HandX: Scaling Bimanual Motion and Interaction Generation

Supplementary Material

Figure A. Our motion capture configuration: (a) 36-camera Opti-
Track studio and (b) placement of 25 markers on each hand.

This supplementary material is organized as follows. Sec. A
describes our motion capture system and the construc-
tion of HandX from public data, including quality con-
trol procedures. Sec. B details our bimanual motion cap-
tioning pipeline. Sec. C provides additional details on bi-
manual motion representations. Sec. D explains how our
model supports versatile motion generation. Finally, Sec. E
presents additional details on metrics, evaluation results,
and the user study.

A. HandX Dataset
A.1. Motion Capture

This subsection details the full data capture pipeline, from
motion acquisition to marker-based skeleton reconstruction,
and highlights the key design choices that ensure high-
quality kinematic data.

Motion Capture Setup. We record all motion data using
an OptiTrack motion capture system [39] within a dedicated
studio. The capture volume is monitored by 36 high-speed
infrared cameras, placed to maximize coverage and mini-
mize marker occlusion during complex two-hand interac-
tions or rapid finger movements, as shown in Figure A.
Marker Placement. Actors have 25 miniature infrared re-
flective markers (3mm in diameter) glued directly onto the
skin of each hand. The placement of these markers (illus-
trated in Figure A(b)) is meticulously designed to capture
the nuanced articulation of the hand, covering the wrist, the
dorsal surface of the palm (metacarpals), three key points

on each finger corresponding to the metacarpophalangeal
(MCP), proximal interphalangeal (PIP), and distal interpha-
langeal (DIP) joints, and the fingertip (center of the nail).

Skeleton Reconstruction. The raw output from the Op-
tiTrack system provides 3D coordinates for the 25 surface
markers. To estimate the underlying skeleton joint positions
from these surface markers, we first compute the anatomi-
cal normal direction 77 for each marker, pointing from the
skin surface inward towards the bone. For joints along a
finger (e.g., PIP, DIP), this normal is derived from the plane
formed by the marker and its proximal and distal neighbors
(e.g., using MCP, PIP, and DIP markers). For MCP joints,
the normal is computed from the plane defined by neighbor-
ing MCP markers on the dorsal surface of the hand.

Next, we estimate the depth d from the skin to the joint
center along this normal. This depth value is scaled based
on the actor’s overall hand size, which is determined during
a calibration phase. The final 3D position of a skeleton joint
Jp is then calculated by offsetting its corresponding marker
position M), along the computed normal 77 by the estimated
depth d:

Jp =M, +1ii-d. (A)

Wrist Optimization. While the above process effectively
locates the finger joints, the calculations are still affected to
soft-tissue artifacts. The most significant non-rigid defor-
mation occurs at the wrist, where skin and soft tissue can
stretch and compress substantially, leading to inconsistent
distances between, e.g., an MCP marker and a wrist marker.

To compensate for this, we run an iterative optimization
process. We assume that the bone lengths, specifically, the
distances from each MCP joint to the wrist joint center, re-
main constant. First, we calculate a reference “bone length”
Ly¢y, for each MCP-to-wrist connection (¢ = 1, ..,5) from
a static, neutral calibration pose. Then, for every frame in
the recording, we iteratively optimize the 3D position of the
single wrist joint, Jyr4st, to find the position J ., that
minimizes the squared error between the current calculated
distances and these reference lengths:

5
Jorist = argminz (Iarep, = Jwristll — Lrefi)z .

wrist ;1

(B)
This optimization ensures that the wrist joint position is
anatomically consistent with the relatively rigid palm, ef-
fectively filtering out the artifacts caused by soft tissue de-
formation.



A.2. Data Consolidation and Unification

As discussed in Sec. 3, an important component of HandX
comes from aggregating public datasets, whose licenses are
summarized in Sec. F. To ensure consistency across these
heterogeneous sources, we unify both the motion represen-
tation and the global coordinate system. First, we map all
hand motion to a unified 21-joint skeletal topology, ensur-
ing a consistent joint definition and ordering across datasets.
We then canonicalize the global coordinates at the sequence
level while preserving a right-handed coordinate frame. Af-
ter this transformation, in the first frame, the positive x-
axis points from the left wrist to the right wrist, the posi-
tive y-axis points from the wrists toward the fingertips, and
the positive z-axis points upward. This two-stage unifica-
tion establishes a consistent skeletal and spatial reference
across all data sources, facilitating subsequent processing
and analysis.

A.3. Clip Extraction

During the post-processing stage of HandX, we divide long
motion sequences into clips of 60 frames (2 seconds at 30
FPS). This clip length follows the standard setting in prior
work on short-term hand motion modeling [67, 81]. It is
long enough to capture a complete atomic hand action (e.g.,
a full pinch-and-release, a grasp, or a sign) while remain-
ing efficient for training. However, the aggregated data may
contain defective frames that either do not provide meaning-
ful bimanual pose or motion information or exhibit abrupt
changes across consecutive frames. To ensure data quality,
we adopt two principles during clip extraction: (a) detect-
ing and removing defective frames, and (b) using a non-
overlapping extraction strategy.

Sequences without defective frames. If no defective
frames are detected, we segment the sequence into non-
overlapping clips using windows W(t) of length L:

W(t) = {t,....t + L —1},

te{0,L,2L,...}, ©

where L = 60 denotes the clip length. This construction
ensures that adjacent clips do not overlap.

Sequences with defective frames. If defective frames are
present, we first remove their indices and then perform seg-
mentation only on the remaining valid continuous intervals.
Let D C {0,...,T — 1} denote the set of defective frames.
We partition the valid index set {0,...,7 — 1} \ D into
maximal contiguous intervals:

SZ{[ak,bk]}kKil, [ak,bg) "D =@, bp—ar+1> L.

Within each interval [ay, bx], we place disjoint windows
W(t) with stride s = L = 60. This guarantees that ev-
ery extracted clip is fully valid and that no overlap exists
between adjacent clips.
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Figure B. Distribution of filtered clips. This figure shows the
intensity distribution of the filtered clips.

A 4. Clip Filtering

As shown in Table 1(b), analysis of the source datasets re-
veals a substantial data imbalance in most datasets, particu-
larly in terms of motion intensity and inter-hand interaction,
e.g., the hand is idle for most of the time. This imbalance
is problematic for training, as it may bias the model toward
low-activity states.

To remove static or uninformative segments from the
split clips, we apply an intensity-aware criterion that identi-
fies and discards static or low-activity segments, retaining
only clips with meaningful bimanual dynamics. Specifi-
cally, we compute an action intensity metric based on joint
angular velocity, which is independent of the global motion
of the hands. A clip is retained only if both hands exhibit
sufficiently strong motion simultaneously, ensuring that the
final dataset consists of highly dynamic bimanual interac-
tions. The resulting distribution of filtered clips is shown in
Figure B.

Action Intensity Metric. Let 5" and 9} denote the unit

limb directions before and after a joint at time ¢, respec-
tively. The inter-segment angle is computed as

0, = arccos (9§ - 9;"). (D)

The angular velocity w is then computed from the tem-
poral difference of the bending angle for each finger chain.

For each hand h € {left, right} with joint set [}, we
assign a hierarchical importance weight \; to each joint j €
Jn. To emphasize structural pose changes, proximal joints
are assigned larger weights than distal ones. The hand-level
clip intensity over a temporal window W is computed as the



weighted average of angular velocities:
(9)
() = e Lujea, e
ZtEW Zjejh Aj

The bimanual clip intensity is then defined as the average
intensity of both hands:

(E)

1
BW) = 3 (@) + @) ®
Filtering Rule. We retain only those clips that exhibit suf-
ficiently strong motion on both hands. Specifically, a clip
W is kept if

wleft(w> Z Thand ajrighto/v) Z Thand @<W) Z Tavgs

where Thang and T,y are fixed thresholds. In practice, we
set Thand = 25 and Tayg = 30.

A.5. Dataset Metrics

In Table 1(b), we use several metrics to evaluate the quality
of data interaction and action intensity. Specifically, we em-
ploy four key indicators. Contact Ratio measures the frac-
tion of frames where inter-hand contact occurs, representing
the density of interaction. Contact Duration denotes the
average length of continuous contact spans, reflecting the
stability of interactions. Contact Freq counts the number
of distinct contact events per minute, indicating the com-
plexity and richness of the interaction. Motion Intensity
quantifies the magnitude of fine-grained finger dynamics,
as defined in Sec. A 4.

B. Additional Details on Motion Captioning

As Sec. 4 introduces, the objective of kinematic feature ex-
traction is to transform raw hand motion sequences into
structured, semantically meaningful representations that
can be subsequently interpreted directly by an LLM. We
compute six types of kinematic descriptors for bimanual
hand motion. When the value of a kinematic descriptor
exhibits changes over a period of time, we extract it as an
“event.” These events collectively constitute the structured
features of the two-hand motion.

Kinematic Descriptors. We define six types of kinematic
descriptors to comprehensively characterize the motion:
Finger Flexing, Finger Spacing, Finger-finger Distance,
Palm-palm Relation, Finger-palm Distance, and Wrist Tra-
Jjectory. These descriptors aim to comprehensively capture
the motion by covering both local, single-hand features and
global, bimanual dynamics.

Finger Flexing. For a specific joint of a finger, let p € R3
denote the joint’s coordinates, with pP*® and p"*** repre-
senting the coordinates of the predecessor and successor
joints, respectively. Define vP™ = pP™ — p and v"**' =

Pt — p. We compute the “signed angle” 6 of joint p’s
flexion using the dot and cross products of vP™ and v"xt,
If 6 > 0, the joint exhibits normal flexion; if § < 0, the joint
is in a hyperextended state.

Finger Spacing. The finger spacing of two adjacent fingers
is measured by the angle formed between their respective
finger directions, computed from the MCP to PIP joints.
Finger-finger Distance. The distance between any two fin-
gertips represents Finger-finger Distance. This includes
both intra-hand distances between different fingertips of the
same hand and inter-hand distances between left and right
hand fingertips.

Palm-palm Relation. For a single hand, we first randomly
sample 100 points within the convex hull formed by the
wrist joint and the five MCP joints, representing the palm’s
point cloud G" = {q! € R3}!%0 (h = L,R). From all
point pairs between G and G®, we select the 30 closest
pairs {(q%,q?)}3%,. Computing the differences of their
world coordinates yields 30 vectors {v;}3%,. We then av-
erage these vectors to obtain ¥ € R3, which serves as the
kinematic descriptors for the left-to-right palm relation.
Finger-palm Distance. For a fingertip joint p of one hand,
we identify the 5 closest points {q; }?_; in the other hand’s
palm cloud G. The average distance between p and these
points serves as the this descriptor.

Wrist Trajectory. We use the world coordinate of the wrist
joint at the current timestep.

Event Segmentation. In general, if the value of a kine-
matic descriptor exhibits a detectable change over a time
period, we extract it as an “event.” Additionally, if the fea-
ture’s value remains essentially constant throughout the en-
tire motion, we also consider this as a distinct type of event.

Table A. Quantitative state intervals for different hand motion fea-
tures used in event segmentation.

Feature Range State
[-180,—20) | Hyper extend
) L [—20, 30) Fully extend
Finger Flexing (%) [30,60) | Partially bent
60, 180 Fully bent
y
. A [0, 20) Closed
Finger Spacing (°) 20, 180) Open
. ) . [0,0.02) Contact
Finger-Finger Distance (m) [0.02, +o0) No Contact
[0,0.025) Contact
Finger-Palm Distance (m) | [0.025,0.035) Near
[0.035, +00) Far

As shown in Table A, we have defined value intervals for
certain descriptors, with each interval corresponding to a se-
mantic label. For Finger Flexing, Finger Spacing, Finger-
finger Distance, and Finger-palm Distance, events are char-
acterized as transitions from one state to another or main-
taining a constant state throughout the motion.



For Wrist Trajectory and Palm-palm Relation, we de-

compose their vectors along the X, Y, and Z axes of the
world coordinate system, where changes along these axes
correspond to spatial movements in left-right, forward-
backward, and up-down directions, respectively. Figure C
shows an example of extracted feature.
Prompt Design. Figure D illustrates our prompt design. By
feeding the large language model JSON-formatted features,
it can generate five distinct annotations at varying levels of
granularity as requested.

C. Hand Motion Representation

We here provide the detailed definition of the representation
component, rotational scalar. At frame ¢, let v* € R? denote
the vector formed from the MCP joint of the little finger to
the MCP joint of the index finger. For a given joint, let o be
the angle formed by the joint itself, its predecessor joint, and
its successor joint along the finger’s kinematic chain. We
project angle o onto the plane perpendicular to v%, and the
resulting projected angle magnitude serves as the “rotation
scalar” s for this joint. We concatenate the 3D coordinates
and rotation scalar for each joint at each frame

' = [p';s'] € R, ©)

where [- ; -] denotes the concatenation operation. Thus, x =
{z', 22, ... xf"} € RF*27x4 i5 our data representation.

D. Versatile Bimanual Motion Generation

D.1. Masked Partial Denoising for Skeleton Control

Our versatile generation module is implemented using a
masked partial-denoising strategy inspired by [47]. The
goal is to explicitly condition a subset, e.g., keyframes,
wrist trajectories, or single-hand constraints, while letting
the remaining degrees of freedom be generated.

During inference, the diffusion model first denoises the
current noisy sample x; to obtain a clean prediction x(, and
then re-applies the forward noising process to produce the
next timestep sample x;_1. Let wSrEd = G(x4,t,T) denote
the clean motion predicted by the model given timestep ¢
and text condition 7', and let :c%t denote the target motion
that provides conditions (e.g., keyframe poses or reference
trajectories). We index frames by ¢ € {0,...,L—1} and
joints by j € {0,...,2J — 1}, and write @((%, j) for the
state of joint 5 at frame ¢, where L denotes the generation
length, and J denotes the number of joints per hand.

Soft Interpolation. To enable smooth temporal control, we
apply constraints at the joint level and softly extend them
from selected keyframes to nearby frames. For each joint
j €{0,...,2J — 1}, we define a set of center frames C; C
{0,...,L — 1} where the target motion is most strongly
enforced. This formulation applies to any control setting in

which only a subset of frames is specified, e.g., motion in-
betweening, keyframe-based generation, and long-horizon
generation, detailed in Sec. D.2.

For each center frame ¢ € C;, we define a local temporal
window

T@)={te{0,...,L —1} ||t —i| < ktrans }, H)

where kipans controls the transition range. Within this win-
dow, the constraint weight decays linearly with temporal
distance:

|t — i

7752 = Phard — (phard - psoft)

I
ktrans ’ ( )
where phard = 0.85, psore = 0.10, and Ktrans = 5.

If multiple windows overlap, we use the strongest
weight:

G if3ieC; st t j
iccy ey w NSRS ST 0))

0, otherwise.

Vg =

Thus, 7;,; = 0 means joint j at frame ¢ is unconstrained.
We then update the clean signal by interpolating between
the model prediction and the target:

zo(t,j) = (1 —ve) @5 (t, 5) + ey 2 (t,5). (K

At the center frame ¢ = i € C;, the constraint is strongest,
with ; ; = Phard-

Finally, we re-noise the modified ¢ using the standard
forward diffusion step:

Ti1 =Va_1To++/1—ay_1€, (L)

where € ~ N(0,I) and &;_; follows the training noise
schedule.

D.2. Task-Specific Mask Construction

Based on the per-joint masking formulation in Sec. D.1,
we implement versatile generation tasks by configuring the
center frame set C; for different groups of joints. For clar-
ity, we define 7)1 as the set of all joints, and define specific
subsets (e.g., Jwrist) for spatial control.

Motion In-betweening. We constrain the start and end
of the sequence for all joints. We set the target frame set

Ttarget = {0; ceey Kinbet - 1} U {L - Kinbeta ey L— ]-}’
with Kinbet = 5. The joint masks are configured as:
Cj = Ttargetu v] € Jan- M)

Keyframe-Based Generation. Given sparse keyframes at
indices Tkey = {t1,...,t,}, we enforce these poses on the
full skeleton:

Cj =Tiey, Vj€ Jan- N)



"frame_count": 60
"left_hand_events":
"finger_flexing":

"pinky_mcp":

"start": @, "end": 21, "start_des": "Fully extended", "end_des":

"start": 42, "end": 60, "start_des": "Hyper extend", "end_des":
"pinky_pip":

"start": @ end": 60, "constant_des": "Fully bent"

"right_hand_events":

"two_hand_relationship":

“"palm_palm_relative_position":

"Hyper extend"
"Fully bent"

"left-right":
"start": 0, "end": 30, "start_des": "right hand is to the RIGHT of the left hand.", "end_des": "right hand is to the LEFT of the left hand."
"start": 50, "end": 60, "start_des": "right hand is to the LEFT of the left hand.", "end_des": "right hand is to the RIGHT of the left hand."

Figure C. Structured representation of extracted motion features. The JSON format captures temporal segmentation with frame indices and

semantic state descriptions for transition events and constant events.

Wrist Trajectories Generation. We constrain only the
wrist joints throughout the entire sequence, leaving fingers
free. Let Tgeq = {0,..., L — 1}. We set:

Tseq: lf] € jwristv
, otherwise.

G = O

This explicitly controls the wrist positions while setting
vt,; = 0 for all other joints.

Hand-Reaction Synthesis. One hand (e.g., left hand) is
fully constrained as the condition. Let Jj.¢ denote the joints
of the left hand. We set:

Tseq7 lf] € \7left;
g, lf] € t7right~

C; = P)

Long Horizon Generation. We generate motion auto-
regressively. We take the last Ky,o; + Kirans frames of the
preceding generated sequence as the ground truth to con-
strain the start of the current sequence. We configure the
center frames as:

Ci=1{0,....Knor =1}, ¥j€Tu.  (Q

where the temporal smoothing radius is set to kipans.

E. Evaluation Details
E.1. Contact Metrics

To comprehensively evaluate the accuracy of two-hand in-
teractions generation, we decompose the contact metrics

Table B. Ablation study on diffusion model for analyzing scaling
curves. R-Precision is evaluated with a batch size of 16.

Configuration FLOPs (G) R-Precision’ FID*

L d H FFN Top 1 Top 2 Top 3

2 256 4 1,024 3.83 0.117%F0072  (.210*F0088 (0, 295+0:091 5 34940073
4 256 4 1,024 422 0.160F0085  (0.264+0:098 (03550107 9 7(5+0.057
4 384 6 1,536 5.22 0.185F0087  (0.298+0:059 () 389+0.092 9 (5340033
8 384 6 1536 6.98 0.262+0-101 0 407+0-112 (. 501+0-115  1,959+0.066
8 512 8 2,048 9.74 0.318+0-117  0.463%0-124 (56640124 1,830*0:033
12 512 8 2,048 12.87 0.300%0-109 (. 437+0-119 (0 536+0-116 9 492+0.030
12 768 12 3,072 24.62 0.411+0127  .570+0127  ,672+0-117 1 695+0-039

into two categories: intra-hand and inter-hand contacts. For
intra-hand contacts, we assess whether the thumb fingertip
makes contact with each of the other four fingertips within
a single hand. A contact is registered when the distance be-
tween two fingertips falls below a predefined threshold at
any frame in the sequence.

For inter-hand contacts, we measure the minimum dis-
tance between the closest point pair across the two hands.
A contact is detected when this minimum distance is below
the threshold.

We extract contact labels for both intra-hand and inter-
hand categories from both ground truth and generated mo-
tion. We then compute true positives (TP), true negatives
(TN), and false positives (FP), and report standard metrics.
Intra-hand evaluation is presented in Table 2, the precision
of inter-hand evaluation is shown in Table D.

E.2. Evaluator Details

Our evaluator takes as input the global hand joint posi-
tions. Following [36, 42], we jointly train the text en-



[Task overview & Goal]:

You are an expert in motion analysis. Your goal is to generate a list of five distinct annotations for a given JSON-formatted two-hand 3D motion sequence, serving as text augmentation. Each annotation must be a
JSON object with keys “left’, ‘right’, and "two_hands_relation’, describing the physical motion of the hands. Focus strictly on joint states, finger movement, and inter-hand spatial relationships—without interpreting
gesture meaning or intent. The five annotations should vary in length and detail as specified in the [Output Specification] section.

[Input Format & Structure Description]:
You are given a JSON file representing a 3D two-hand motion sequence. The structure is composed of three top-level keys:
- frame_count
- left_hand_events
- right_hand_events
- two_hand_relationships
Each section includes multiple events, organized by type. An event is recorded as a list of dictionaries, each representing a meaningful temporal change. Each event dictionary includes:
- start: Start frame index of the event
- end: End frame index of the event
- start_des: Description of the state at the start
- end_des: Description of the state at the end
- constant_des: Describes a consistently maintained state throughout the interval without significant change
- v_des: Description of movement speed (e.g., Slow, Medium, Fast)
- direction: (only present in wrist trajectory) Direction of movement over time
Hand Event Types:
Under left_hand_events and right_hand_events, the following categories are defined:
1. finger_flexing
- Keyed by finger joints (e.g., index_mcp, thumb_ip)
- Describes flexion transitions: bending/straightening
2. finger_spacing
- Keyed by adjacent finger pairs (e.g., "index, middle")
- Captures dynamic spacing between adjacent fingers.
3. finger_tip_contact
- Keyed by fingertip pairs (e.g., "thumb_tip, index_tip")
- Describes the contact condition between the thumb and the fingertips of the other four fingers on the same hand.
4. wrist_trajectory
- Axes: left-right, front-back, down-up
- Describes the wrist's motion along vertical, horizontal, and depth axes.
Two-Hand Relationships:
The two_hand_relationships section captures inter-hand spatial dynamics:
1. finger_tip_contact
- Contact state between fingers across hands
2. finger_palm_distance
- Fingertip-to-opposite-palm distances across hands
3. palm_palm_distance
- Scalar distance between palms over time
4. palm_palm_relative_position
- Axial description of spatial positioning between palms
- Includes: “left-right’, ‘front-back’, ‘up-down"

[Output Specification]:
Your output must be a single JSON list containing exactly five JSON objects. Each object represents one annotation and must adhere to the following structure:
{

DIEEEEVE Vo ooy

DAAETETE Wo ooV,
"two_hands_relation": "..."
The five annotations must vary in detail and length to provide diverse descriptions of the same motion:
- Annotation 1 & 2: Use concise and succinct language. Focus only on the most significant movements or state changes.
- Annotation 3 & 4: Provide a moderately detailed description. Include primary movements and some secondary but notable details. The length should be balanced.
- Annotation 5: Generate a highly detailed and comprehensive description. Cover all significant events, including subtle changes, speed variations, and precise temporal markers. This should be the longest and
most fine-grained annotation.

[Motion Description Rules]:
1. Critical Event Reporting:
- If there are events such as contact or hyperextension, you must always include them in the annotation and never omit them. These are high-priority features.
- Contact overrides all other spatial relationships. If a fingertip makes contact with another part, describe the contact event only and do not describe other proximity or distance relations involving that fingertip.
Good: The left index fingertip made contact with the right palm center.
Bad: The left index fingertip moved closer to the right palm and made contact, while staying near the right middle finger.
2. Temporal Context:
- Always indicate the temporal position of an event within the sequence. Use phrases like "initially,
throughout."
3. Left/Right Hand Motion Guidelines:
- Highlight notable features: extreme state changes, high-speed motions, significant spacing shifts, or extreme flexion states.
Good: The left index finger quickly moves from fully extended to fully bent.
Good: The spacing between the right index and middle fingers changes from touching to far apart at a medium speed.
- Finger-Level Flexion Description: Always describe finger flexing at the level of the whole finger. Do not break it down into joint-level details. Combine joint data to describe each finger's overall bend state.
Exception: If a finger shows hyperextension at the base joint (MCP) but bending at the distal joints (PIP/DIP), you must describe the joints separately and clearly to capture this complex posture.
Good: The left index finger remains in a fully bent state.
Bad: The MCP joint of the left index finger remains in a fully bent state; the PIP joint of the left index finger remains in a fully bent state...
- Condense similar finger behaviors for clarity and conciseness.
Good: The right index and middle fingers move from partially bent to fully extended.
- Summarize repeated patterns of motion.
Good: The left index finger and the right palm repeatedly make contact and then move apart.
4. Two-Hand Relationship Guidelines:
- Emphasize meaningful interactions: contact, high-speed approach/separation, or significant changes in relative positioning.
Good: The right index fingertip quickly moved from a distant position to make contact with the left palm.
Good: Initially, the right hand was positioned above the left hand, but it gradually moved to a position below it.
- Avoid trivial spatial details (e.g., maintaining a large, unchanging distance) unless it is part of a significant transition.

at the beginning," "mid-sequence," "towards the end," or describe events that "recur" or are "maintained

[Style]:
- Maintain clarity and fluency; use direct, confident, and unambiguous language.
- Avoid speculation or inferring intent (e.g., “might,” “seems,” “possibly”).
- Summarize only the motion—do not include explanations, metadata, or any text outside of the specified JSON output format.
- Avoid repetition within a single annotation. Prioritize precision and tempo in the narrative.

Figure D. Our prompt design to facilitate LLMs to summarize kinematic features. This is for bimanual motion captioning.
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* Q1: Based on the video, does the text correctly describe the bending state of each finger (e.g., bent, straight, gradually straightening,

4.2 hyperextended)?

* Q2:Based on the video, does the text correctly describe intra-hand finger contact (e.g., index finger touching the thumb, repeated
touches, whether contact occurs)?

* Q3:Based on the video, does the text correctly describe the interaction between both hands (e.g., finger-to-finger or palm-to-finger
contact) and spatial relations (e.g., keeping distance, moving up/down or forward/backward, moving closer or farther apart)?

36 * Q4: Based on the video overall, does the text accurately and completely reflect the actions in the video?

Questions for Motion Quality

32 * Q1:Is the motion overall smooth, coherent, and natural?

Q1 Q2 Q3 Q4 Q1 Q2 Q3

(@ (b)

* Q2: Does the hand motion feel dynamic and expressive? Overall, does it look animated/lively rather than mechanical, dull, or lifeless?
* Q3: Does the hand motion show a clear purpose or intent (e.g., pinching, touching, adjusting fingers, performing an operation) rather
than random or meaningless movement?

(©)

Figure E. User study on data quality. Our HandX exhibits high-quality motion and annotations. For annotation quality evaluation, we
compare our method with a baseline that utilizes Gemini 3 Pro [51] to directly caption rendered motion videos.

Table C. Detailed configurations of the diffusion and autoregres-
sive models. Parameter counts exclude the frozen text encoder.
Results from Figure 4 are extracted from this table.

Model Layers Latentdim FFsize Trainable params
4 256 1,024 4.63M
Diffusion 8 512 1,024 26.33M
12 512 1,024 38.95M
16 768 3,072 260.97M
8 512 512 29.63M
Autoregressive 12 768 768 92.27TM
16 1,024 1,024 215.31M

Table D. Ablation study on inter-hand interaction. We report
the inter-hand contact precision (Cprec) on diffusion model across
different dataset scales and model depths.

Dataset Ratio Layers Inter-hand C’preJ

0.05 4 0.7310
0.05 8 0.7381
0.05 12 0.7111
0.2 8 0.7066
0.2 12 0.7971
1.0 4 0.7551
1.0 8 0.7838
1.0 12 0.8593

coder and the hand motion encoder. Unlike traditional
approaches that rely on classification-based training [21],
we adopt a sequence-level contrastive learning objective
based on the InfoNCE loss [40]. Given the text prompts
T = (Tp,Tr,Tr), we concatenate them with tokenizer-
defined separator tokens to form the input sentence. The
text encoder uses T5 [44] as its backbone.

E.3. User Study on Data Quality

To evaluate the quality of our data, we conduct a compre-
hensive user study focusing on two primary dimensions:
annotation quality and motion quality. Regarding anno-
tation quality, we compare our decoupled strategy against
a baseline where Gemini 3 Pro [51] is prompted to directly

caption rendered videos. For motion quality, HandX is eval-
uated against GigaHands [19] and HoloAssist [55].

We recruit 20 participants for the study. Sequences are
randomly permuted and distributed to participants. We en-
sure that each sequence receives ratings from at least three
independent participants to maintain consistency. Follow-
ing the question design shown in Figure Ec, participants
rated the samples on a scale of 1 to 5, where higher scores
indicate better quality. Figures Ea and Eb demonstrate that
our approach significantly surpasses direct motion caption-
ing in annotation quality and existing bimanual datasets in
motion quality.

E.4. User Study on Scaling Trend

To complement the quantitative scaling trends reported in
the main paper, we conduct a perceptual user study to eval-
uate the visual quality and semantic consistency of the gen-
erated motion across different data scales.

Experimental Setup. We randomly sample 10 distinct text
prompts from the test set to ensure an unbiased evaluation
of the model’s performance. For each prompt, we generate
videos using the diffusion models trained on three different
subsets of the training dataset: 5%, 20%, and 100%, consis-
tent with the quantitative ablation settings. All motions are
rendered as 3D meshes. Crucially, to ensure clear visibility
of the fine-grained finger interactions and spatial relations,
we unify and optimize the camera viewing angles for each
sequence.

Procedure. We recruit 10 participants to evaluate the gen-
eration quality; all of them are graduate or undergraduate
students without previous knowledge on hand motion gen-
eration. For each of the 10 prompts, participants are pre-
sented with the text description and three generated videos
displayed in a randomized order to prevent bias. Partici-
pants are allowed to replay the videos an unlimited number
of times to inspect motion details carefully. We instruct par-
ticipants to consider both motion naturalness and semantic
alignment when making their choice.

Results. The user study shows a clear preference for the
model trained on the full dataset. Specifically, the model



trained on 100% of the data receives 48% of the votes, com-
pared with 33% for the model trained on 5% of the data
and 19% for the model trained on 20% of the data. This
suggests that increasing the data scale leads to perceptually
better motion quality and semantic alignment.

F. License

Users must review and follow the original licenses for each
sub-dataset utilized in HandX. Please find the licenses of
corresponding assets in the code directories, and below is a
summary of the licenses for the assets we have used:

1. GigaHands [19] uses the Creative Commons Attribution-
NonCommercial 4.0 International License.

2. HOT3D [5] uses the HOT3D Dataset License Agree-
ment.

3. ARCTIC [14] uses the Data & Software Copyright Li-
cense for non-commercial scientific research purposes.

4. H20 [26] uses custom Terms of Use restricted to aca-
demic and non-commercial purposes.

5. HoloAssist [55] uses the CDLA v2 Permissive License.

G. Discussion

Limitations. Despite the comprehensive benchmark estab-
lished in this work, several limitations remain. First, al-
though HandX significantly scales up bimanual motion data
with fine-grained annotations, the dataset is still finite in
both volume and diversity. Consequently, it cannot exhaus-
tively cover the full spectrum of human dexterity or every
possible interaction scenario found in the real world. Sec-
ond, a portion of our training corpus is aggregated from ex-
isting public datasets. While we employ rigorous filtering
and interpolation techniques to standardize such data, inher-
ent quality issues in the raw sources, such as minor jitter or
kinematic implausibility, cannot be completely eliminated.

Potential Negative Societal Impact. Our work focuses on
generating realistic human hand motion, which has various
positive applications. However, like other high-fidelity gen-
erative models, there is a risk of misuse in creating deep-
fakes or misleading content. The ability to synthesize dex-
terous hand motion from text could be used to fabricate
videos of individuals performing actions they did not carry
out. To mitigate this, we release our code and data under li-
censes that restrict usage to research and non-commercial
purposes. Additionally, we address privacy concerns re-
garding the subjects involved in our data collection. We re-
ceive participants consent, and ensure the released dataset is
strictly limited to skeletal motion representations, excluding
any personally identifiable features to preserve anonymity.
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