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Abstract. Long-context egocentric video understanding has recently at-
tracted significant research attention, with augmented reality (AR) high-
lighted as one of its most important application domains. Nevertheless,
the task remains highly challenging due to the need for reasoning over ex-
tended temporal contexts and diverse, unstructured activities. Although
several benchmarks exist, most egocentric datasets rely on human-worn
cameras and focus mainly on visual content, with limited consideration of
underlying user behavior when forming video-related queries. EgoEvery-
thing is a benchmark that explicitly considers human behavior by lever-
aging human attention signals, abstracted from gaze data, when gener-
ating questions. It comprises over 5,000 multiple-choice question–answer
pairs, spanning more than 100 hours of video. By integrating human
attention signals during question generation, it more faithfully captures
natural human behavior and offers a realistic evaluation setting for long-
context egocentric video understanding in AR.
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Reality · Human Attention Modeling

1 Introduction

… …

T=1 T=10

What was the 
name of the 
restaurant I saw 
10 minutes ago?

…

Red 
lobster

Streaming egocentric video AR HMD

Cup

Coffee 
machine

Coffee 
bags

(a) (b)

Plate

Fig. 1: (a) Real-life AR LEU scenario. (b) User
attention variation.

Augmented Reality (AR) is emerg-
ing not only as a novel user in-
terface but also as a machine
learning (ML) platform that inte-
grates embodied experiences such
as sensing, perception, memory,
and speech. By aligning digital
and physical realms, AR enables
real-time information extraction
and contextual decision-making, transforming domains including healthcare [13,
21], education [4, 48], and industry [14,29].

Beyond immersive applications, AR devices generate continuous multimodal
data streams that are invaluable for ML research. Equipped with cameras, eye-
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tracking, hand-tracking, and motion sensors, they capture high-bandwidth vi-
sual, auditory, and behavioral signals in real time. These heterogeneous streams
pose significant challenges but also offer new opportunities for long-context ML
models to capture correlations between signals, user attention, and the surround-
ing environment across extended timescales, enabling more effective assistance
for AR users in everyday scenarios.

As illustrated in Figure 1 (a), consider an AR head-mounted display (HMD)
used for driving navigation. The device continuously encodes multimodal inputs
through ML models. When the user briefly glances at a restaurant, this gaze
event must be accurately linked to the corresponding visual features. Later,
answering a query such as “What was the name of the restaurant we passed 10
minutes ago?” requires an episodic memory module that can index temporal em-
beddings, retrieve the relevant instance, and integrate it with a machine learning
model (e.g., Vision-Language Model (VLM)) for analysis. This paradigm trans-
forms AR from a passive data collector into an intelligent personal assistant
powered by long-context ML. In everyday life, AR could enable superhuman
memory, helping users retrieve details such as where they left their keys. In
education, students could revisit past demonstrations or experiments to rein-
force learning. In healthcare, surgeons might query the system to recall the
exact moment when a critical anatomical landmark appeared during a proce-
dure. Building toward this vision, long-context egocentric video understanding
(LEU) has become an increasingly active area of research in the ML community.
Long egocentric recordings capture extended daily activities and interactions,
requiring models to reason over temporal dependencies and multimodal signals
spanning minutes or hours. To evaluate progress, a growing set of benchmarks
has been introduced [11, 39, 49, 59], each designed to test how well models can
recall, integrate, and reason over such extended sequences. While these bench-
marks represent important advances, they largely emphasize generic video-based
queries and fall short of capturing the human-centric and attention-guided
nature of real AR usage, where questions are often grounded in what the user was
attending to at a given moment. These limitations are summarized as follows:

Questions Not Reflecting Human Attention: Existing benchmarks rarely
consider user attention when designing queries, creating a mismatch with real-
world usage. In practice, people tend to ask about objects or events they have
looked at, fully or partially, where their attention was directed. Current datasets
instead emphasize generic questions about visual details or scene overviews, and
fail to reflect human inquiry patterns.

Questions Not Framed in Natural Language: Prior benchmarks often
rely on rigid, template-based question generation that does not align with au-
thentic human questioning. For example, prompts such as “Is the light off in the
video?” frequently appear, but they are uncommon in daily use. In contrast, real
users are more likely to ask context-specific, attention-driven questions such as
“Did I forget to turn off the lights?”

Questions Not Aligned with The Moment of Interaction: Most bench-
marks restrict questioning to occur before or after a clip has ended. However,
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users typically pose questions during ongoing interactions, requiring real-time
reasoning over partially observed streams.

To address these limitations, we present EgoEverything, a benchmark for
LEU that simulates real-life interactions with AR glasses. Collecting egocentric
video in realistic AR scenarios and manually authoring multiple choice questions
is both labor and time intensive. Annotators must repeatedly review videos, ver-
ify fine grained details, craft challenging queries, and refine phrasing to approx-
imate natural user language. As a result, many prior works resort to template
based question generation [31,39,50], which lowers cost and improves consistency
but fails to capture how AR users actually ask questions. In contrast, EgoEv-
erything is constructed through a novel Visual Question Answering (VQA) gen-
eration pipeline that leverages multiple AI agents to produce questions aligned
with authentic human questioning patterns. We further introduce an attention
inspired sampling strategy that selects question targets based on real gaze, en-
abling the benchmark to include both attention driven queries and detail oriented
ones outside the user’s focus. This design raises task difficulty while more closely
matching real world AR query behavior. Finally, we incorporate comprehen-
sive human review to enhance question quality and reliability. Specifically,
our contribution can be summarized as follows:

– To incorporate human attention into question generation for LEU bench-
mark, EgoEverything involves an attention-inspired sampling strategy that
selects targets based on real gaze, enabling both attention-driven and detail-
oriented queries.

– We propose a VQA pipeline with multi-agent question generation and atten-
tion inspired sampling based on real gaze, producing both attention driven
and detail oriented queries. Rule based filtering and human review further
ensure quality and reliability.

– EgoEverything comprises over 5,000 multiple-choice question–answer pairs
across more than 100 hours of video. Evaluation on several cutting-edge
VLMs reveals consistently lower performance on EgoEverything, highlight-
ing current limitations of VLMs in handling real-life AR LEU scenarios.

2 Background and Related Work

Augmented Reality (AR) devices are rapidly maturing into always-on, wear-
able interfaces that bridge virtual content with the physical world through
lightweight headsets (e.g., Meta Aria [18]). Modern units typically include front
high-resolution camera (1408 × 1408 on Meta Aria glasses) and support natu-
ral interaction via hand gestures and human gaze. Crucially, today’s headsets
can track gaze reliably in real time [25], providing a solid engineering basis for
attention modeling and gaze-conditioned interaction.

Unlike phones or desktops, AR headsets are designed and expected to be
worn for extended periods and operate under tight battery, thermal, and mem-
ory budgets [18, 22]. On these devices, compute is embedded (CPU/GPU), but
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RAM is limited and often shared between CPU and GPU (e.g., on Meta Quest
3 ≈ 8 GB [27]), constraining model size and throughput. Meanwhile, a practical
AR assistant must continuously process long video streams while the user goes
about daily activities. These constraints motivate smaller models and more ef-
ficient algorithms, especially streaming, memory-aware methods that compress
and sample long-duration visual inputs smartly. Through this, robust perception,
reasoning, and dialogue can run on-device within unified memory limits.

AR system (tracking the gaze real-time, front camera high-resolution, hard-
ware CPU/GPU but has limit compute capacity, this dataset can also be used
to train an efficient long-context video processing framework.)

2.1 Spatial Dynamics of Human Attention

Human perception is inherently selective, as the brain cannot process the entire
visual field with equal fidelity. Prior research has described the attention field as a
“spotlight” [19,40], often approximated by gaze location. Attention strength typ-
ically decays spatially, commonly approximated by a 2D Gaussian [28], resulting
in high fidelity at the focus point that gradually diminishes with distance [10,17].

This attentional pattern strongly influences the types of questions an AR user
is likely to ask in real scenarios. As illustrated in Figure 1 (b), a user may focus
on a cup while walking in the kitchen. Since attention is concentrated on the cup,
the user is more likely to later issue a query about this object (e.g., How many
dishes did I wash today?). In contrast, nearby items, shown with lighter bounding
boxes in Figure 1 (b), receive weaker attention and are therefore less likely to
become the subject of subsequent queries. Similar findings have been reported in
cognitive psychology and vision science, where gaze serves as a reliable predictor
of future memory recall and questioning behavior [30,53].

In the field of Psychology and Neuroscience, human attention has historically
and empirically been described as a field that decays from a focal point in the
visual field. Past research has metaphorized the attention field as a spotlight [19,
40], depicted with a gradient model, and sometimes a Zoom-lens Model [19]. This
research all pointed to a 2D Gaussian modeling for the human attention field [28].

Modern AR headsets provide reliable, real-time gaze tracking, which makes it
possible to instantiate this 2D Gaussian prior directly on the device. This allows
perception and assistance to be aligned with what the user is actually attending
to during everyday, long duration use. The gaze-centric attention representation
is also computational friendly on embedded AR hardware: it enables foveated
sampling, gaze-guided segmentation, and streaming compression of long visual
sequences. These features are key tactics when CPU/GPU share limited RAM
and power budgets on wearable devices.

2.2 Vision Language Models

Contemporary VLMs [6,16,38,45,55] extend language-guided foundation models
to additional modalities and demonstrate strong, general capabilities. Trained at
scale with spatial data [12], they achieve high accuracy in spatial understanding
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and encode rich human preferences and priors. They support perception, rea-
soning, instruction following, and dialogue, enabling AR assistants that ground
semantics in what the user sees and points to.

2.3 Long-context Egocentric Video Understanding

Long-context egocentric video understanding has recently gained significant at-
tention in the machine learning community, particularly in extended first-person
recordings that capture daily activities and interactions. Such representations
enable AR systems to support timely, context-aware assistance by recalling
and reasoning over past events in real-world environments. Recent advances in
long-context information representation increasingly emphasize structured ap-
proaches [5, 7, 8, 15, 47, 51, 52]. In the egocentric vision domain, studies have ex-
plored structured video representations by grouping video segments into activity
threads [20,41,51] or constructing egocentric scene graphs to model object–user
relationships [23,26,43]. The stored memory entries can later be queried by the
user, and these entries are then provided as input to a machine learning model
(e.g., VLM) to generate an answer.

Alongside these advances, numerous benchmarks have been introduced to
evaluate long-context egocentric video understanding [11, 31, 36, 39, 49, 50, 59].
However, these datasets primarily emphasize generic video-based questions and
overlook the human-centric nature of real AR usage. They also restrict ques-
tioning to occur only before or after a clip or fixed segment has concluded. In
practice, users tend to ask questions anchored to where their attention was di-
rected, often indicated by gaze during recording, yet existing benchmarks fail
to capture this critical dimension. Consequently, they fall short of simulating
realistic AR scenarios in which attentional focus fundamentally shapes mem-
ory retrieval and contextual reasoning. Empirical evidence further supports this
view, as incorporating gaze has been shown to significantly improve grounding
in egocentric retrieval and natural language query (NLQ) tasks [32].
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Fig. 2: (a) Front and (b) inner views of the Meta Quest Pro headset, which functions
as both an AR and VR (Virtual Reality) device. (c) Meta Aria glasses equipped with
multiple cameras.
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2.4 AR System

Figure 2 illustrates typical AR device hardware configurations. These systems
feature multiple front- and side-facing cameras that capture the user’s field of
view and gaze position. Outward-facing cameras generate high-resolution im-
agery (e.g., 1408× 1408 on the Meta Aria glasses [1]), while inward-facing cam-
eras capture lower-resolution monochrome images of the eyes. Combined, these
sensing mechanisms enable gaze tracking [2, 3, 37], typically through either an-
alytical methods such as pupil–corneal reflection modeling or machine learning
approaches [33]. These modalities provide critical signals of user attention and
interaction, making them foundational for many AR applications.

3 Data Collection Procedure
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Fig. 3: Data generation pipeline for EgoEverything. Step 1, Video Stream Summary
and Clustering (VSSC), combines clustering, summary generation, and manual inspec-
tion to obtain high-quality video descriptions. Step 2, Gaze-Oriented Target Sampling,
detects objects in each frame, computes their distance to gaze, applies ReID to group
object instances, and samples target objects by distance. Step 3, Question Generation
and Manual Curation, uses a self-feedback Synthesizer Agent and Validator Agent to
generate and curate MCQs for each target object.
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3.1 Overview

The collection process of EgoEverything consists of three steps: (1) Video Stream
Summary and Clustering (VSSC), (2) Gaze-Oriented Target Sampling (GOTS),
(3) Question Generation and Manual Curation (QGMC). During VSSC, the
VLM is prompted with an egocentric video clip to generate a summary of the
user’s action over the given time span, as shown in Step 1 of Figure 3. Manual
inspection is then applied to remove errors in the generated action summaries.
Based on the temporal scope of each summary, the egocentric video stream can
be categorized accordingly. During GOTS, highlighted in Step 2 in Figure 3,
each clustered video tile is examined to sample the objects appearing within it.
Sampling is guided by the Perception Sampler (PS), which adaptively adjusts
its statistical distribution according to the gaze location in the current frame.
The selected target objects are then passed to the subsequent stage for question
generation. For QGMC, illustrated in Step 3 of Figure 3, we deployed two VLM
agents to handle question synthesis and validation. The Synthesizer Agent (VA)
creates multiple-choice questions (MCQs) centered on the selected target object,
whereas the Validator Agent (VA) examines these questions and delivers feed-
back. Following VQA generation, the dataset undergoes additional refinement
through over 400 hours of human review combined with rule-based screening.

3.2 Video Stream Summary and Clustering

EgoEverything is built based on the real-trace egocentric video dataset that in-
cluded the real gaze tracking trace, including the AriaEveryday Activities (AEA)
dataset [34] and Nymeria dataset [35]. The AEA dataset includes 143 daily ac-
tivity clips across 5 indoor locations, totaling ∼ 7.3 hours, while the Nymeria
dataset has ∼ 300 hours of videos from ∼ 50 locations. Both datasets provide
egocentric videos and user gaze points recorded by smart glasses.

While the Nymeria dataset provides rich, time-aligned narration text describ-
ing major events and interacted objects, the AEA dataset lacks such annotations.
To address this gap, we cluster consecutive frames within each video clip and
generate action summaries, following Step 1 of Figure 3. Specifically, we first
extract frame-level visual features using a pretrained ResNet-50 [24], and then
apply the k-means algorithm to group the frames into clusters. The number of
clusters K is determined by video duration and scene complexity. For the AEA
dataset, we empirically set K = 12, noting that larger values of K yield more
fine-grained summaries. To mitigate label jitter, we apply temporal smoothing
by assigning each frame the most common label within a ±5-frame window.
Finally, clips with identical labels are merged into contiguous segments, while
enforcing a minimum segment duration of two seconds.

3.3 Gaze-Oriented Target Sampling

Using the video segments obtained from VSSC, we introduce the GOTS frame-
work, which simulates human attention mechanism described in Section 2.1 (Step
2 in Figure 3) to questions.
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GOTS begins by detecting all objects within each video segment, leveraging
a VLM to extract their bounding boxes and labels. Because adjacent frames are
often nearly identical, this step generates many redundant detections of the same
object over time, which diminishes the diversity of potential questioning targets.
To mitigate this, we incorporate a lightweight re-identification (ReID) stage.
Specifically, each detected object is cropped and encoded using the visual encoder
of a pretrained CLIP model [42]. Detected objects with highly similar CLIP
embeddings are then consolidated, ensuring only one representative instance of
each object is retained across the sequence.

Subsequently, we measure the Euclidean distance between each object’s bound-
ing box centroid and the corresponding gaze position on a per-frame basis. Using
this information, we first randomly sample a Target Frame from the video seg-
ment, and then sample a single object from the Target Frame as the Target
Object based on the PS Sθ(·). We parameterize Sθ(·) as a 2D Gaussian distri-
bution in its basic form, expressed as:

Sθ(·) ∝ exp

(
−∥o− f∥2

2θ2

)
(1)

Here f denotes the gaze position, and Sθ(·) gives the selection probability at
object centroid o. This probability diminishes as the separation ∥o−f∥ increases,
with θ modulating the decline rate. Multiple target objects are then drawn from
this distribution and forwarded to the following question-generation pipeline.

3.4 Question Generation and Manual Curation

Iterative Question Refinement The Synthesizer Agent (SA) generates ques-
tions based on the Target Object, mimicking natural human inquiry patterns.
Given the Target Frame at time t0, we first sample a questioning timestamp
tq ∈ [t0 +∆, T ], where T is the video end and ∆ is termed recall interval. This
randomization avoids trivial overlap with the Target Frame while ensuring di-
verse temporal coverage. Prior work in cognitive science [9, 44, 54] shows that
varying the delay between stimulus and questioning can improve memory and
comprehension, and that humans flexibly recall events across different temporal
spans. Uniform sampling provides a practical and behaviorally plausible baseline
for determining when to ask questions.

We employ a pretrained VLM as the Synthesizer Agent (SA), fine-tuned to
invoke external tools through specific APIs. To reduce computational costs, SA
does not process the full video directly. Instead, it interacts with two APIs:
GetFrame, which retrieves a high-resolution frame at a specified timestamp for
static detail analysis, and GetSegment, which provides a downsampled video
clip over a selected time span for verifying dynamic activities. Guided by the
system prompt, SA constructs an MCQ about the Target Object, following Step
3 of Figure 3, with multiple sub-steps. In sub-step 1, SA analyzes the Action
Summary and uses the Target Frame to locate the Target Object. The timestamp
of the Target Frame provides contextual information about the activity in the
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Action Summary, while the associated bounding box for object detection guides
SA in identifying the visual features of the Target Object. In sub-step 2, SA first
drafts a daily life question about the Target Object, reflecting natural human
routines, framed in a natural, human-like style. Then, it identifies the required
additional information and iteratively invokes tools and evaluates new evidence
until sufficient context is collected to construct an MCQ.

The SA then submits the MCQ with supporting evidence to the Validator
Agent (VA) for review (sub-steps 3–4). Similar to the SA, the VA accesses the
same Action Summary and may also invoke tools to inspect portions of the video
during its evaluation. Unlike the SA, the VA does not receive the Target Object
or Target Frame. It verifies factual accuracy, identifies ambiguities, evaluates
question clarity, and provides at least one additional piece of evidence to enhance
the credibility of the MCQ (sub-step 5). The VA returns feedback to the SA (sub-
step 6), which refines and resubmits the MCQ to the VA. If all checks pass, the
VA finalizes the MCQ. MCQs failing after two review rounds are discarded.

Manual Filtering and Labeling After question generation, we obtain high-
quality MCQs; however, certain failure modes may still lead to low-quality out-
puts. The most common case arises when the Target Object in the Target Frame
is ambiguous due to factors such as distance, occlusion, inadequate lighting,
or viewpoint distortion. In such cases, the object detector may misclassify the
Target Object as another item. A second failure mode arises when the Agent
misinterprets spatial layouts, resulting in view-dependent or incorrect spatial
descriptions. Finally, certain target objects are inherently unsuitable for MCQ
generation, producing questions that do not match typical AR user queries.

To mitigate these issues, we first apply rule-based filtering to exclude target
objects that are unsuitable for questioning (e.g., walls, ceilings, floors, or the
camera wearer’s body parts). We further discard MCQs that violate typical AR
user questioning patterns, such as those referencing timestamps or explicitly
mentioning the word "video." Next, we conduct human review. Annotators are
presented with each MCQ together with the corresponding video. Without access
to the correct answer, they are asked to select one choice from five options. If
minor issues are observed, annotators may refine the MCQ; for major flaws, they
mark the item as invalid. After the review process, we retain only those MCQs
whose pseudo answers are consistent with the annotators’ selections.

Finally, we apply large language model (LLM)-based blind filtering: the LLM
is prompted to guess the correct answer without access to the video, and we
retain only those MCQs it answers incorrectly. This ensures that the retained
questions cannot be solved by simple logical reasoning or textual cues alone,
preventing video-free answering in LEU.

4 Evaluation

EgoEverything is developed on the foundation of real-trace egocentric video
datasets enriched with authentic gaze tracking information, incorporating data
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Did I have orange juice in the refrigerator? 
Options: 
A. Yes, you had orange juice in your refrigerator. It was on the top shelf, next to the milk. 
B. No, there was no orange juice in your refrigerator. 
C. Yes, you had orange juice in your refrigerator. It was on the bottom shelf, behind vegetables. 
D. Yes, you had orange juice in your refrigerator. It was in the door compartment. 

GT

VLM

Refrigerator Orange Juice

. It was next to a carton of eggs.refrigerator in yourorange juice

Question:

E. Yes, you had
Preparation for the Suitcase

Question:  
Did I pack the black garment I was holding before I placed other items into the suitcase? 
Options: 
A. No, you put the black clothes on the bed. 
B. No, you put the black garment back on the pile of clothes next to the suitcase. 
C. No, you left the black garment on the floor. 
D. Yes, but you took it out again later to examine it more closely. 
E. No, you packed a different black garment.

VLM

GT

Black Garment Pile of Clothes

Fig. 4: Video frames and keywords in the MCQ are highlighted in different colors.
Orange indicates the target objects, Blue highlights contextual entities mentioned in
the question or answer, and Purple denotes regions where the target objects cannot be
located. The GT label refers to the ground truth option, and the VLM label refers to
the option selected by the model.

from the the Aria Everyday Activities [34] (AEA) and Nymeria [35] datasets. The
AEA dataset [34] comprises 143 egocentric video clips captured at 1408× 1408
resolution (averaging 41.6 MB per minute), spanning five indoor environments
with various daily activities across roughly 7.3 hours of footage. Each video is
paired with synchronized gaze traces from wearable AR devices, making AEA a
compact yet carefully annotated benchmark well-suited for fine-grained studies
of attention in everyday tasks. In contrast, the Nymeria dataset offers a much
larger-scale resource, with videos recorded at 2016× 2208 resolution (averaging
about 49.3 MB per minute) and approximately 100 hours of recordings across
nearly 50 diverse indoor and outdoor locations. These videos include real gaze
traces along with naturalistic variations in activity, environment, and lighting,
providing a rich foundation for training and evaluating models on long-duration
and heterogeneous egocentric experiences. Together, AEA and Nymeria com-
plement each other by combining curated activity-focused data with large-scale
diverse traces, enabling comprehensive exploration of egocentric understanding.
Building on these resources, EgoEverything contains over 5,000 multiple-choice
question–answer pairs spanning more than 100 hours of video. Dataset examples
are illustrated in Figure 4.
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In the generation stage, we use a 2D Gaussian distribution as the PS, shown
in Equation 1, with the standard deviation θ = 400 pixels and recall interval
∆ = 3 minutes. For annotation, we developed a web-based labeling tool with
12 trained annotators, who collectively labeled about 21,600 questions over 400
hours. The MCQ adoption rate during annotation was approximately 70%, while
rule-based and blind filtering yielded acceptance rates of around 50%.

We evaluate several recent VLMs on EgoEverything, including Videollama3 [56],
Gemini [46], LongVA [57], and Llava-Video [58]. Since our MCQs are sampled
using a Gaussian-based PS, content near the gaze location tends to be more
relevant for solving MCQs than distant information.

To validate this property, we design several preprocessing baselines: Gaze
Crop (GC), crops each frame around the gaze fixation location using a square
bounding box covering roughly 10% of the original frame size; Gaze Mask (GM),
retains the complementary regions outside GC; Average Downsampling (AD),
uniformly downsamples each frame to 10% of its original resolution; and Full
Resolution (FR) uses original frames. In addition, we evaluate two recent meth-
ods for LEU tasks, AMEGO [23] and VideoMindPalace (VMP) [26], which con-
struct egocentric scene graphs to capture key object–user relationships while
filtering redundant information, achieving strong performance on standard LEU
benchmarks such as EgoSchema [36] and NExT-QA [50]. We apply AMEGO and
VMP over Videollama3 and Gemini. Our goal is to examine how these methods
perform on this real-life, human attention-driven LEU dataset.
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Question Categories For question gen-
eration, we manually classified the
questions into eight distinct categories
(Figure 5): Item Presence, what item
appears in someplace. Appearance,
what color/shape something is. Event
Verification, did something happen.
State Verification, what is the state
of something. Spatial–Spatial, ask
relative location between objects. Di-
rect Location, ask absolute location
of something. Temporal–Spatial, ask
where something is when something
happens. and Others.

We manually classified the gener-
ated questions into eight categories:
Item Presence: asking whether an
item appears in a given place. Appear-
ance: asking about the color, shape,
or other visual attributes of an item.
Event Verification: asking whether a
specific event occurred. State Verification: asking about the state or condition
of an item. Spatial–Spatial: asking about the relative location between objects.
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Direct Location: asking about the absolute location of an item. Temporal–
Spatial: asking where an item is when another event occurs. Others: mis-
cellaneous questions that do not fit the above categories. Figure 5 provides a
comprehensive overview of the distribution across question categories.
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Fig. 6: Distribution of Target Object Categories. The x-axis represents object cate-
gories, the y-axis counts the number of MCQs generated using the target object in a
given category. The length of each colored bar segment indicates the number of ques-
tions of that type, revealing the reasoning associated with each target object.

Target Object Category: As described in Section 3.3, our GOTS framework se-
lects Target Objects when generating MCQs. Selected Target Objects are divided
into 28 categories and show the distribution in Figure 6, where the y-axis denotes
the number of associated MCQs and the stacked colors represent the proportions
of different question categories within each Target Object category.

4.1 Accuracy Evaluation on EgoEverything

Table 1: Performance comparison of different
methods across VLMs on EgoEverything. "NA"
means not available. The human annotators can
achieve an average accuracy of 83.5%.
Model FR AD GC GM VMP AMEGO

Videollama3-7b [56] 49.1 46.1 42.4 35.2 20.2 19.5
Videollama3-2b 46.5 44.9 40.5 34.5 21.3 19.4
Gemini 1.5 pro [46] 63.1 58.4 52.7 37.7 33.2 18.3
LongVA [57] 34.6 31.6 28.9 22.2 NA NA
Llava-Video [56] 42.6 36.6 32.9 26.0 NA NA

As shown in Table 1, among the
VLMs, under the full-resolution
setting where the entire input
frame is provided for process-
ing, Gemini achieves the high-
est accuracy of 63.1% across the
MCQs, while the other models
perform even lower. Nevertheless,
all VLMs remain far behind hu-
man performance, as our human
annotators reach an average accuracy of 83.5% across 12 participants. This gap
highlights the clear performance deficiency of current VLMs on EgoEverything.

All input processing methods, including GC, GM, AD, VMP, and AMEGO,
present a degradation in MCQ prediction accuracy compared to FR. Among



EgoEverything 13

them, GC performs better than GM because the MCQs are generated accord-
ing to the PS centered at the gaze fixation location, and this method preserves
the most critical information. In contrast, GM suffers a substantial performance
drop since it excludes these key details regarding human attention specified by
the gaze fixation location. Interestingly, AD outperforms GC by preserving not
only the gaze-centered visual content but also peripheral information that re-
mains important for answering MCQs. Finally, both VMP and AMEGO achieve
the lowest performance among the evaluated methods. This is because neither
approach infers directly from raw video. Instead, they convert the video into
structured text via object detection and use LLM for pure text reasoning. Both
methods only detect interacted objects and overlook many activity-irrelevant
objects in our benchmark.

Model Videollama3-7b Gemini 1.5 pro LongVA

Accuracy (%) 22.9 35.9 21.8

Table 2: VLM model performance under
blind setting.

In addition, to test whether the
MCQs within EgoEverything can be
solved by solely inspecting the tex-
tual information from the question,
we conduct a text-only evaluation.
This setting is undesirable because it
does not allow the model to leverage

visual information during processing, and thus may encourage reliance on lin-
guistic shortcuts instead of true multimodal reasoning. To achieve this, only
the textual input within each data of MCQ is delivered to VLM and the video
frames are eliminated. As indicated by Table 2, this will greatly degrade the
accuracy for Videollama3-7b [56], Gemini [46] and LongVA [57], confirming that
our questions cannot be answered from text alone.

As described in Section 3.4, when generating MCQs we mimic real-life AR
scenarios by introducing randomized questioning times tq, whereas in other LEU
datasets questioning typically occurs only after a clip or fixed segment has ended.
To study how variation in tq impacts accuracy, we select the 10% of MCQs with
the largest recall intervals (∆) and the 10% with the smallest intervals, and then
measure the accuracy of Videollama3-7B over EgoEverything. As shown in Ta-
ble 3 (c), the results reveal that accuracy drops markedly as the recall interval
increases, from 49% to 33.3%. This indicates that current models exhibit sub-
stantial performance inconsistency under human-like diverse questioning times,
demonstrating that variation in questioning time directly impacts LEU accuracy
and thereby validating our randomized questioning-time design.

Impact of Object-Gaze Distance During generation, we sample a target object ac-
cording to its distance from the gaze point ∥o−f∥, as defined in Equation 1. This
better simulates human attention and produces questions that align with user
focus. To examine the impact of object–gaze distance, we report Videollama3-
7b’s accuracy on our MCQs grouped by ∥o− f∥, as shown in Figure 3 (a). The
results showed that Target Objects located at the periphery of the visual field
produce more challenging MCQs than Target Objects near the center of atten-
tion, with accuracy decreasing from 55% to 30% as distance increased. These
results indicate that current models struggle with MCQs related to peripheral
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information. Unlike prior benchmarks, our attention-aware generation produces
both challenging peripheral questions and user-focused questions.

Table 3: Accuracy analysis under
three factors. Dist. denotes ∥o − f∥
(pixel), area denotes bounding box area
(pixel2), and recall interval denotes tq−
t0.

(a) Dist. Gaze (b) BBox area

Dist. (pixel) Acc. (%) Area (pixel2) Acc. (%)

0 54.3 100 44.3
50 54.2 500 44.4
100 54.2 2k 44.5
150 54.9 5k 44.9
200 54.8 10k 49.2
300 51.8 50k 54.8
400 47.2 100k 54.8

(c) Recall interval

Percentile Acc. (%)

top 10% 33.3
bottom 10% 49.0

Impact of Object Size To examine whether
VLMs attend to objects of different scales
in a comparable manner, we measure
bounding box sizes and analyze accuracy
as a function of target object area (in
pixels2). Area thresholds ranging from 1×
100 to 1 × 105 pixels2 were applied. As
shown in Figure 3 (b), accuracy consis-
tently increases with larger bounding box
thresholds. Across the evaluated models,
performance is biased toward larger ob-
jects, while smaller and less salient objects
are frequently overlooked.

In summary, these results expose sys-
tematic limitations: the evaluated VLMs
perform worse on objects that are farther
from the gaze point, require longer recall
intervals, or appear at smaller scales. As
a result, current models still lack the ro-
bustness needed for reliable everyday as-
sistance in AR scenarios.

5 Conclusion

We introduced EgoEverything, a benchmark for long-context egocentric video
understanding that explicitly models human attention in AR settings. EgoEv-
erything leverages an attention-inspired target sampling strategy (guided by real
gaze) and a multi-agent VQA generation pipeline, followed by rule-based screen-
ing, blind filtering, and extensive human review, to produce over 5,000 high-
quality multiple-choice questions spanning more than 100 hours of egocentric
video. Our evaluation across several state-of-the-art VLMs reveals a substan-
tial gap to human performance and consistent failures on attention-driven and
long-recall questions, highlighting that current models still struggle to reason
over long temporal contexts under realistic, user-centric querying patterns. We
hope EgoEverything will serve as a practical testbed for robust, attention-aware
long-context video understanding in AR assistants.
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