigate privacy risks: (1) Informed consent: Participants were clearly informed that 
semantic information (e.g., activities, objects, scene categories) would be processed. All participation is voluntary, 
with the right to withdraw at any time during the study. (2) Minimal raw data transmission: Raw video frames 
were transmitted only via Bluetooth to the paired smartphone. All feature extraction occurred locally, and only 
dense vectors were sent to the cloud—avoiding raw video upload over the internet. (3) User-controlled data 
management: Participants could review and choose whether to upload raw frames for analysis, and were given 
the option to delete all data after evaluation.

While these measures offer partial protection, risks remain—such as incidental capture of bystanders and the 
transmission of semantically rich features. Future work will explore more robust privacy-preserving strategies, 
including recording indicators [9], user-controlled capture via gestures or voice [36], and compression of features 
into codebook indices before transmission [71] to minimize semantic leakage.

7 Conclusions
To the best of our knowledge, ActiveEye is the first work to enable continuous and responsive video understanding 
on energy-constrained smart eyewear systems. Through an innovative VLM design that decouples visual and 
motion representations, ActiveEye extracts separate semantic information from video frames with varying 
spatial-temporal resolutions. It also introduces a feedback path that adaptively regulates front-end sampling and 
transmission rates based on the VLM’s evolving scene understanding. We have implemented ActiveEye as an 
integrated wearable-mobile-cloud system and evaluated its performance through an in-lab study, demonstrating 
its effectiveness in improving energy efficiency, real-time semantic change detection, and video understanding. 
Furthermore, we have deployed ActiveEye in a smart eyewear-based conversational assistant and companion 
application, and conducted an in-field study to assess its real-world usability. The results demonstrate ActiveEye’s 
capability to enable continuous and responsive experiences in these applications while maintaining accurate 
video semantic understanding and high energy efficiency.
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Appendix

A1 Task-Level Power Consumption Fluctuations: A Case Study

Fig. A1. A case study of active power usage trace.

As shown in Figure A1, we visualize a 6.42-second energy trace during a working-at-desk scenario. Taskh
is triggered twice: from 0.22–0.94 seconds and 5.31–6.00 seconds, accounting for 22.3% of the total duration.
During these interval, Taskh incurs an average power of 314.53mW and 314.72mW, respectively. In the remaining
4.99 seconds (77.7% of the duration), Taskl operates at a lower average power of 254.82mW. From waveform
decomposition, we obtain the following detailed breakdowns:

• Taskh: sensing: 63.86mW; compression: 29.56mW; transmission: 27.05mW.
• Taskl: sensing: 15.89mW; computation: 10.40mW; transmission: 24.04mW.

These results validate that Taskl consistently consumes significantly less power than Taskh across all phases
(sensing, computation, and transmission). It is worth noting that, in the EgoSchema-based experiments, Taskl
dominates the runtime (approximately 87.04%), while Taskh accounts for the remaining 12.96%. This task al-
ternation reflects the system’s design focus on primarily running the energy-efficient Taskl, with the more
power-intensive Taskh invoked only when necessary. This design ensures that the system operates efficiently,
with the majority of the time spent in the low-power mode.



A2 Case Studies: Perceptual Support and Companionship

Dialogues

Response from different methods

Caption: The camera wearer first
walks past personal care items like
toothbrushes and hygiene products,
then continues down an aisle lined
with bottled beverages.

Caption: The camera wearer
appears to be walking through the
store, taking pictures of different
sections.  

I didn’t spot any toothbrushes just
yet, but let’s check the health and
beauty aisle! You might find some

good options there. Shall we?Uniform
Sampling

Yeah, I just saw some toothbrushes
back there! Want to grab a couple
before we check out the drinks?

ActiveEye

 Reactive
Sampling

I didn’t spot any toothbrushes here,
just a ton of drinks! Want me to
help you find a nearby aisle with

personal care items?

We're out of toothbrushes at home
—did you see any just now?

USER

……

Caption: The image shows a store
aisle with shelves stocked with
various bottled beverages. The
camera wearer is standing in the
aisle, facing the shelves.

Fig. A2. Case 1: ActiveEye identifies a toothbrush shelf while the participant turns their gaze, enabling relevant guidance.
Baselines either lacked sufficient visual input (Reactive Sampling) or missed the timing of the visual context (Uniform
Sampling).



Dialogues

Response from different methods

Caption: The camera wearer first
draws on a physical whiteboard,
then turns to a touchscreen display
in the office to continue interacting
with the digital interface.

Caption: The camera wearer seems
to have moved from the whiteboard
to the desk area, possibly to interact
with the monitor.  

Looks like you were just
brainstorming at the whiteboard!

Now you're heading to the monitor.Uniform
Sampling

Sure do! You were switching
between the whiteboard and the big

screen—getting things done!
ActiveEye

 Reactive
Sampling

Do you know what I
was just doing?

USER

……

Caption: The image shows a TV
screen with multiple icons,
suggesting it's in a menu or settings
page. The camera wearer is likely
recording a video of the TV screen.

Looks like you're diving into some
TV settings! Are you setting up

something cool or just exploring?

Fig. A3. Case 2: ActiveEye interprets user behavior even in the absence of explicit dialogue, enhancing its role as a proactive
and attentive companion.
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