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Figure 1. GigaHands is a massive dataset of human bimanual activities with paired text annotations. Each column above shows an
activity sequence from the dataset. The dataset covers diverse 3D hand activities, including hand-object interactions (blue) across object

scales, gestures (

), and self-interactions (red). Each clip is paired with descriptive text and 51 camera views, enabling radiance field

reconstruction. The bottom row show other annotations in the dataset including hand shape, object shape and pose (left half images). The

right half images show novel views from dynamic radiance field fitting.

Abstract

Understanding bimanual human hand activities is a crit-
ical problem in Al and robotics. We cannot build large mod-
els of bimanual activities because existing datasets lack the
scale, coverage of diverse hand activities, and detailed an-
notations. We introduce GigaHands, a massive annotated
dataset capturing 34 hours of bimanual hand activities from
56 subjects and 417 objects, totaling 14k motion clips de-
rived from 183 million frames paired with 84k text annota-
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tions. Our markerless capture setup and data acquisition
protocol enable fully automatic 3D hand and object estima-
tion while minimizing the effort required for text annotation.
The scale and diversity of GigaHands enable broad appli-
cations, including text-driven action synthesis, hand motion
captioning, and dynamic radiance field reconstruction.

1. Introduction

“The human hand is a marvel of evolution, whose intricate
structures and capabilities have allowed us to manipulate
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the environment in ways no other species can.”
—F.R. Wilson [108]

From the skillful manipulation involved in cooking a meal,
to the rapid movement of fingers to type this sentence, hands
are always busy shaping our environments and communi-
cating with others. Enabling machines to understand and
replicate the remarkable capabilities of human hands is one
of the grand challenges of Al and robotics. One approach
to achieve this goal could be to train models on massive
datasets, the strategy followed by recent large models that
learn from trillions of text tokens [27], billions of text-image
pairs [89], tens of millions of 3D shapes [25], or millions of
robot trajectories [12, 13, 46, 73]. However, datasets of this
scale are currently unavailable for natural hand activities.

Sourcing large-scale 3D hand activities data is challeng-
ing. The two most common methods for data acquisition
involve using cameras to capture hand manipulations in the
wild or in controlled studio settings. In-the-wild data in-
cludes monocular internet videos [91], egocentric videos
captured using wearable cameras [22, 23, 32, 52, 57, 79], or
multi-view videos from third-person cameras [30, 62, 91].
However, this data is sparse, hard to calibrate, and noisy,
resulting in limited 3D motion reconstruction accuracy, es-
pecially for objects. Alternatively, studio settings bring
subjects into camera-rich environments and could employ
markers for accurate reconstruction. However, the staged
setup and lack of real-world context limits data diversity,
and marker-based tracking [8, 28, 29, 55, 58, 59, 101, 111,
116] inhibits natural interactions.

We address the data sourcing problem preventing the
scaling up of hand datasets by introducing GigaHands, a
diverse, massive, and fully-annotated 3D bimanual hand
activities dataset (see Figure 1). To our knowledge, Giga-
Hands is the largest bimanual hand activities dataset, with
over 183 million unique image frames with two hands each
(0.37x10? unique hand poses, hence GigaHands). We used
a multi-camera markerless capture system to acquire accu-
rate bimanual hand-object interaction activities, gestures,
and self-contacts. We overcome the studio capturing limi-
tation by designing procedural activity elicitation protocols
to include as many actions as in the real-world in-the-wild
setting. To ensure diversity that reflects the real world, we
captured data from 56 subjects interacting with 417 real-
world objects. All images in our dataset are fully annotated
with: detailed activity text descriptions; 3D hand shape and
pose; MANO [86] hand meshes; 3D object shape, pose and
appearance; hand/object segmentation masks; 2D/3D hand
keypoints; camera pose. We minimized manual annotation
effort using a procedural instruct-to-annotate strategy by
guiding subjects with detailed instructions to reduce anno-
tation effort post-capture. In total, we collected 34 hours of
text-annotated bimanual hand activities, 13k 3D motion se-

quences, and over 14Kk post-processed 3D motion clips with

84k detailed atomic-level text description annotations. Our

3D hand motion clips exceed the combined size of all exist-
ing 3D bimanual hand activities datasets [57, 58, 116], and
the range of verbs in our text annotations is larger than any

other hand dataset, even those captured in the wild [32, 33].

GigaHands can unlock new capabilities in applications
including motion generation, robotics, and dynamic 3D re-
construction [81]. To demonstrate, we show improvements
enabled by our dataset on text-driven action synthesis and
hand motion captioning, along with examples dynamic ra-
diance field reconstruction. To sum up our contributions:

* We present GigaHands, a massive, diverse and annotated
3D bimanual activities dataset. It includes 34 hours of
activities, 14k hand motions clips paired with 84k text
annotation, and over 183M unique hand images.

* A procedural data acquisition strategy that ensures ac-
tivity diversity and detailed atomic-level text descriptions
while minimizing manual effort. We also built an accurate
and fully-automated pipeline for estimating 3D hand/ob-
ject shape and pose, segmentation, and camera pose.

* We show applications enabled by our dataset’s scale, in-
cluding 3D hand motion generation, hand motion cap-
tioning, and dynamic semantic scene reconstruction.

2. Related Work
2.1. Hand Motion Data Sourcing

Hand motion data has four primary sources, and each
presents its own advantages and challenges concerning re-
alism, diversity, accuracy, and practicality.

Static poses involve motion planning [5, 7, 10, 93], policy
learning [19, 60], or motion synthesis [20, 117, 118] from
individual static positions. While these methods provide re-
liable 3D data, it lacks semantic richness, resulting in mo-
tions disconnected from real-world activities and not fully
representing diverse human movement.

Synthetic data from game engines [126], augmented real-
ity [66], virtual reality [38], or simulations [39, 63, 105] al-
low for controlled and accurate 3D motion sequences. De-
spite their reliability, these synthetic motions often fail to
capture the intricacies of genuine human movements, limit-
ing their applicability in modeling natural hand behaviors.
Real-world in-the-wild settings involves using wearable
or portable sensors to capture hand interactions from ego-
centric [22, 23, 32, 52, 57, 79], third-person [30, 62, 91] or
both types of views [33, 95], yielding realistic and natural
motions. However, obtaining reliable 3D motion data for
both hands and objects is challenging due to occlusions re-
sulting from limited sensor deployment and accuracy. Addi-
tionally, annotating such data is labor-intensive, and certain
self-contact motions are difficult to record accurately.
Studio environments place participants in controlled set-
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tings equipped with extensive sensors, enabling reliable
capture of detailed information such as 3D hand motions
[45, 54, 55, 72, 120, 122], object movements [8, 18, 29,
36, 37,48, 58, 59, 111, 116], contact regions [28, 80, 101],
audio [44, 49, 71, 113], and tactile data [14, 31, 78, 100].
However, collecting data in studios is arduous and may not
reflect the diversity of real-life scenarios. Participants might
find it challenging to perform natural motions in an unfamil-
iar environment, especially when encumbered with wear-
able sensors. For example, motion capture (MoCap) sys-
tems [8, 28, 29, 55, 58, 59, 101, 111, 116] require markers
attached to the body, reducing visual realism and inhibit-
ing movements like self-contact between hands, necessitat-
ing additional post-processing to restore a realistic appear-
ance. On the other hand, markerless motion capture systems
[18,36,37,45,48,54,72, 80, 120, 122] offer more realistic
visuals and encourage natural motions, but they may trade
off capture accuracy. GigaHands balances accuracy, diver-
sity, realism, and practicality by replicating in-the-wild set-
tings during activity elicitation and estimating accurate 3D
motion from marker-less motion capture.

2.2. Hand Datasets and Annotations

Hand datasets vary in sources and scales, each constructed
for specific purposes and enriched with various annotations.
Hand motion is the most common type of annotation,
represented as bounding boxes [30, 79, 91], segmentation
masks [24, 52, 70], 2D keypoints [6, 43, 61, 90], 3D key-
points [82, 99, 102, 106], or parameters of parametric mod-
els [55, 77, 97]. Depending on the data source and de-
sired detail, annotations are obtained through manual label-
ing [106], synthesis [66, 67, 92, 126], markers and sensors
[29, 45, 54, 104, 115, 120, 122], cross-view bootstrapping
[65, 96], iteratively trained keypoint extraction networks
[72, 127], multi-view annotation [72], or audio refinement
[44]. Semi-automatic and automatic labeling techniques
significantly improve scalability.

Object annotations are provided given the frequent inter-
action between hands and objects. These can be acquired
from manual labeling [18, 57, 98], synthesis [21, 39], Mo-
Cap [8, 28, 58, 59, 111, 112, 116, 124], hand-object recon-
struction or retrieval [15, 64, 109], or multi-view RGB-D
data [36, 37, 48]. We demonstrate that multi-view RGB us
sufficient for automatic annotation, enhancing scalability.
Text annotations. To capture the rich semantic mean-
ings in human hand actions, certain datasets provide text
annotations. These annotations may include action types
[26, 30, 32, 47, 79], atomic action descriptions [22, 23, 33,
52, 90], activity narration [22, 23, 33, 62], activity commen-
tary [17, 32, 33, 116], object affordance [42, 58, 111, 116],
or body dynamics [114, 122, 123]. Typically, annotations
are manually provided, especially when data are collected
in uncontrolled, unscripted environments [22, 23, 32, 33].

Table 1. Comparisons of 3D bimanual motion datasets. Dataset
names are highlighted with different colors if it has no text an-
notations (gray), , sparse description (red), and

. See the supp. document for the full table.

Name ‘ mins motions poses views frames sub. obj.
w/o Object Annotation

[72]| 630 62 203k 12 3.03M 34 /
Ego-Exo4D [33] / / 44M 5-6 / 740 /
w/ Object Annotation
[57] 1,333 4k 12M 1 24M 4 800
ARCTIC [28] 121 339 218 9 2.IM 10 11
[58] 202 2.3k 363k 13 47M 14 196
OakInk2 [116] 557 2.8k 993k 4 4.0IM 9 75
HOT3D [8] 833 4.1k 1.7M 2-3 37M 19 33
2,034 139k 3.7M 51 183M 56 417

Even in studio settings, post-processing is often required
to extract meaningful action clips [52, 116]. We introduce
a procedural instruct-and-annotate pipeline that maximizes
semantic interpretability and minimizes the annotation ef-
fort.

Contact are derived from manual annotation [91], video
grounding [69], thermal sensors [9, 11] or geometry anal-
ysis [80, 101, 125] based on captured data. Our dataset en-
ables us to derive contact regions using geometry analysis
on both surface mesh and density fields.

3. The GigaHands Dataset

Dataset Characteristics. GigaHands is a large and di-
verse dataset of bimanual hand activities with detailed anno-
tations. It encompasses a wide range of scenarios, including
hand-object interactions, gesturing, and self-contacts per-
formed by 56 subjects who collectively used 417 objects
(see Table 1). The dataset contains 2,034 minutes of bi-
manual hand activities, surpassing the length of any exist-
ing 3D hand motion dataset. Compared to other datasets
that are unannotated [8, 28], contain motion type anno-
tations [57, 58, 72], or provide sparse motion descrip-
tions [33, 116], GigaHands offers detailed text annotations
for all captured activities. With a total of 13k instructed
motion sequences, 14k annotated motion clips, and 84k
augmented text descriptions, it is larger than any other
dataset. Furthermore, GigaHands includes 3.7 million bi-
manual 3D hand poses, represented by both 3D keypoints
and MANO [86] hand meshes, comparable to the scale of
Ego-Exo04D [33] — the current largest annotated 3D hand
pose dataset. However, unlike Ego-Exo4D, which is an-
notated from selected, non-continuous frames, GigaHands
provides continuous bimanual 3D hand poses and shapes.
Each motion clip was captured using 51 camera views, re-
sulting in 183M RGB frames (and 366M unique hand im-
ages). This multi-view setup enables new applications such
as dynamic 3D radiance field reconstruction. Additionally,
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Figure 2. Dataset Diversity. The left and middle figures illustrate the diversity of pose and motion variations in GigaHands, visualized
using t-SNE embeddings. Some points along the convex hull are highlighted with their corresponding text instructions, showcasing unique
motions captured in our dataset. The right figure compares the verb sets among different datasets using an UpSet visualization [50]. Each
column represents the number of verbs exclusive to specific subsets of datasets, indicated by the connected dots below the columns. The
rows indicate the total verb count in each dataset. GigaHands contains more verbs and more exclusive verbs compared to other datasets.

the dataset contains annotations for hand/object segmenta-
tion masks, 3D object shape, pose and appearance, 2D/3D
keypoints, and camera poses.

Diverse Hand Pose and Motion. Figure 2 (left) com-
pares hand pose diversity across datasets using t-SNE [107]
clustering of 3D keypoints of both hands. Similarly, Fig-
ure 2 (middle) shows hand motion diversity through t-SNE
clustering of the latent codes of a Variational Autoencoder
trained for motion reconstruction. GigaHands exhibits sig-
nificantly greater diversity than existing datasets in both
bimanual hand pose and motion. Additionally, datapoints
near the boundary of our dataset seem to correspond to text
annotations that are unique in our datasets, demonstrating
that diverse verbs contribute to diverse poses and motions.

Diverse Text Annotation. GigaHands contains activities
that are more diverse than existing datasets [32, 33, 116] as
measured using verb counts in Figure 2 (right). Since each
verb corresponds to an activity, a diverse set of verb indi-
cates activity diversity. GigaHands contains the most verbs
(1467) with 580 of them being unique to our dataset. The
key to achieving this diversity is our instruct-to-annotate
strategy (see Section 4.3) for automated labeled activity
sourcing. Please refer to the supp. document for the source
of verbs and detailed verb comparison.

Diverse Objects. Figure 3 shows some of the tabletop
objects included in GigaHands. We provide 3D meshes
[2] with associated textures for rigid objects and multi-
view segmentation masks for non-rigid objects. Different
from most datasets, we also include small-scale objects (e.g.
pens) that are difficult to capture. We employ single-view
reconstruction [3] to obtain meshes for these small objects.
In total, the dataset includes 417 objects, with 310 multi-
view scanned meshes and 31 single-view generated meshes.
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Figure 3. Diverse Objects and Frequent Hand Contact Re-
gions. GigaHands provide objects (left) spanning diverse sce-
narios, including cooking, office working, crafting, entertainment,
and housework. The diverse activities result in contact regions
(right) spanning both the front and back of both hands.

Diverse Contacts. Since we have 3D meshes both hands
and objects, we can use them to estimate contact maps
on both hands, following the approach in [101]. Figure 3
shows the accumulated contact regions from randomly sam-
pled frames across the dataset. The results reveal diverse
contact areas, including regions between fingers and on the
back of the hands (e.g. punching uses the backs of hands).
The right hand interacts with objects more frequently than
the left, since a majority of our subjects were right-handed.

4. Dataset Acquisition

We present our data acquisition pipeline, which balances

realism, diversity, and accuracy while reducing annotation

effort. Our procedural pipeline, called Instruct-to-Annotate

(see Figure 4), consists of several key components:

¢ Procedural instruction elicitation (Section 4.1) for gen-
erating instructions to guide participants during data cap-
ture.

* Filming (Section 4.2) using a markerless multi-camera
system to record high-quality hand activity sequences.
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scripts in a temporally smooth order, structured within scenes. This is achieved by parsing action datasets, grouping verbs into a pool,
structuring scenarios, and generating scene scripts. During filming, subjects act according to these scripts, producing recorded motion
sequences. Annotators then process these sequences (right blue block) by segmenting them into clips and annotating unscripted motions.

* Motion annotation and text augmentation (Sec-
tion 4.3) to refine sequences by breaking them into shorter
clips with accurate annotations.

¢ Hand motion (Section 4.4) and object motion estima-
tion (Section 4.5) for detailed 3D hand and object mo-
tions from the captured multi-view RGB videos.

4.1. Instruction Elicitation

To ensure diverse hand activities and reduce annotation ef-
fort, the Instruct-to-Annotate pipeline starts with a proce-
dural instruction elicitation protocol. We began by sourcing
atomic actions from multiple datasets [32, 33, 58, 116], ex-
tracting a pool of verbs corresponding to those actions. To
elicit subjects to perform these verbs (actions), we manu-
ally associated each verb with multiple objects and, with
the assistance of an LLM [4], grouped the verbs and ob-
jects into different scenarios such as cooking and eating,
office work, crafting, entertainment, and housework. We
then structured these scenarios into scenes where the objects
could co-occur. Using LLM, we organized the scenes into
lists of activities that utilized the objects and verbs in a tem-
porally smooth order and automatically generated detailed
instruction scripts. These scripts comprise 5 scenarios, 25
scenes, 191 activities, and 1370 instructions containing a to-
tal of 533 verbs. Please see the supp. document for details.

4.2. Filming

Hardware. To capture our dataset, we use a custom-
designed multi-camera tabletop capture system that con-
sists of 51 RGB cameras uniformly arranged within a cu-
bic capture volume, with each face of the cube containing
a 3x3 grid of cameras evenly illuminated by LED lights.
Inside the cube, a transparent glass surface serves as a sup-
portive platform for objects. Each camera records at 30fps
with a resolution of 1280x720. Cameras are software-
synchronized, with the temporal phase misalignment being
less than 3 ms. Camera intrinsics and extrinsics are obtained
using COLMAP [87, 88] aided by fiducial markers.

Filming Process. During filming, subjects perform ac-
tions according to the provided instructions, keeping both
hands within the filming area. Instructions are converted
to audio and played sequentially to guide the participants,
while an operator controls the capture by playing each au-
dio instruction and recording each motion sequence. If the
ending state of a performance does not align with the next
instruction, a corrective instruction will be given and re-
recorded to ensure smooth transitions and reduce annota-
tion efforts. This approach ensures all recorded sequences
correspond to a pre-scripted or recorded instruction.

4.3. Action Annotation & Augmentation

Though each filmed motion sequence was paired with an
instruction, manual annotation was still necessary for two
reasons. First, the instructions generated by the LLM oc-
casionally contained inconsistencies or hallucinations. Sec-
ond, participants might misunderstand the instructions or
add unintentional actions during filming. To encourage sub-
jects to act freely and naturally, we intentionally retained
these recordings. Annotators then split these sequences into
individual clips and annotated any actions not included in
the original instructions. This process resulted in a more
accurate dataset with matched (description, clip) pairs. In
total, we refined the 13k motion sequences into 14k motion
clips.

To further enhance the text descriptions, we used the
LLM to rephrase each description 5 times, providing mul-
tiple textual variations for each motion clip. This expanded
our 14k motion clips into 84k motion-text pairs containing
1,467 unique verbs. The augmentation prompts and exam-
ples are provided in the supp. document.

4.4. Hand Motion Estimation

GigaHands provides detailed hand motion data, including
2D and 3D hand keypoints and MANO [86] meshes for
both hands. Since existing hand shape and pose estima-
tion did not work well enough, we built our own hybrid
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method. We begin by obtaining bounding boxes for the
hands across videos using YOLOVS [85]. Then, 2D key-
points are extracted from the MANO meshes estimated with
HaMeR [77] and handedness (left or right) is determined
with ViTPose [110]. HaMeR meshes cannot directly be
used since they lacks accurate depth. With camera param-
eters, 2D keypoints are triangulated across views [97] to
obtain accurate 3D positions. To ensure temporal smooth-
ness in the sequences, the one-euro filter [16] is applied
to the both 2D and 3D keypoints. With the bounding box
and 2D & 3D keypoints, we fit the MANO parametric hand
model [86] following the EasyMoCap pipeline [1]. This re-
sults in a fully automated pipeline for extracting coherent
and accurate hand motions. Details and the evaluation of
each step are provided in the supp. document.

4.5. Object Motion Estimation

GigaHands also provides 3D object motions represented as
3D shape and 6D pose. Given target meshes obtained from
pre-scanning or single-view reconstruction, we track these
objects with multi-view constraints. First, we segment the
target objects from the background in each view. We de-
tect salient objects across the video using DINOv2 [74]
on frames subsampled at 1 fps. Using both object text
descriptions and rendered template meshes from multiple
views, we select the top-k bounding boxes most aligned
with the template mesh throughout the video with Ground-
ing DINO [56]. To eliminate false positives, we use Open-
CLIP [41] to filter out boxes aligned with negative prompts.
With the positive bounding boxes as the prompt, we use
SAM?2 [84] to segment object masks throughout the video.

Since no existing method for object pose estimation
worked well [75], we decided to build our own robust
method that exploits our dense multi-view setting. We use
a differentiable rendering approach [83] supervised by the
multi-view masks. To initialize the translation and rota-
tion, we first build a radiance field using Instant-NGP [68].
We initialize the object’s translation using the center of the
density field. To address potential object symmetries, we
use object appearance to initialize the rotation. Following
FoundPose [75], we render the template mesh with mul-
tiple initial rotations and use DINOv2 features to find the
best match, aggregating cross-view information. This pro-
cess yields precise object motion estimates even in com-
plex, cluttered scenes. More details and the evaluation of
each step are provided in the supp. document.

S. Applications & Experiments

We demonstrate the utility of GigaHands in several appli-
cations that require large-scale data, including text-driven
hand motion synthesis (Section 5.1), motion captioning for
our dataset (Section 5.2) and for in-the-wild datasets (Sec-
tion 5.2), and dynamic radiance field reconstruction (Sec-

Table 2. Quantitative results for text-driven motion synthesis with models
trained on different datasets. upper bound indicates performance calcu-
lated with the ground truth. We report the mean of 20 evaluations, and
— means the closer to the upper bound the better. The model trained on
GigaHands performs best on most metrics.

R Precision(%)1

Dataset @I @2 @3

MM Dist., FID| Div.— MM.t

upper bound  64.4 86.2 89.4 2.86 0.045 142 -
TACO [58] 189 37.7 529 7.39 11.0  11.1  6.83
upper bound 504 71.2 81.1 3.67 0.022  9.30 -
OakInk2 [116] 17.9 31.7 47.9 7.75 196 688 345
upper bound  77.4 88.8 91.3 2.96 0.002 119 -
GigaHands 31.2 44.7 531 6.68 470 105 9.11

tion 5.3). More results can be found in the supp. document.

5.1. Text-driven Hand Motion Synthesis

Generating diverse and complex motions is crucial for train-
ing virtual agents and robotic manipulation. We use Giga-
Hands to train models for text-driven hand motion synthe-
sis, overcoming the limitations of approaches that rely on
strict conditions [116] or generate only simple skills [17]
due to constrained data. We demonstrate that the scale of
GigaHands leads to better performance compared to other
datasets [58, 116] and smaller subsets of GigaHands.

Training and Evaluation Protocol. We split GigaHands
into train, test, and val sets with a ratio of 16:3:1. From
among our annotations, we chose 42 3D keypoints for both
hands as the representation for model training (see the supp.
document for an analysis of alternative representations). To
evaluate the naturalness, diversity, and alignment of gener-
ated motions with textual descriptions, we use metrics from
[34], including R-Precision, Multimodal Distance (MM
Dist), Fréchet Inception Distance (FID), Diversity (Div.),
and Multimodality (MM.). For computing FID and Div., we
train a motion autoencoder to define a compressed motion
space. For R-Precision, MM Dist, and MM., we employ
contrastive learning to create a joint motion-text embedding
space, following [34]. Feature extractors are trained inde-
pendently for each dataset and subset.

Results. We report text to hand motion synthesis perfor-
mance using the T2M-GPT [119] backbone in Table 2 (see
the supp. document for more results on GRU-based [35] and
diffusion [103] architectures). Since the evaluation embed-
ding spaces are trained on different test sets, we also eval-
uate the metrics on ground truth test data to indicate upper-
bound performance for each test set. Models trained on Gi-
gaHands outperform others on all metrics except MM Dist.,
with higher R-Precision due to better text-motion align-
ment. Compared to OakInk2 (which also includes textual
descriptions for hand motions), GigaHands achieves sig-
nificantly better FID, Diversity, and Multimodality scores,
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Figure 6. Effect of dataset size on motion reconstruction and text-
to-motion generation performance. The x-axis shows the percent-
age of training data used (10%, 20%, 50%, 80%, and 100%), and
the y-axis displays performance metrics: FID, MM Dist., Top-1,
and Top-3 accuracy. Larger datasets consistently improve perfor-
mance across all metrics, highlighting the benefits of increased
data scale.

likely due to its greater dataset diversity. Figure 5 shows
hand motions generated by T2M-GPT trained with Giga-
Hands using text inputs from the test sets of GigaHands,
OaklInk and TACO. Even without object geometry input,
our model generates reasonable hand shapes and poses for
object manipulation, benefiting from the diversity of objects
in our dataset. Our model can also generate reasonable mo-
tion using text from other datsasets, showing the compre-
hensiveness of GigaHands.

Effect of Data Scale. Figure 6 illustrates the impact of
dataset size on motion reconstruction and text-to-motion
generation. Based on the T2M-GPT architecture, we train
a motion VQ-VAE for reconstruction and a generative pre-
trained transformer model for text-to-motion generation us-
ing 10%, 20%, 50%, 80%, and 100% of the training set,
evaluating on the same test set. We evaluate FID, MM
Dist., and Top 1 & Top 3 accuracies. Most metrics contin-
ually improve with larger datasets, demonstrating the value

of larger-scale data.

5.2. Hand Motion Captioning

Captioning human hand motion helps interpret action in-
tent. We train a motion captioning model on GigaHands
and generate captions for its test set motions; we also show
examples of captioning in-the-wild datasets.

Training and Evaluation Protocol. We adopt
TM2T [35] as the model backbone. For text-motion
alignment evaluation, we utilize R-Precision and MM
Dist., employing the same embedding space described in
Section 5.1. To evaluate alignment with the ground-truth
text annotations, we use BLEU [76], ROUGE [53], and
BERTScore [121]. Since our dataset has diverse verbs, we
evaluate text diversity with distinct-n [51] and Pairwise
BLEU [94]. Since TACO lacks text annotations, we use
its triplet labels (<action, tool, object>) as
scripts, transforming motion captioning in TACO into a
classification task.

Table 3. Quantitative evaluation for motion captioning with models
trained on different datasets. GigaHands performs best on most metrics.

Datasets RP@1(%)1 RP@2(%)1 RP@3(%)T MM Dist].
upper bound 64.4 86.2 94.2 2.86
TACO [58] 43.5 59.6 68.5 5.84
upper bound 51.1 69.5 79.6 3.67
Oakink2 [116] 40.4 58.8 68.2 4.55
upper bound 75.3 89.1 93.9 2.87
GigaHands 57.0 66.1 69.8 5.37
Table 4. Pairewise-BLEU, BLEU@4, ROUGE, distinct-n, and

BERTScore for motion captioning with models trained on different
datasets. GigaHands performs best on most metrics.

Datasets P-B] B@41 Rt dist.-1(%)7 dist.-21(%) BScoret
TACO [58] 459 394 612 203 6.35 571
Oakink2 [116] 8.21 39.9 563  2.76 6.82 35.3
GigaHands  0.916 43.1 57.7 153 36.9 554
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Figure 7. Motion captioning results with different datasets. Each column shows a motion sequence, its ground truth text description, and
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highlighted in these colors are generated by models trained on the corresponding datasets. The model trained on GigaHands generates
diverse captions from a single motion (right three columns) and accurately captions motions from other datasets (left two columns).
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Figure 8. Synthesized test views using 2DGS for the motion ‘zip
up the pants,” displayed at two timesteps and from two viewpoints.
The synthesized views faithfully reconstruct the scene by leverag-
ing the ample camera views provided by GigaHands.

Hand Motion Captioning for GigaHands Figure 7
shows examples of generated 3D motion captions. The
model trained on GigaHands generates diverse and accu-
rate captions. Though objects are not present in the in-
put, the model still generates captions which include rea-
sonable object descriptions. Table 3 and Table 4 report
the quantitative performance of models trained on differ-
ent datasets [58, 116]. The model trained on GigaHands
achieves superior motion-text alignment, particularly in
Pairwise BLEU and distinct-n, which reflect caption diver-
sity. While our accuracy is marginally lower compared to
the simple triplet captioning in TACO, our approach pro-
duces richer and more varied captions.

3D Hand Motion Captioning for Unlabeled Datasets
GigaHands’s large variety motions and associated anno-
tations allows models trained on it to caption other 3D
hand motion datasets. Fig. 7 shows some examples using
the model trained on GigaHands to caption motions from
TACO and OakInk2 datasets after aligning their motion
range with GigaHands. This model trained with GigaHands
generates finer-granularity captions for these other datasets.

5.3. Dynamic Radiance Field Reconstruction

Unlike existing hand activity datasets, GigaHands provides
dense camera views. This enables new applications, such as

building dynamic radiance fields. From the 51 views pro-
vided, we remove 12 camera views due to lighting issues
and randomly select one view as the test view, resulting in
38 views used for training. We segment consistent object
and hand masks throughout the video as described in Sec-
tion 4.5. We then fit 2DGS [40] for frame-wise radiance
field reconstruction, initializing each frame with the previ-
ous frame for temporal consistency. Figure 8 shows an ex-
ample of synthesized test views for a motion clip. Notably,
the pants are a non-rigid object that cannot be easily tracked,
but GigaHands provides ample camera views for capturing
non-rigid objects (more results in supp. document).

6. Conclusion

We present GigaHands, a massive annotated dataset of bi-
manual hand activities. The dataset contains 14k motion
clips with 3D hand and object motions from 56 subjects in-
teracting with 417 real-world objects, all captured from 51
camera views. It provides 183 million unique image frames
and 84k textual descriptions, enabling a wide range of ap-
plications. We demonstrated how the scale and diversity
of the dataset benefit text-driven motion synthesis and mo-
tion captioning, both within the dataset and on other data.
Additionally, we have shown that GigaHands enables dy-
namic radiance field reconstruction, opening possibilities
for downstream tasks.

Limitations and Future Directions. Despite its scale and
diversity, GigaHands has limitations. The studio setting
confines data collection to a limited space, making it chal-
lenging to accurately capture motions that require larger en-
vironments. While we can track rigid objects and object
parts, fully automatic tracking of articulated and non-rigid
objects remains challenging. Moreover, although we have
showcased applications in motion synthesis and caption-
ing, further research could explore how the dataset’s scale
and diversity can enhance robotic manipulation and human-
computer interaction tasks.
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