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Abstract

Real-world embodied tasks require agents to
act under physical constraints while tracking
evolving object and task states. Because tools
mediate many everyday and professional activ-
ities, understanding these tasks requires rea-
soning about affordances, hand—tool-object
geometry, procedural progress, and causal ef-
fects. Tool-centric embodied reasoning there-
fore calls for real-world egocentric training data
and diagnostic benchmarks that connect these
abilities. We introduce EgoTools, the first com-
prehensive suite for egocentric tool-use under-
standing. It combines EgoTools-Data, 100.36
hours of tool-centric egocentric recordings with
synchronized audio, dense captions, reasoning-
heavy narrations, and supplementary 3D infor-
mation, with EgoTools-Bench, a diagnostic
benchmark of 1,000 QA pairs across four tracks
spanning perception, geometry, procedure, and
causal reasoning. EgoTools-Bench reveals a
substantial gap between current models and
human experts. Under strict source-video sep-
aration, supervised fine-tuning of Qwen3-VL-
8B-Instruct on instruction data derived from
EgoTools-Data improves accuracy from 50.0%
to 60.9% on the full 1,000-question benchmark.
These results establish EgoTools as a unified
training and diagnostic evaluation resource for
real-world egocentric tool-use understanding.

1 Introduction

Tool use is central to physical activities ranging
from daily chores to professional procedures. Un-
derstanding these activities requires an embodied
agent to recognize actions and objects while reason-
ing about tool—target contact, spatial coordination,
procedural progress, and physical outcomes. Ego-
centric video foregrounds hands, tools, and their
immediate consequences within an evolving task
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state, making it a demanding testbed that tightly
couples perception with temporal and causal rea-
soning.

Current multimodal video models (Bai et al.,
2025a,b; Google DeepMind, 2026b; Li et al.,
2025a; Zhu et al., 2025) perform strongly on
perception-oriented video tasks. Existing egocen-
tric datasets (Damen et al., 2022; Grauman et al.,
2022, 2024; Liu et al., 2022; Ragusa et al., 2023;
Sener et al., 2022) typically organize annotations
around activities, objects, or hand—object interac-
tions, and benchmarks (Chen et al., 2026; Cheng
et al., 2024; Di and Xie, 2024; Jia et al., 2022;
Mangalam et al., 2023; Plizzari et al., 2025) often
formulate questions at the activity level, such as
“cook eggs.” Tool-centric evaluation adds explicit
links among the mediating tools, target-object state,
manipulation context, and causal outcomes.

We introduce EgoTools, the first comprehensive
suite combining training and evaluation resources
for egocentric tool-use understanding. EgoTools-
Data contains 100.36 hours of real-world tool-
centric recordings across everyday and professional
tasks, with synchronized audio, dense captions, nar-
rations covering affordances, procedure, and causal
effects, and supplementary 3D information. These
annotations provide structured supervision for tool
choice and substitution, object-state changes, pro-
cedural progress, and grounded hand-tool-object
interactions.

From this corpus, we construct EgoTools-Bench,
a benchmark of 1,000 question—answer pairs across
four tracks. Affordance & Causality tests goal-
directed tool choice, affordances, preconditions,
and consequences; Perception & Grounding tests
visible identities, attributes, states, and quantities;
Procedural Dynamics tests tool-action order, step
transitions, workspace staging, and manipulation;
and Spatial Reasoning tests egocentric hand-tool—
object geometry, including position, alignment,
containment, support, contact, and depth. Together,
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Figure 1: Overview of EgoTools. EgoTools is an egocentric tool-use suite that spans multiple environments, with dense
hierarchical captions and long-sequence 4D object tracking. We also propose EgoTools-Bench, a 1,000-question QA benchmark

spanning diverse real-world environments and reasoning tasks.

they span perception and geometry, procedure, and
causal reasoning.

On the quality-controlled full 1,000-question
benchmark, Qwen3-VL-8B-Instruct reaches 50.0%.
Under strict source-video separation, fine-tuning it
on instruction data from the EgoTools-Data train-
ing pool raises accuracy to 60.9%, with gains on
Affordance & Causality, Perception & Grounding,
and Procedural Dynamics and a decrease on Spa-
tial Reasoning. EgoTools therefore quantifies tool-
centric reasoning capabilities and provides action-
able supervision for improving them.

2 Related Work

Egocentric video datasets and benchmarks. Ego-
centric video captures hands, manipulated objects,
context, and temporally ordered actions from the
actor’s view (Bambach et al., 2015; Fathi et al.,
2012; Li et al., 2018; Pirsiavash and Ramanan,
2012). Large-scale datasets support first-person
action, object, hand—object, procedural, industrial,
and skilled-activity understanding (Damen et al.,
2022; Grauman et al., 2022, 2024; Liu et al., 2022;
Ragusa et al., 2023; Sener et al., 2022), while re-
cent benchmarks assess long-context QA, ground-
ing, planning, assistance, and first-person reason-
ing (Chen et al., 2026; Cheng et al., 2024; Di and
Xie, 2024; Jia et al., 2022; Mangalam et al., 2023;

Plizzari et al., 2025; Yang et al., 2025; Zhou et al.,
2025). These resources largely organize annota-
tions around activities, objects, events, or plans,
and instructional-video tasks study detours and step
differences involving ingredients, tools, or tech-
niques (Ashutosh et al., 2024; Nagarajan and Tor-
resani, 2024). EgoTools centers tool choice, substi-
tution, and state-dependent manipulation through
multi-environment egocentric video, tool-centric
narration, focal-tool grounding, and diagnostic QA.

Physical tool-use reasoning. Physical tool use con-
nects function and affordances to goals, target mate-
rials, motion constraints, and evolving object states.
Robotics studies related questions through task-
oriented grasping, tool-flow prediction, affordance-
centric manipulation, and egocentric affordance
learning (Fang et al., 2018; Li et al., 2025b; Qin
et al., 2023; Seita et al., 2023; Yamanobe et al.,
2017), often in structured tasks or short interac-
tions. MLLM and VLM evaluations address af-
fordance grounding and physical tool understand-
ing (Huang et al., 2024; Qian et al., 2024; Yu et al.,
2025; Zhang et al., 2025b), frequently using static
images, 3D scenes, synthetic data, or isolated inter-
actions. EgoTools-Bench complements both lines
with continuous first-person evidence of real tools
being selected, substituted, and adapted, testing
links among visual evidence, functional choices,
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Table 1: Comparison with representative egocentric datasets and benchmarks. A checkmark indicates that the feature is a
central design component; X indicates partial support. Signals describe sensor/video inputs: %« =RGB/video, lJ =
3D/depth/pose, @ = inertial signals, and ** = gaze; QA text and construction-time narrations are treated as annotations.
Non-RGB signals may cover subsets of large datasets. Hours are total video hours or estimates from source-reported clip counts

@

and durations;
video corpora.

marks unavailable entries. Embodied interaction benchmarks provide scope context alongside egocentric

Video . Multi- Tool-Centric Narr.-Linked A Tool Choice / Physical Tool-
Dataset / Benchmark Scene Hours #QA Signals Env. Narration Tool Grounding Benc(lzlmark Substitution Usey Reasoning
— Egocentric Observation Datasets —
EPIC-KITCHENS (Damen et al., 2022) Kitchen 100 - B X X X X X X
Ego4D (Grauman et al., 2022) Real-world 3,670 14.5K %« [ & == v/ X X X X X
Ego-Ex04D (Grauman et al., 2024) Skilled 1,286 - g% B O - v X X X X X
Assembly101 (Sener et al., 2022) Assembly 513 - s B X X X X X X
MECCANO (Ragusa et al., 2023) Industrial 6.9 - g B - X X X X X X
HOI4D (Liu et al., 2022) Indoor HOI 444 - & 0 X X X X X X
— Egocentric Video Reasoning Benchmarks —
EgoSchema (Mangalam et al., 2023) ~ Real-world 250+ 5,031 Y 4 X X v X X
EgoTaskQA (Jia et al., 2022) Task videos 14 40K e X X X v X X
EgoPlan-Bench (Chen et al., 2026) Daily tasks - 4,939 ] X X X v X X
Egolntent (Pan et al., 2026) Daily tasks 2.9 3,014 B X X X v X X
GroundVQA (Di and Xie, 2024) Long videos 736 303K B X X X v X X
EgoTempo (Plizzari et al., 2025) Temporal 6.3 500 ] X X X 4 X X
— Embodied Interaction Benchmarks —
OpenEQA (Majumdar et al., 2024) Indoor EQA - 1.6K s B v X X v X X
RoboVQA (Sermanet et al., 2024) Robotics 238 829K B X X X 4 X X
RoboCasa365 (Nasiriany et al., 2026)  Sim kitchens 2,200+ — & @ v X X X X X
EgoTools (Ours) Real-world 100.36 1,000 B - © v v v v v v

manipulation steps, and object-state changes.

3 EgoTools Data Suite

We present EgoTools, a real-world egocentric video
suite for physically grounded tool-use understand-
ing. EgoTools-Data contains 100.36 hours of syn-
chronized video, audio, and geometry-related sig-
nals, augmented with hierarchical dense captions,
2D-grounded tool-centric narrations, and 3D anno-
tations derived from reconstruction and tracking.
From source-video-disjoint pools, the suite pro-
vides (i) a video instruction-tuning corpus from
the training pool and (ii) EgoTools-Bench, a 1,000-
question 8-way diagnostic benchmark from a cu-
rated 40.34-hour reserved pool. Its 1,000 ques-
tions span Affordance & Causality, Perception &
Grounding, Procedural Dynamics, and Spatial Rea-
soning.

3.1 Data Collection and Preprocessing

We record with HOMIE', a lightweight head-
mounted device from Ropedia, Inc. with four
synchronized fisheye views, audio, and auxiliary
motion/synchronization signals supporting recon-
struction, pose/depth estimation, and object/hand
tracking. For annotation and training, we rec-
tify the front-left RGB stream into a natural first-
person view, with zoom and pitch adjustments

1https ://ropedia.com/blog/20251216_
introducing_ropedia

that preserve hand—tool-object interactions (Ap-
pendix B.1). The final videos are 1024 x 1024, 20
FPS, single-view egocentric streams synchronized
with audio.

Collection spans daily activities and expertise-
intensive procedures across seven domains:
kitchen, classroom, research lab, repair workshop,
craft, office, and household (Figure 1). These cover
everyday manipulation, material transformation,
manual operations, and educational and profes-
sional experiments. Recordings were collected in
kitchens, workshops, laboratories, and daily-living
spaces at universities and research sites in Asia.
Graduate and undergraduate collectors had diverse
disciplinary backgrounds; expertise-intensive pro-
cedures were performed or reviewed by collectors
familiar with the task to ensure natural and tech-
nically valid tool use. Appendix A details the do-
mains and anonymized participants.

The curated corpus contains 100.36 hours across
these domains. Structured task-guided record-
ings follow predefined goals and procedural steps,
yielding clear boundaries, observable state changes,
and controlled hand-tool-object coverage. In open-
ended participant-driven recordings, participants
receive a broad topic or goal and choose how to
complete it, yielding spontaneous tool choice, adap-
tation, repeated attempts, error recovery, and sub-
stitution. The two settings combine consistent pro-
cedural coverage with in-the-wild variability.
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(a) Benchmark Statistics.

Benchmark QA Annotations
Q: Why does the person switch from scissors to a knife while
trimming asparagus?

Captions
= The person takes a knlfe from the kitchen rack and places it
beside the cutting board while preparing asparagus.
+ The person holds the asparagus stems on the cutting board and
tries to trim the tough ends with kitchen sdssors.
+ After trying the sdssors, the person switches to the knife and
cuts off the tough asparagus stems more efficiently.

A Schssors strugl with the tough lower stems, so the knife Is used.
8. Scissors cutthe tps;the knife only pushes scraps.

. The scisors never touch the asparagus.

D. Scissors open packaging; stems are snapped by hand.

€. Asparagus is cooked frst, then cut

F. Knife trms tips; scissors cut lower stems.

6. Scissors hold stems whie kife cuts.

H. Both tools stay unused on the counter

Narrations

[1] | take a suitable knife from the kitchen rack and place it beside
the cutting board for later easier grabbing. [2] | first try the kitchen
scissors because they are nearby and seem convenient for quickly
trimming the asparagus ends. [3] | switch to knife because the
stems are too tough for scissors, which is inefficient; the knife is
better for cleaner, faster cuts with the cutting board.

002 Np T Qe
a1 T S
MLM-Assisted. |_*
Human Raw QA Finalized
Annotators QA

(b) Annotation Cases.

(ii) Ego4D
putdr @%p
bI'U.Sh( aral) he mdle

(iii) EgoTools-Bench

ggovsw‘%%rﬁi;:p“ 58
nsp

(i) EPIC KITCHENS-]OO
turn £

knlfe( a5 plate :

SBagspatula “open

surfac

s eiSpBOH t

j ]JUL”S})QH([( NH] Stic Wobd 5

mpIcki DUL | @800t 20

(‘upboa1 dPall grawer wall©
LLL\U :

rlnse g]dssbowl
(c) Word Cloud Comparison.

Figure 2: Benchmark distribution and annotation examples. (a) Distribution of 1,000 QA pairs across four tool-use reasoning
tracks and their fine-grained subtracks. (b) Example annotations, including captions, tool-centric narrations, and finalized QA
pairs produced through human annotation with MLLM-assisted checking. (c) Word-cloud comparison with EPIC-KITCHENS-
100 and Ego4D, showing that EgoTools-Bench is more tool-dense and centered on tools, actions, objects, and state changes.

Source-video partition. We partition source
videos into training and benchmark-reserved pools
before constructing either resource. Instruction
data is derived exclusively from the training pool,
while the 40.34-hour reserved pool supplies the
benchmark clips and annotations.

3.2 Multimodal Annotation and Curation

Textual Annotations. We provide dense cap-
tions for visible actions and task progress and
tool-centric narrations for intent, grounding, and
reasoning. A streaming hierarchical Gemini-3-
Flash (Google DeepMind, 2025) pipeline splits
each video into 5-minute clips and uses 32 uni-
formly sampled frames per clip for a global con-
text caption. It then captions sequential 5-second
chunks, conditioning the first on global context and
later chunks on the preceding caption, and aggre-
gates them into 1-minute windows and 5-minute
summaries.

Key-frame object recognition supplies evidence
for post-hoc hallucination checks. Following the
use of narration as weak supervision in egocentric
datasets (Damen et al., 2022; Grauman et al., 2022),
task performers narrate meaningful tool-use events
with a template emphasizing tool selection, intent,
and effects on target objects or task states. For se-
lected narrations, they mark 2D grounding points
on keyframes, linking focal tool or object mentions
to visual instances and initializing long-horizon 3D

tracking. Dense captions and corrected English
narrations become temporally grounded instruction
examples for action description, procedural summa-
rization, tool selection and substitution, object-state
tracking, and next-step prediction. Figure 3 shows
the interfaces; Appendix B.3 provides templates
and examples.

3D Annotations. HOMIE provides egocentric
video, camera poses, and depth maps. Follow-
ing Holi-Spatial (Gao et al., 2026b), we train a
3D Gaussian Splatting model (Li et al., 2026b)
for multi-view-consistent geometry and temporally
coherent per-frame depth while reducing artifacts
such as floaters (Figure 4).

For long-term tracking, tool-centric narrations
provide initial 2D points and semantic captions,
and SAM2 (Ravi et al., 2025) propagates masks
through the video. A VLM (Google DeepMind,
2026b) checks consistency at later grounding
points; detected drift or semantic mismatch trig-
gers SAM2 re-initialization and refinement from
the failure point. This recursive process yields ge-
ometrically precise, semantically coherent spatio-
temporal masks.

We lift tracked masks into 3D with reconstructed
depth and camera poses to obtain object boxes
and long-horizon 4D trajectories, then use spatial
QA templates to query motion and relations. The
original 100.36-hour videos, textual annotations,
and 3D annotations form EgoTools-Data, support-
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Figure 3: Textual annotation pipeline. (a) Tool-centric narrations are annotated from grounded egocentric video segments. (b)
Benchmark QA pairs are constructed and refined through an annotation interface with MLLM-assisted checking.

Recursive VLM-Guided Lift 2D-to-3D
2D Object Tracking Depth
+

2D Masks

Tool-Centraic
Narrations

Point Segment
Ego-Video

©) Ropedia

VLM Verfiy -
Tracking Drift /

SAM2PrOP: |\ consistency

QA Generation

Multi-View Consist Depth

R
%
€\
S
S
@
« |
0
(LI
a:
o

Metric
Depth

SAM2 Re-init. Spatial QA template’

Figure 4: 3D annotation pipeline. Raw geometry from the
HOMIE device is reconstructed with 3DGS to obtain con-
sistent depth, then combined with tool-centric narrations for
recursive VLM-guided object tracking. The resulting masks
are lifted to 3D for object boxes and spatial QA generation.

ing video instruction tuning and the source-video-
disjoint EgoTools-Bench evaluation set.

3.3 Benchmark Construction and Quality
Control

Benchmark QA Construction. We select a
40.34-hour benchmark-reserved subset prioritizing
annotation quality, tool-use density, task diversity,
and environmental coverage; it is source-video-
disjoint from instruction tuning. Original collec-
tors contribute task-aware procedural and causal
questions, while external annotators identify visu-
ally inferable, model-challenging reasoning points.
Domain-specific videos, including wet-lab proce-
dures, are assigned to annotators with relevant ex-
pertise.

Annotators identify segments involving tool se-
lection, object-state changes, or temporal order-
ing and write 8-way questions with one correct
answer and seven distractors. Clips are localized
around an anchor moment and mostly last at least
three minutes. Limiting temporal overlap and
per-video QA density maintains diversity across
videos, tools, and tasks. Together with the spatially
grounded questions described below, this process
yields 1,000 benchmark pairs.

The benchmark includes human-verified spatial
QA pairs generated from 3D annotations using
the Holi-Spatial (Gao et al., 2026b) pipeline, aug-
mented with focal-tool trajectories and object-state
signals to cover motion, state changes, and interac-
tion dynamics. The average temporal span is 4.19
minutes per QA.

Quality Control. All items undergo fix-first qual-
ity control that repairs valid annotator intent be-
fore removal. We check structural validity, video
grounding, and answer choices for malformed ques-
tions, empty or duplicate submissions, missing ev-
idence, temporal misalignment, inconsistent tool
identity, and weak distractors. Empty or verbatim-
duplicate items are removed; repairable reference
errors, first-person leakage, and incomplete an-
swers are fixed with deterministic rules or minimal
model-assisted edits; low-confidence cases go to
human review.

After 8-way normalization, deterministic, text-
only, and multi-model checks flag near-duplicate
choices, revealing wording, lexical imbalance,
answer-length or position bias, and shortcut-
solvable items. Reviewers inspect flagged items
and replace distractors with visually plausible,
length-balanced alternatives while preserving the
question and ground truth when possible. Final
decisions use visual grounding, unique answerabil-
ity, and annotation quality as model-independent
criteria (Appendix D).

Independent Reliability Study. We indepen-
dently evaluated a stratified sample of 250 ques-
tions, including 100 Affordance & Causality items.
Five annotators independent of question author-
ing each assessed 100 assigned items, giving two
independent judgments per question and 500 to-
tal. Using the video, question, and choices with
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the answer key hidden, annotators agreed with
the key in 89.8% of judgments, including 86.5%
for Affordance & Causality. Pairwise exact an-
swer agreement was 88.4%:; 94.4% of items had
a uniquely best visually supported answer. Four-
teen items (5.6 %) were flagged as ambiguous or
multiply plausible and manually reviewed; the re-
view revised or replaced affected items to meet
the unique-answer criterion. We recomputed all
reported results on the resulting quality-controlled
benchmark.

3.4 Distribution

Figure 2 summarizes 1,000 QA pairs: 1) Af-
fordance & Causality (363), 2) Perception &
Grounding (236), 3) Procedural Dynamics (222),
and 4) Spatial Reasoning (179). The tracks span
tool recognition, object-state grounding, relations
among hands, tools, and objects, task progress, tool
selection, application, and effects. Fine-grained
subtracks support detailed analysis.

The seven domains characterize the full
EgoTools-Data corpus. EgoTools-Bench follows
a long-tailed domain distribution, with most ques-
tions from Kitchen videos; supplementary material
provides complete statistics. We therefore focus
the analysis on reasoning capabilities across the
full benchmark.

We limit clip overlap and per-video QA density
to maintain diversity across recordings. Figure 2
compares vocabulary with EPIC-KITCHENS-100
and Ego4D, qualitatively showing greater empha-
sis on tools, manipulated objects, actions, and state
changes than on general egocentric activity recog-
nition.

4 Experiments

4.1 Experimental Setup

We evaluate human experts, proprietary mod-
els, and open-source models on EgoTools-
Bench, alongside available comparable results for
EgoSchema (Mangalam et al., 2023), EgoPlan-
Bench (Chen et al., 2026), and EgoThink (Cheng
et al., 2024). Models include standard video-
language, audio-capable omni, and thinking vari-
ants from Gemini (Google DeepMind, 2026b),
Qwen (Bai et al., 2025a,b; Xu et al., 2025; Wang
et al., 2024), InternVL (Wang et al., 2025; Zhu
et al., 2025), LLaVA (Li et al., 2025a; Zhang et al.,
2025a), MiMo-VL (Xiaomi LLM-Core Team et al.,
2025), and GLM (GLM-V Team et al., 2026). We

report overall and four-track accuracy on EgoTools-
Bench, following the tracks introduced in Sec-
tion 3.4.

We report frame count and audio use. Most
open-source instruct models use 64 uniformly sam-
pled frames, thinking models use 64 or 512 as sup-
ported, and Gemini (Google DeepMind, 2026b)
uses 1 FPS video. Vision-based models receive
sampled frames, and audio-enabled models addi-
tionally receive synchronized ambient task audio.
Benchmark construction uses corrected narrations,
dense captions, and annotation metadata.

Human evaluation. Five evaluators independent
of question authoring each answered all 1,000
items over multiple sessions, freely seeking and
replaying video with the answer key hidden. All
5,000 judgments were complete and valid. Over-
all and track-wise accuracies are micro-averaged
over these judgments under a free-viewing proto-
col; model results use their reported fixed-frame
budgets.

EgoTools training. We adapt Qwen3-VL-8B-
Instruct in a single stage of supervised fine-tuning
that updates every parameter in its language-model
component; the visual encoder and multimodal
aligner retain their pretrained weights through-
out. All 184,679 training examples come from
the EgoTools-Data training pool, which is source-
video-disjoint from EgoTools-Bench. The mix-
ture covers tool-centric reasoning, episode-level
multiple-choice and general video QA, dense cap-
tioning, narration completion, and single-image
open-ended QA. Figure 5 visualizes the mixture,
and Table 7 gives the full breakdown. External
evaluation uses EgoSchema, EgoPlan-Bench, and
EgoThink. Supplementary material provides the
optimization details.

4.2 Main Results

EgoTools-Bench measures a substantial model-
human performance difference. In Table 2,
8-way chance accuracy is 12.5%, open-source
instruct models range from 38.9% to 50.0%,
and human experts reach 83.2%. Qwen3-VL-
8B-Instruct (Bai et al., 2025a) leads instruct
models at 50.0%, followed by InternVL3.5-8B-
Instruct (Wang et al., 2025) at 48.7%; GLM4.1V-
Thinking (GLM-V Team et al., 2026) leads open-
source thinking models at 50.7%. This 32.5-point
difference between the strongest open-source zero-
shot result and human experts quantifies headroom
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Table 2: Performance comparison across egocentric video understanding benchmarks. We compare human performance,
proprietary models, and open-source video-language models on three existing egocentric benchmarks and EgoTools-Bench. The
last five columns report results on EgoTools-Bench across four research-facing tracks and the overall average. Track
abbreviations are: AC = Affordance & Causality, PG = Perception & Grounding, PD = Procedural Dynamics, and SR = Spatial
Reasoning. EgoTools-8B is trained on EgoTools-derived instruction data and is therefore reported separately from zero-shot
baselines. Rank highlights cover the open-source and EgoTools rows; human and Gemini rows provide reference points. Dark
and light green denote the best and second-best result in each column; underlining denotes third-best, with ties marked equally.

Model Frames Audio EgoSchema EgoPlan-Bench EgoThink EgoTools
AC PG PD SR Opveral
Human Baseline
Human Expert - v ~76 - - 82.1 852 833 827 83.2
Proprietary Models
Gemini-3.1-Pro (Google DeepMind, 2026b) 1fps v - - - 69.7 517 721 749 66.9
Gemini-3-Flash (Google DeepMind, 2025) 1fps v - - - 645 500 730 726 64.4
Gemini-3.1-Flash-Lite (Google DeepMind, 2026a) 1fps v - - - 58.1 445 599 587 554
Open-Source Models (Instruct)
Qwen3-VL-8B-Instruct (Bai et al., 2025a) 64 X 69.0 423 61.0 46.1 459 571 554 50.0
Qwen3-VL-4B-Instruct (Bai et al., 2025a) 64 X 69.6 42.0 61.9 41.7 454 502 50.0 45.7
Qwen?2.5-VL-7B-Instruct (Bai et al., 2025b) 64 X 61.0 32.0 57.7 40.1 433 502 4738 443
Qwen2.5-Omni-7B-Instruct (Xu et al., 2025) 64 v 65.2 - 58.9 447 459 51.8 46.7 47.1
Qwen2-VL-7B-Instruct (Wang et al., 2024) 64 X 63.6 39.9 60.1 46.6 356 462 478 442
InternVL3.5-8B-Instruct (Wang et al., 2025) 64 X 63.8 - 56.0 458 459 534 533 48.7
InternVL3-8B-Instruct (Zhu et al., 2025) 64 X 69.6 - 59.4 447 449 51.8 489 47.1
LLaVA-OneVision-7B (Li et al., 2025a) 64 X 63.4 - 54.9 37.6 371 429 370 38.9
LLaVA-Video-7B-Qwen2 (Zhang et al., 2025a) 64 X 524 - 58.0 382 397 433 370 39.8
MiMo-VL-7B-SFT (Xiaomi LLM-Core Team et al., 2025) 64 X 54.4 35.9 60.7 414 449 494 402 442
Open-Source Models (Thinking)
Qwen3-VL-8B-Thinking (Bai et al., 2025a) 512 X 70.3 43.6 62.0 43.6 41.8 482 554 45.7
Qwen3-VL-4B-Thinking (Bai et al., 2025a) 512 X 59.8 43.1 62.3 37.6  36.6 364 413 374
MiMo-VL-7B-RL (Xiaomi LLM-Core Team et al., 2025) 64 X 57.0 36.6 59.4 43.1 459 506 39.1 453
GLM4.1V-Thinking (GLM-V Team et al., 2026) 64 X 66.1 25.3 62.7 46.1 50.0 57.1 533 50.7
Ours
EgoTools-8B (Ours) 64 X 67.6 35.2 64.0 554 59.7 68.1 444  60.9

in tool-mediated reasoning.

EgoTools-Bench adds tool-specific diagnostic
coverage. Qwen3-VL-8B-Instruct reaches 69.0%
on EgoSchema (Mangalam et al., 2023), 61.0%
on EgoThink (Cheng et al., 2024), and 50.0% on
EgoTools-Bench; its 4B counterpart scores 69.6%,
61.9%, and 45.7%, respectively. These cross-
benchmark profiles reflect EgoTools-Bench’s ad-
ditional emphasis on tool affordances, grounding,
procedure, spatial relations, and state changes.

Model and input capacity yield heterogeneous
gains. Model parameter scale, audio support, and
thinking-style inference produce mixed changes
in overall accuracy. Their track-specific effects
motivate both track-wise analysis and controlled
input ablations.

4.3 Training Utility of EgoTools-Data

EgoTools supervision improves tool-centric rea-
soning. Table 2 shows that supervised fine-tuning
on 184,679 EgoTools-derived examples improves
Qwen3-VL-8B-Instruct from 50.0% to 60.9% on
EgoTools-Bench. It gains 9.3 points on Affor-
dance & Causality, 13.8 on Perception & Ground-
ing, and 11.0 on Procedural Dynamics, while Spa-

tial Reasoning decreases by 11.0 points. Source-
video separation assigns instruction data and evalu-
ation videos to distinct source pools. These results
demonstrate the utility of EgoTools-Data as tool-
centric supervision.

Existing-benchmark results characterize
answer-format coverage. The mixture includes
5,000 next-action multiple-choice and 5,000
single-image open-ended examples, matching
EgoPlan-Bench and EgoThink answer formats.
EgoTools-8B reaches 64.0% on EgoThink com-
pared with 61.0% for the backbone and 35.2%
on EgoPlan-Bench compared with 42.3% for
the backbone. These paired results characterize
answer-format coverage; our primary claim
concerns EgoTools-Data’s training utility for
tool-centric reasoning.

4.4 Analysis

Precise visual grounding defines the largest
opportunity for improvement. Perception &
Grounding requires evidence about the focal tool,
target object, contact point, attributes, quantities,
and local state changes. Open-source instruct mod-
els score 35.6-45.9%. Gemini-3.1-Pro reaches
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Tool-Centric Reasoning 69.8K (37.8%)

Affordance Causality 14.2K (7.7%)

Perception Grounding 14.8K (8.0%)

Procedural Dynamics 229K (12.4%)
Spatial Reasoning 17.9K (9.7%)

Episode-Level Multiple Choice 69.6K (37.7%)

General Video QA 31.3K (16.9%)

Caption & Narration 9.1K (4.9%)
Single-Image Open QA 5K (2.7%)
0 109 209 307
(b)

Figure 5: Composition of the EgoTools-Data instruction-tuning corpus. (a) The inner ring groups the 184,679 examples by
what they supervise, and the outer ring gives the corresponding categories; readability-adjusted segment angles preserve the
smallest category labels. (b) Shares drawn to scale; the four tool-centric categories are nested under their group total. Exact

counts are listed in Table 7.

Table 3: Input-evidence ablation on the full 1,000-question
EgoTools-Bench. All conditions use the same
Qwen3-VL-8B-Instruct backbone and pre-extracted
frame-list evaluation pipeline. Results support within-table
comparisons; the main benchmark uses a separate MP4-based
protocol.

Input condition Overal AC PG PD SR
Ordered 64 frames 51.7 474 50.0 57.1 57.6
Shuffled 64 frames 49.3 455 474 539 56.5
Middle frame 46.9 447 459 51.0 457
Text-only 42.7 39.0 36.1 514 478

51.7% on this track, its lowest track score. To-
gether with Table 3, these results identify precise
visual grounding as a priority for future progress.

Model designs produce distinct performance
profiles. Scale, audio, and thinking-style in-
ference have heterogeneous track-wise effects.
Qwen3-VL-8B-Instruct shows its largest gains
over the 4B counterpart on Procedural Dynamics
and Spatial Reasoning; Qwen3-VL-8B-Thinking
scores lower than its instruct counterpart on AC,
PG, and PD. GLM4.1V-Thinking achieves the
strongest open-source zero-shot overall score of
50.7%; Appendix E provides further track-wise
and cue-based analyses.

4.5 Input-Evidence Ablation

Table 3 compares evidence conditions within a
matched frame-list evaluation pipeline. Ordered 64-
frame input reaches 51.7% overall accuracy, com-
pared with 49.3% for shuffled frames, 46.9% for a

Qwen3-88 Qwen3-8B InternVL3.5 Qwen2.5 GLM4.1v
Inst. Think 8B Omni Think

Quen3-VL-88 Inst. I n 0.59 0.59 0.55 0.55
50.0¢

Qwen3-VL-8B Think I 0.59 1.00 0.55 0.52 0.54
457
InternVL3.5-8B Inst. I 0.59 0.55 n 0.54 0.53
a8
Qwen2.5-Omni-78 I 0.55 0.52 0.54 1.00 0.51

47.1

GLM4.1V Think I

50.7

0.55 0.54 0.53 0.51 n

Figure 6: Jaccard overlap of model errors on EgoTools-
Bench.

single middle frame, and 42.7% for text-only input.
Perception & Grounding obtains the largest visual-
input gain, improving from 36.1% with text only to
50.0% with ordered frames. Procedural Dynamics
shows the largest ordered-versus-shuffled differ-
ence at 3.2 points, directly demonstrating the value
of temporal order. Detailed protocol interpretation
is provided in Appendix E.1.

4.6 Error-Overlap Analysis

Error overlap reveals systematic failure pat-
terns. The error map in Figure 6 compares the
Jaccard overlap between models’ incorrect predic-
tions. Qwen3-VL-8B-Instruct has the largest over-
lap with InternVL3.5-8B-Instruct (0.592), closely
followed by Qwen3-VL-8B-Thinking (0.586). The
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smallest overlap is between Qwen2.5-Omni-7B-
Instruct and GLM4.1V-Thinking (0.513). Because
raw Jaccard overlap also increases with the mod-
els’ marginal error rates, we compare these values
with the overlap expected if each pair failed in-
dependently. The independence baselines range
from 0.330 to 0.366, and every observed overlap
is substantially higher; chance-normalized excess
overlap ranges from 0.250 to 0.382. Thus, the
evaluated architectures share a substantial core of
difficult questions, while differences among their
remaining errors leave room for complementary
modeling improvements.

Taken together, the track-wise results, implicit—
explicit ablation, and error-overlap analysis estab-
lish EgoTools-Bench as a capability-specific di-
agnostic. It measures visual grounding of tool-
mediated interactions, reasoning about tool choice
and state change, and dependence on language,
task-order, or commonsense priors.

5 Conclusion

EgoTools combines real-world tool-use recordings,
dense annotations, spatial grounding, and diagnos-
tic QA. EgoTools-Bench quantifies current mod-
els’ ability to reason about tool-mediated action,
causality, procedure, and state change, while su-
pervised fine-tuning on EgoTools-derived instruc-
tion data improves Qwen3-VL-8B-Instruct from
50.0% to 60.9% on EgoTools-Bench. The 83.2%
human score and track-wise analysis identify pre-
cise visual grounding as a key direction for future
progress. By providing both diagnostic evalua-
tion and actionable supervision, EgoTools supports
progress toward embodied systems that better ob-
serve, reason about, and assist with real-world tool
use.

6 Limitations

EgoTools-Data spans seven real-world domains,
with current coverage concentrated in the repre-
sented tools, environments, participant populations,
cultures, and professional workflows. EgoTools-
Bench follows the available recordings and has
a long-tailed domain distribution concentrated in
Kitchen videos. Its clips include occlusion, rapid
motion, and small objects, yielding sparse visual
evidence in challenging cases. Grounding anno-
tations, narration audio, and 3D trajectory assets
enter the public release after annotation finalization
and applicable authorization and privacy review.

7 Ethics

EgoTools is constructed from voluntarily con-
tributed egocentric recordings, narrations, and an-
notations under informed consent covering col-
lection, research use, and release. The public re-
lease contains anonymized, privacy-reviewed mate-
rials, and project privacy controls govern raw fish-
eye recordings and sensitive content. The bench-
mark supports aggregate model research on tool-
use reasoning, with dataset documentation defin-
ing participant-privacy and intended-use bound-
aries. Appendix H provides further safeguards and
intended-use details.
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A Dataset Collection and Contributor
Information

A.1 Data Collection Settings

EgoTools-Data uses two complementary collection
settings to balance procedural coverage with nat-
ural variation in real-world tool use. In the struc-
tured task-guided setting, the collection team
specifies a task goal and a sequence of key pro-
cedural steps while allowing participants to exe-
cute each manipulation naturally rather than fol-
lowing frame-level scripts. For example, a kitchen
recording may involve washing ingredients, cut-
ting them on a board, heating a pan, manipulating
food with appropriate utensils, and transferring the
result to a plate. This setting provides clear task
boundaries, observable task-state transitions, and
repeated hand—tool-object interactions while pre-
serving natural execution.

In the open-ended participant-driven setting,
participants receive only a broad topic or high-level
task goal and determine their own procedure. These
recordings capture spontaneous tool selection, alter-
native strategies, repeated attempts, error recovery,
and opportunistic tool substitution, thereby intro-
ducing greater variation in action ordering and tool-
use strategy. Together, the two settings provide
complementary supervision: structured recordings
support consistent procedural annotation, while
open-ended recordings preserve the variability and
adaptability of naturally occurring tool-mediated
behavior.

The corpus spans seven tool-use domains:
kitchen, classroom, research laboratory, repair
workshop, craft, office, and household. Recordings
were collected across kitchens, workshops, labora-
tories, and daily-living spaces at universities and
research sites in Asia. For expertise-intensive pro-
cedures, recording or review was assigned to con-
tributors familiar with the corresponding task when-
ever specialized knowledge was required, helping
ensure that the captured tool use was both natural
and technically valid.

A.2  Anonymous Contributor Profiles

To preserve contributor privacy, we report con-
tributor information only in aggregate and coarse-
grained form. We do not disclose names, contact
information, institution-specific identifiers, public
profiles, or exact per-video contribution counts.
Contributors may participate in multiple roles;
therefore, the role counts in Table 4 are not mu-

Table 4: Summary of anonymous contributor roles.
Contributors may participate in multiple roles.

Role # Contributors
Participant / narrator 16
QA annotator 10
QA reviewer 2
Data curator 3
Grounding annotator 1
Trajectory annotator 2

Table 5: Aggregate contributor backgrounds. Statistics are
reported only in aggregate and are not linked to individual
identities or released recordings.

Degree Field
Undergraduate 12 Computer Science 12
Master’s 5 Electrical Engineering 7
PhD 5 Biology 2
Postdoc 1 Chemistry 1

Film / Media 1

Age Group
18-21 4 22-24 10
25-27 6 28+ 3

tually exclusive. These roles encompass egocentric
recording, tool-centric narration, human-crafted
benchmark QA construction, independent QA re-
view, dataset curation, focal-tool grounding, and
trajectory annotation.

Contributor backgrounds span computer science,
electrical engineering, biology, chemistry, and
film/media. Specialized procedures, particularly
laboratory and technical tasks, were recorded or
annotated by contributors with relevant familiar-
ity whenever possible. These statistics document
the range of backgrounds represented in EgoTools-
Data without linking released recordings to individ-
ual identities. Any internal mapping required for
data management is kept separate from the public
release.

B Preprocessing and Annotation
Protocols

B.1 View Rectification Settings

EgoTools-Data is recorded with HOMIE, a head-
mounted multimodal recording device that cap-
tures four synchronized fisheye camera streams
together with audio and auxiliary motion and syn-
chronization signals. These raw modalities sup-
port downstream view rectification, temporal align-
ment, and selected spatial processing. For annota-
tion, benchmark construction, and model training,
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Figure 7: Representative view-rectification example. Raw
fisheye observations are transformed into the canonical recti-
fied egocentric view used for annotation, benchmark construc-
tion, and model training.

we use the rectified front-left RGB stream as the
canonical egocentric view. The resulting videos
are 1024 x 1024, 20 FPS, single-view egocentric
streams synchronized with audio.

The original fisheye stream provides a wide field
of view but exhibits strong lens distortion. We
therefore rectify the canonical front-left stream and
adjust its zoom and pitch to produce a natural first-
person view while retaining the hand—tool-object
interaction region. A representative configuration
uses a zoom factor of 0.78125, a 90° target field of
view, a pitch adjustment of —5°, and zero yaw and
roll. These parameters represent view-processing
settings rather than semantic annotations; their pur-
pose is to preserve the interaction region while
reducing fisheye distortion.

B.2 Dense Caption Annotation

Dense captions provide temporally localized de-
scriptions of visible actions, objects, and task
progress. Each video is divided into 5-minute clips,
and 32 uniformly sampled frames from each clip
are first used to generate a global-context descrip-
tion. The clip is then processed sequentially in 5-
second chunks: the first chunk is conditioned on the
global context, while subsequent chunks addition-
ally receive the preceding caption as temporal mem-
ory. Chunk-level captions are further aggregated
into 1-minute windows and 5-minute summaries,
providing descriptions at multiple temporal scales
from fine-grained manipulation to longer task con-
text. Object recognition on selected keyframes pro-
vides additional visual evidence during post-hoc
caption checking.

B.3 Narration Annotation Guidelines

Tool-centric narrations complement surface-level
descriptions by capturing the participant’s tool
choice, intended use, interaction target, and the
effect of the action on the task state. Contributors
are instructed to narrate meaningful tool-use events
rather than every low-level hand motion. A refer-
ence template encourages explicit reasoning about
tool selection and feasible alternatives:

“I am using [the] [property] [tool] [loca-

tion/identity cue] rather than [the] [property] [al-

ternative tool] [location/identity cue] to [action]
on/for [target] because [reason].”

The template serves only as guidance, and anno-
tators may use natural language whenever the same
information can be expressed more clearly. Repre-
sentative cases include selecting narrow chopsticks
rather than a spoon to reach material inside a con-
strained container, choosing a flat spatula rather
than chopsticks to support and lift a soft object,
and using a pipette rather than a larger container
when finer control over a small liquid quantity is
required. These examples illustrate the intended
emphasis on the relationship among tool properties,
task requirements, target objects, and alternative
tools.

Narrations may initially be provided in English,
Korean, or Chinese. Korean and Chinese mate-
rials are translated and normalized into English
by bilingual project members before benchmark
construction or verification, and all finalized bench-
mark questions and answer choices are written in
English.

For selected narrations used in spatial processing,
contributors annotate 2D grounding points on corre-
sponding keyframes for focal tools or target objects
selected for tracking. These points link textual
mentions to visible instances and provide initial-
ization cues for long-horizon tracking. Grounding
is therefore an additional signal for selected tool-
use events rather than an annotation assumed to
be available uniformly for every narration or video
segment.

C Benchmark Construction Details

C.1 Benchmark-Reserved Source Pool

Before instruction-data or benchmark construction,
we partition the collected source videos into a train-
ing pool and a benchmark-reserved pool at the
source-video level. The benchmark-reserved pool
contains 40.34 hours of video and is selected with
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consideration for annotation quality, tool-use den-
sity, task diversity, and environmental coverage.
This partition is performed before constructing any
training examples. Every instruction-tuning exam-
ple traces to a training-pool source video, and every
benchmark item traces to the reserved pool.

Within the benchmark-reserved pool, we priori-
tize clips containing observable hand—tool-object
interactions, object-state changes, tool selection or
substitution, and temporally extended procedures.
Each benchmark item is associated with a local-
ized temporal window around an anchor moment.
Most clips last at least three minutes to preserve
sufficient context for procedural and causal reason-
ing. We limit excessive temporal overlap between
clips from the same source video and control QA
density across source videos to reduce redundancy
and maintain diversity over videos, tools, and task
contexts.

C.2 Human-Crafted QA Construction

Human annotators construct 8-way multiple-choice
questions with one correct answer and seven dis-
tractors. Questions are written by both original data
collectors and external annotators. Original collec-
tors contribute task-aware questions that require
understanding procedural intent, tool choice, and
causal effects, while external annotators identify
additional visually inferable but model-challenging
reasoning points. Annotators formulate questions
whose answers are supported by visible evidence
in the provided video. Target reasoning includes
tool selection and substitution, object-state changes,
contact and manipulation events, temporal order-
ing, observable task progress, workspace staging,
and spatial hand—tool—object relations.

Domain-specific clips are assigned to annotators
with relevant familiarity whenever possible. In par-
ticular, specialized procedures such as laboratory
experiments are reviewed by contributors familiar
with the corresponding task domain. Distractors
are designed to remain plausible in the general
task context while being incorrect under the ob-
served video evidence. This process contributes
human-crafted questions to the full 1,000-question
benchmark.

Language and review. All finalized EgoTools-
Bench questions and answer choices are written
in English. Auxiliary narrations may originate in
English, Korean, or Chinese. Korean and Chinese
materials are translated and normalized into En-

glish by bilingual project members before use in
QA construction or verification. Final QA items are
reviewed for linguistic clarity, visual answerability,
and the existence of a single best answer.

C.3 Spatially Grounded QA Construction

The 1,000-question benchmark also includes spa-
tially grounded QA pairs generated from selected
3D annotations. The generation pipeline uses re-
constructed scene geometry, focal-tool trajectories,
and object-state signals to propose questions about
spatial motion, placement, state changes, and tool—
object interaction dynamics. Human verification
of the video evidence, question validity, correct
answer, and distractor quality precedes candidate
admission to the benchmark. The finalized bench-
mark contains 1,000 8-way multiple-choice ques-
tions.

C.4 Benchmark Evaluation Protocol

EgoTools-Bench evaluates models on questions,
answers, media, and annotations derived from the
benchmark-reserved source pool. During evalua-
tion, models receive the benchmark video clip to-
gether with the question and answer choices accord-
ing to the specified model protocol. Benchmark
construction and analysis use corrected narrations,
narration audio, dense captions, grounding annota-
tions, source-video metadata, and 3D annotations.

D Quality Control and Normalization

D.1 Fix-First Quality Control

Raw human annotations are processed under a fix-
first quality-control policy that preserves valid an-
notator intent whenever a defect can be repaired
without changing the underlying reasoning tar-
get. Each item is evaluated using a 22-flag struc-
tural and semantic audit covering missing or mal-
formed fields, placeholders, duplicate entries, first-
person leakage, personally identifiable information,
answer-option mismatch, inappropriate full-video
references, temporal misalignment, inconsistent
tool identity, and distractor anomalies. Content-
empty submissions and verbatim duplicates are
removed, whereas repairable issues are corrected
using deterministic rules whenever possible. Se-
mantically uncertain or low-confidence cases are
routed to human review.

For a limited class of surface-form corrections,
we use Gemini-2.5-Flash-Lite with temperature
0. The model is instructed to perform the small-
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est meaning-preserving modification possible with-
out altering the reasoning target or correct answer.
Such edits include replacing identifying names
with role descriptions, converting first-person ref-
erences into third-person form, correcting sur-
face grammar, and completing truncated answers
only when the intended meaning is unambigu-
ous. Model-assisted editing therefore serves as a
language-normalization step rather than as a source
of benchmark answers.

D.2 Eight-Choice Normalization and
Anti-Shortcut Checks

All benchmark items are normalized to exactly
eight answer choices. Items with insufficient dis-
tractors are augmented, items already containing
seven distractors are validated, and answer sets con-
taining too many distractors are reduced to seven
plausible alternatives while preserving the original
question and ground-truth answer whenever possi-
ble.

After normalization, each answer set is screened
for potential textual and structural shortcuts. These
checks cover meta-options such as “all of the
above” and “none of the above”, duplicate or
near-duplicate choices, token-set permutations,
substring or superstring containment, excessive
question—answer lexical overlap, answer-position
imbalance, systematic correct-answer length bias,
and questions that remain readily solvable without
access to the video. Items flagged by deterministic,
text-only, or multi-model sanity checks are manu-
ally reviewed and, when appropriate, repaired by
replacing distractors with visually plausible and
length-balanced alternatives. Final retention de-
cisions depend on visual grounding, unique an-
swerability, and annotation quality rather than on
whether a particular model answers an item cor-
rectly.

To quantify answer-length bias, let L,,5 denote
the character length of the correct answer, and let
Wdist and ogisy denote the mean and standard devi-
ation of the seven distractor lengths. We compute
. Lans — Hdist

Odist
Items outside the accepted -1.50 range are flagged
for repair. After applying the same normalization
and length checks to all benchmark items, the fi-
nalized set has Z ~ —0.150, with no item outside
the accepted range. Finally, answer-choice order
is shuffled using a deterministic seed derived from

the QA identifier, reducing positional priors while
preserving reproducibility.

D.3 Independent Annotation Reliability Study

To quantify benchmark reliability beyond the origi-
nal annotation and review pipeline, we conducted
an independent study on a stratified sample of 250
benchmark questions, including 100 Affordance
& Causality questions. We deliberately included
substantial coverage of Affordance & Causality
because intent- and causality-oriented items are
among those most likely to admit subjective inter-
pretations.

Five independent annotators who had not writ-
ten the corresponding benchmark questions partic-
ipated in the study, with each annotator evaluat-
ing 100 assigned questions. This protocol yielded
500 independent judgments in total and two judg-
ments for every sampled item. Annotators viewed
only the video, question, and eight answer choices,
without access to the original answer key. In addi-
tion to selecting an answer, they assessed whether
each item had a uniquely best answer supported by
visible evidence.

Across all 500 judgments, independent anno-
tators agreed with the original benchmark key in
89.8% of cases, with 86.5% agreement on the
deliberately oversampled Affordance & Causal-
ity subset. The two independent annotators as-
signed to each item selected the same answer on
88.4% of sampled questions, and 94.4% of sam-
pled items were judged to have a uniquely best
answer supported by the video. The remaining 14
items (5.6 %) were flagged as ambiguous or hav-
ing multiple plausible answers and were manually
reviewed; items failing the unique-answer criterion
were revised or replaced before finalization. All
benchmark results reported in this paper were re-
computed on the resulting quality-controlled bench-
mark.

E Additional Track-Wise Analysis

Precise visual grounding creates the largest
cross-track separation. Perception & Ground-
ing (PG) requires concrete visual evidence about
the focal tool, target object, contact point, object
attribute, quantity, or local state change. Frame-
level evidence distinguishes visually similar tools,
contact targets, and local state changes. Among
open-source instruct models, PG accuracy ranges
from 35.6% to 45.9%. Qwen3-VL-8B-Instruct,
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Qwen2.5-Omni-7B-Instruct, and InternVL3.5-8B-
Instruct each reach 45.9%, while LLaVA-Video-
7B-Qwen?2 reaches 39.7%. Gemini-3.1-Pro reaches
51.7% on PG, compared with 69.7% on Affordance
& Causality, 72.1% on Procedural Dynamics, and
74.9% on Spatial Reasoning. This pattern makes
PG the model’s lowest-scoring track and positions
precise visual grounding as the largest cross-track
opportunity for improvement.

Higher-level tracks distinguish how models use
context. The Affordance & Causality (AC), Pro-
cedural Dynamics (PD), and Spatial Reasoning
(SR) tracks admit different sources of contextual
support, including tool-function priors for AC, task-
order context for PD, and workspace geometry
and physical commonsense for SR. Qwen3-VL-8B-
Instruct improves over its 4B counterpart by 4.4
points on AC, 0.5 points on PG, 6.9 points on PD,
and 5.4 points on SR, suggesting that additional
capacity benefits procedural and spatial reasoning
more strongly than precise grounding. Qwen2.5-
Omni-7B-Instruct improves over Qwen2.5-VL-7B-
Instruct by 4.6 points on AC, 2.6 points on PG, and
1.6 points on PD, with a 1.1-point decrease on SR.
Similarly, InternVL3.5-8B-Instruct improves over
InternVL3-8B-Instruct across all four tracks, with
gains of 1.1 points on AC, 1.0 on PG, 1.6 on PD,
and 4.4 on SR. These track-wise differences illus-
trate why EgoTools-Bench is diagnostic: model
scale and modality produce ability-specific gains.

Model families exhibit distinct performance pro-
files. The model-class comparison further shows
that scale, modality, and thinking-style inference
produce distinct track-wise profiles. Proprietary
Gemini models achieve the strongest overall re-
sults, ranging from 55.4% to 66.9%, with PG as
their weakest track. Thinking-style inference is
similarly heterogeneous: Qwen3-VL-8B-Thinking
underperforms Qwen3-VL-8B-Instruct on AC, PG,
and PD and matches it on SR, while GLM4.1V-
Thinking reaches 50.7%, the strongest open-source
zero-shot overall result. MiMo-VL-7B-RL reaches
45.3% overall and shows a different track profile,
including 45.9% on PG and 39.1% on SR. Overall,
these results show that model designs redistribute
errors across the tool-mediated visual reasoning
abilities.

E.1 Input-Evidence Ablation

Visual evidence and multi-frame context matter.
Ordered 64-frame input achieves 51.7% overall

accuracy, compared with 42.7% for text-only input.
Perception & Grounding shows the largest visual-
input gain, improving by 13.9 points over text-only
input. Using the middle frame gives 46.9% overall
accuracy, indicating that many questions require
evidence distributed across multiple moments of a
tool-use process.

Temporal order provides additional informa-
tion. Shuffling the same 64 frames decreases
overall accuracy from 51.7% to 49.3%. Proce-
dural Dynamics shows the largest ordered-versus-
shuffled difference at 3.2 points, consistent with its
emphasis on step transitions, action ordering, and
changes in tool use over time. Spatial Reasoning
shows a much larger ordered-versus-middle-frame
gap than ordered-versus-shuffled gap, indicating
stronger dependence on multi-frame coverage than
on exact frame order. All conditions use the same
deterministic frame-list pipeline, with the ordered
condition as the matched control. Its 51.7% score
belongs to this frame-list protocol; the main bench-
mark result uses the MP4-based protocol.

E.2 Implicit and Explicit Tool-Use Questions

Explicit tool-use cues typically improve perfor-
mance. Table 6 separates questions that explicitly
mention the relevant tool-use cue from questions
where the model must infer it from the video con-
text. Proprietary Gemini models show a consis-
tent advantage on explicit questions, with explicit-
minus-implicit gaps of 4.9-7.7 points. Qwen3-VL-
8B-Instruct shows the same direction with a smaller
4.0-point gap. This suggests that current models
benefit when the question language makes the rele-
vant tool-use relation easier to locate. Qwen3-VL-
8B-Thinking scores 45.8% on implicit and 45.2%
on explicit questions, a —0.6-point difference. Im-
plicit questions therefore test recovery of the tool,
target, and state change from video context beyond
explicit wording cues.
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Table 6: Ablation on implicit and explicit tool-use
questions. A denotes Explicit—Implicit.

Model Full Bench. | Implicit Explicit | A
Gemini-3.1-Pro 66.9 65.2 72.9 +7.7
Gemini-3-Flash 64.4 63.1 68.0 +4.9
Gemini-3.1-Flash-Lite 55.4 54.3 59.5 +5.2
Qwen3-VL-8B-Instruct 50.0 49.1 53.1 +4.0
Qwen3-VL-8B-Thinking 45.7 45.8 45.2 -0.6

F Training and Evaluation Details

F.1 Single-Stage Training Procedure

We initialize EgoTools-8B from Qwen3-VL-8B-
Instruct and perform a single stage of supervised
fine-tuning using instruction examples derived ex-
clusively from the EgoTools-Data training pool.
We optimize all parameters of the language-model
component while keeping the visual encoder and
multimodal aligner frozen. Thus, “full-parameter”
fine-tuning refers specifically to optimization of the
complete language-model component rather than
every module of the multimodal architecture.

We use AdamW with a constant learning rate of
2.3 x 1076 and no warmup for one epoch. Training
uses a per-device batch size of 1, gradient accumu-
lation over 16 steps, and 8 GPUs, corresponding to
an effective batch size of 128 and 1,443 optimizer
steps. We use bfloat16 precision, DeepSpeed ZeRO
Stage 3, FlashAttention, gradient checkpointing, a
maximum multimodal sequence length of 8,192
tokens, and at most 1,024 visual tokens per image.
Each training video example is represented using
64 uniformly sampled frames at a target rate of 2
FPS, with the per-video frame count fixed to 64.

Training and evaluation resources are separated
before instruction-data or benchmark construction
at the source-video level. No video, clip, caption,
narration, synthetic QA pair, grounding annota-
tion, spatial annotation, or other derivative of a
benchmark-reserved source video is used during
model training. This partition ensures that the re-
ported EgoTools-Bench results are evaluated on
source videos excluded from instruction-data con-
struction.

F.2 Training Data Composition

The single-stage training mixture contains 184,679
EgoTools-derived instruction examples, summa-
rized in Table 7. Direct supervision of the four
EgoTools-Bench capabilities contributes 69,760 ex-
amples (37.8% of the mixture), while the remain-
der provides episode-level reasoning, general video

QA, descriptive supervision, and open-ended an-
swering. By answer format, the mixture contains
170,595 multiple-choice examples, 5,000 short
open-ended examples, and 9,084 dense-captioning
or narration-completion examples. Within the
5,000 next-action multiple-choice examples, an-
swer positions are balanced uniformly across the
four choices, with 1,250 examples assigned to each
position.

F.3 Evaluation on Existing Egocentric
Benchmarks

Existing egocentric benchmarks are evaluated us-
ing their corresponding protocols. EgoSchema is
evaluated on the full 5,031-question set, EgoPlan-
Bench on its 3,343-question validation set, and
EgoThink as the macro-average over its twelve
single-image subtasks using gpt-40-2024-11-20
as the judge. No videos or annotations from
EgoSchema, EgoPlan-Bench, or EgoThink are
used during EgoTools-8B training.

As reported in Table 2, the single-stage model
improves EgoTools-Bench accuracy from 50.0%
to 60.9%. The gains cover Affordance & Causal-
ity (49.3 points), Perception & Grounding (+13.8),
and Procedural Dynamics (+11.0), while Spatial
Reasoning decreases by 11.0 points. Spatial rea-
soning therefore remains a limitation of the current
training recipe.

The training mixture also contains 5,000 next-
action multiple-choice examples that pair a video
with the current observation frame and 5,000 single-
image open-ended examples. These formats mirror
how EgoPlan-Bench and EgoThink pose their ques-
tions. On EgoThink, EgoTools-8B reaches 64.0%
macro accuracy compared with 61.0% for the back-
bone, whereas on EgoPlan-Bench it reaches 35.2%,
below the 42.3% backbone. Because these training
subsets mirror the corresponding answer formats,
we do not interpret these results as evidence of
general transfer. Our primary claim therefore con-
cerns the training utility of EgoTools-Data for tool-
centric reasoning rather than uniform improvement
across egocentric benchmarks.

G Dataset Statistics and Release

G.1 Dataset and Benchmark Statistics

The curated EgoTools-Data corpus contains 646
egocentric videos totaling 100.36 hours across
seven tool-use domains: kitchen, classroom, re-
search laboratory, repair workshop, craft, office,
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Table 7: Composition of the EgoTools-derived instruction-tuning corpus. Counts describe the 184,679-example single-stage

mixture. Shares are rounded to one decimal.

Supervised capability # Examples Share
Affordance & Causality (AC): tool-use purpose, intent, and causal rationale 14,175 7.7%
Perception & Grounding (PG): tool and state identification, attributes, and frame-level visual evidence 14,755 8.0%
Procedural Dynamics (PD): temporal order, workflow, and state change within a clip 22,943 12.4%
Spatial Reasoning (SR): spatial relations, placement, and hand—tool-object geometry 17,887 9.7%
Episode-level multiple choice: action ordering, activity summarization, and goal inference over a 69,554 37.7%
whole episode (64,554), plus next-action questions paired with the current observation frame (5,000)

General video QA: mixed episode-level questions not targeted at a single ability 31,281 16.9%
Dense captioning and narration completion 9,084 4.9%
Single-image open-ended QA 5,000 2.7%
Total 184,679 100.0%

Table 8: Domain-level composition of EgoTools-Data and
EgoTools-Bench.

EgoTools-Data EgoTools-Bench

Domain # Videos Hours # Captions # Narrations #QAs
Kitchen 276  47.89 116,532 2,113 837
Classroom 74 4.03 24,696 467 15
Research Lab 61 37.04 111,312 1,887 99
Repair Workshop 84 348 44,424 763 16
Craft 67 204 36,612 657 23
Office 30 354 10,188 213 6
Household 54 234 17,568 419 4
Total 646 100.36 361,332 6,519 1,000

and household. It contains 361,332 hierarchical
captions and 6,519 tool-centric narrations, to-
gether with synchronized audio where applicable
and selected grounding and spatial annotations.

EgoTools-Bench is constructed from a 40.34-
hour benchmark-reserved source pool and contains
1,000 8-way multiple-choice questions spanning
human-crafted questions and spatial questions gen-
erated from selected 3D annotations and subse-
quently human-verified. Its four reasoning tracks
comprise 363 Affordance & Causality questions,
236 Perception & Grounding questions, 222 Proce-
dural Dynamics questions, and 179 Spatial Reason-
ing questions.

The benchmark reflects the available tool-use
recordings rather than enforcing equal domain bal-
ance. As shown in Table 8, its domain distribution
is strongly long-tailed, with Kitchen and Research
Lab forming the largest subsets. These statistics are
provided to support interpretation under the under-
lying domain imbalance; EgoTools-Bench is not
intended to provide a domain-balanced estimate of
model performance.

G.2 Release and Privacy Considerations

The public release is organized around the
EgoTools-Data corpus and the EgoTools-Bench

evaluation package. Subject to participant con-
sent and privacy review, EgoTools-Data includes
rectified egocentric video clips, dense hierarchical
captions, corrected English tool-centric narrations,
temporal metadata, official source-video split files,
selected finalized grounding annotations, and se-
lected spatial or trajectory annotations and visual-
izations when cleared for release. Original narra-
tion audio is distributed only for recordings cov-
ered by the corresponding release authorization and
privacy review, while raw fisheye recordings are
excluded from the public release.

The EgoTools-Bench package contains the final-
ized QA data, answer keys, reasoning-track and
domain labels, clip metadata, and the official evalu-
ation split. To support reproducibility, the release
additionally documents prompt templates, frame-
sampling settings, model-specific inference con-
figurations, invalid-answer handling rules, scoring
scripts, data-loading utilities, and representative ex-
ecution examples. Official split metadata preserve
the source-video partition used for instruction tun-
ing and benchmark construction so that future work
can maintain the same strict evaluation separation.

All release candidates undergo privacy review
for participant and bystander information as well
as sensitive visual or audio content. Materials out-
side the applicable consent or release scope are
removed or redacted, and personally identifying
metadata are excluded. EgoTools is released for
research use, with privacy-sensitive components
governed by the applicable release authorization,
anonymization requirements, and privacy-review
outcomes.
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H Ethics

Participation in egocentric video recording, narra-
tion, and annotation was voluntary. Participants
received no monetary compensation for contribut-
ing recordings, narrations, or annotations. Be-
fore participating, contributors were informed of
the project purpose, the types of data being col-
lected, the intended research uses, and the possibil-
ity that cleared materials could be publicly released
for research purposes. Participants provided con-
sent covering the applicable collection, annotation,
research-use, and release activities. No formal IRB
or institutional ethics approval was sought for the
EgoTools data collection; we therefore explicitly
report the absence of formal institutional review
and document the safeguards applied to consent,
privacy, anonymization, and release.

Depending on participant role and recording
setup, internally collected materials may include
egocentric video, synchronized audio, spoken nar-
rations, corrected English text narrations, bench-
mark QA annotations, clip metadata, timestamps,
focal-tool grounding, and selected trajectory or
object-state annotations. Public distribution is re-
stricted to materials covered by the applicable re-
lease authorization and privacy review. The pub-
lic package focuses on rectified video, dense cap-
tions, corrected English narrations, benchmark QA
pairs, metadata, and selected finalized grounding
or spatial annotations. Original narration audio is
released only when the corresponding authoriza-
tion and privacy checks permit it, and raw fish-
eye recordings are not publicly distributed. Re-
leased metadata exclude names, contact informa-
tion, institution-specific identifiers, public profiles,
and other direct identifiers; sensitive or personally
identifiable content is filtered, redacted, or withheld
where necessary.

EgoTools-Bench is intended for academic re-
search on tool-use reasoning, egocentric video un-
derstanding, grounded video-language modeling,
and related multimodal learning problems. It is
not intended to identify individuals, infer private at-
tributes, monitor workers, or evaluate individual hu-
man ability. Dataset documentation communicates
these intended uses and discourages surveillance,
personally sensitive behavioral profiling, and other
applications that conflict with the release scope.
Contributors may request exclusion or removal of
data associated with their participation in accor-
dance with the release policy.

I Additional Related Work

Broader egocentric video reasoning. Egocen-
tric video benchmarks have expanded from ac-
tion and object understanding toward memory,
planning, temporal localization, and assistance.
QAEgo4D and GroundVQA emphasize episodic-
memory QA and grounded temporal QA in long
egocentric videos (Barmann and Waibel, 2022;
Di and Xie, 2024). EgoTaskQA evaluates task-
oriented questions about dependencies, effects,
goals, and beliefs (Jia et al., 2022); EgoSchema
and EgoTempo focus on long-context and tem-
poral reasoning (Mangalam et al., 2023; Plizzari
et al., 2025); and EgoPlan-Bench evaluates plan-
ning from first-person videos (Chen et al., 2026).
Recent benchmarks further study first-person think-
ing, life-log assistance, real-time aid, expert-guided
assistance, situated awareness, multi-agent egocen-
tric QA, intent prediction, personalized grounding,
and AR/life-logging environments (Cheng et al.,
2024; Gao et al., 2026a; Kim et al., 2026; Li et al.,
2026a; Pan et al., 2026; Ragusa et al., 2026; Tang
et al., 2026; Xiao et al., 2026; Yang et al., 2025;
Zhou et al., 2025). These resources broaden evalu-
ation around memory, temporal context, planning,
and user assistance. EgoTools-Bench adds a com-
plementary focus on physical tool suitability, sub-
stitution, and adaptation to changing target-object
states.

Instructional, embodied, and robotic interac-
tion benchmarks. Instructional-video datasets pro-
vide useful comparisons because they often contain
tools, ingredients, techniques, and procedural alter-
natives. VidDetours retrieves detours from how-to
videos, and StepDiff compares differences between
instructional clips (Ashutosh et al., 2024; Nagara-
jan and Torresani, 2024); their primary scope is
procedural comparison or retrieval. Embodied in-
teraction benchmarks provide another related set-
ting. OpenEQA evaluates open-vocabulary em-
bodied question answering in real-world environ-
ments (Majumdar et al., 2024), RoboVQA provides
large-scale video-language supervision for robotic
demonstrations (Sermanet et al., 2024), and Robo-
Casa365 studies simulated kitchen manipulation
across many tasks and environments (Nasiriany
et al., 2026). EgoTools combines natural egocen-
tric human video, tool-centric narration, narration-
linked tool grounding, and explicit QA over tool
choice, substitution, temporal manipulation, and
state-dependent adaptation.
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Affordance grounding and physical tool under-
standing. Robotics and embodied Al have long
treated tool use as a problem of affordance, grasp-
ing, motion, and task execution. Task-oriented
grasping studies how tools should be grasped for
tasks such as sweeping and hammering (Fang
et al., 2018), while ToolFlowNet predicts dense
tool motion for manipulation tasks such as scoop-
ing and pouring (Seita et al., 2023). Broader
surveys and manipulation methods study robot
tool use, affordance-based manipulation, precise
affordance masks, and physically grounded poli-
cies (Zitkovich et al., 2023; Gao et al., 2024; Li
et al., 2025b; Qin et al., 2023; Yamanobe et al.,
2017). Recent multimodal benchmarks and meth-
ods further test whether MLLMs and VLMs can
recognize affordances, infer physical constraints,
and ground tool-related interactions (Huang et al.,
2024; Qian et al., 2024; Yu et al., 2025; Zhang et al.,
2025b; Yao et al., 2026). These works measure tool
functions, constraints, and multi-step interactions
primarily through static images, synthetic or 3D
scenes, short interactions, or constrained robotic
setups. EgoTools-Bench complements them with
natural first-person videos of real human tool selec-
tion, substitution, and adaptation over time.
Wearable assistants. Wearable and egocentric
assistant benchmarks require situated answers
from the user’s viewpoint. WearVQA stud-
ies visual question answering for wearable de-
vices (Chang et al., 2025), while visual-intention
grounding benchmarks infer user needs and in-
tentions from egocentric observations (Sun et al.,
2025); EgoTools-Bench complements them by test-
ing tool function, substitution, ordered manipula-
tion, and state-dependent adaptation.

J Data Acknowledgments

We thank Feiyu Li, Jialin Wu, Yichi Zhang, Wen-
hui Wang, Zhaoxi Chen, Jewoo Park, Jeongwon
Yoo, Yulgyeom Kim, Yuan Fei, Haiheng Liu, Gor-
don Chen, Jiarui Zheng, Hongmei Guo and Junhan
Zhu for supporting egocentric video data collection
and related data preparation. We also thank all par-
ticipants, annotators, reviewers, and infrastructure
contributors whose efforts supported the collection,
annotation, quality control, and release preparation
of EgoTools.

22190



