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L: Poke the foodR: Pick up the fork L: Turn on the stove 

Q: To poke the food, what is the next atomic motion? 
A: The left hand moves to poke the food on the 
plate using a fork.

Q: Where will the left hand move at the end of the 
manipulation stage to turn on the stove? 
A: <END>

Q: Given <past motion>, where will the right
hand move at the start and end of approach stage
to pick up the fork? 
A: <START> <CONTACT>
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Fig. 1: EgoMAN overview. EgoMAN predicts egocentric 3D hand trajectories
through interaction-structured reasoning. Given visual observations, past hand motion,
and an intent query, the model infers key interaction stages (start, contact, end) and
generates intent-consistent 6DoF trajectories. To enable this formulation, we introduce
the EgoMAN dataset, a large-scale egocentric benchmark with stage-aware trajectory
annotations and 3M structured QA pairs for semantic, spatial, and motion reasoning.

Abstract. Our work addresses 3D hand trajectory prediction in ego-
centric interaction, where future hand motion is inferred from visual
observations, past motion, spatial context, and intent. Real-world actions
follow stage-aware interaction structures (e.g., approach, manipulate)
describing how the hand interacts with objects over time. However, prior
works typically treat trajectory prediction as continuous signal regression,
decoupling motion from semantic supervision and ignoring interaction
structure. Without stage-aware cues to infer intent, models struggle to
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separate purposeful motion from egocentric noise and generalize across
diverse interactions. We therefore present EgoMAN, a unified framework
for interaction-structured 3D hand trajectory prediction that models hand
motion as stage-aware interactions between the hand and surrounding
objects. EgoMAN introduces a novel Trajectory-Token Interface where
a small set of tokens encodes interaction stages, temporal progression,
and 6DoF pose, enabling interaction stage-aware reasoning to guide ef-
ficient long-horizon 3D trajectory generation while preserving physical
interpretability. To support this formulation, we construct the EgoMAN
dataset with 219K 6DoF trajectories, stage-aware annotations, and 3M
semantic, spatial, and motion QA pairs. Experiments show that EgoMAN
improves trajectory accuracy, smoothness, and generalization, enabling
interaction-structured reasoning for egocentric hand motion prediction
for applications in robotics and assistive systems.

Keywords: 3D Hand Trajectory Prediction · Egocentric Vision · Inter-
action Reasoning · Vision–Language–Action

1 Introduction

Predicting future 3D hand motion is essential for in-context interaction and
proactive assistance, where systems anticipate human actions and interactions
with objects using visual observations, past motion, spatial context, and task
intent. Humans perform this naturally by understanding action goals, inter-
preting object layouts, and coordinating movements over time. Achieving this
computationally requires modeling the interplay between task semantics, scene
geometry, and the temporal evolution of motion. Motivated by these requirements,
our work develops a framework that predicts long-horizon 3D hand trajectories
by integrating visual observations, motion history, and high-level intent cues.
This capability enables applications in robot manipulation, language-conditioned
motion synthesis, and intent-aware assistive systems.

In real-world egocentric videos, hand motion often contains substantial tran-
sitional and exploratory movements that are weakly tied to task goals, making it
difficult to distinguish purposeful interaction from incidental motion. Large-scale
egocentric video datasets [15,37] reflect this challenge: while they capture diverse
activities, they often contain noisy, weakly goal-directed trajectories without clear
interaction stage progression. As a result, most existing 3D motion prediction
methods [4,5,18,34] treat motion as a continuous homogeneous sequence focused
on short-term dynamics, conflating intent-driven actions with incidental motion
and limiting alignment between trajectories, intent, and spatial context and often
leading to poor generalization.

To capture the underlying organization of hand motion, we define an inter-
action structure that represents hand–object interactions as stage-aware phases
(e.g., approaching, manipulating). Modeling trajectories through this structure
anchors motion around meaningful interaction events, helping separate purposeful
actions from incidental motion.
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However, such a structure is rarely explicit in existing datasets: controlled
datasets [3, 23, 28] provide accurate scripted interactions but limited diversity,
while large-scale egocentric datasets [15,37] capture diverse activities yet often
lack explicit stage-level organization.

Existing modeling approaches also struggle to exploit interaction structure
efficiently, i.e. reasoning over stage-aware hand–object interaction phases that
link task intent to motion. Vision-Language-Action (VLA) systems [22,33, 54]
show strong high-level reasoning ability but remain limited in directly generating
smooth, high-frequency 3D trajectories from VLMs [2,11,12,14,30]. Several works
therefore couple reasoning models with motion experts [9, 25, 27, 29, 41, 42, 48, 52],
but often rely on implicit tokens or lengthy reasoning chains, resulting in ineffi-
cient reasoning-to-motion coupling with limited awareness of interaction structure.
Meanwhile, affordance-based methods [1, 10] incorporate interaction cues such
as contact prediction but depend on object detectors and predefined affordance
estimators, propagating perception errors and limiting flexibility for general rea-
soning. Overall, prior approaches either lack explicit interaction stage modeling,
rely on brittle perception pipelines, or couple reasoning and motion inefficiently,
limiting interaction-structured 3D hand trajectory prediction. This sparse yet
expressive representation leverages the inherent structure of hand-object inter-
actions, allowing a minimal set of tokens to guide the generation of extended
trajectories while maintaining both efficiency and physical interpretability.

We further introduce a progressive three-stage training strategy that learns (i)
intent-conditioning and stage-aware reasoning, (ii) fine-grained motion dynamics,
and (iii) their alignment through the Trajectory-Token Interface. This structured
design synchronizes high-level intent with physically grounded motion generation,
enabling long-horizon, stage-aware, and intent-consistent 3D trajectory prediction
across diverse real-world egocentric scenes.

To support structured reasoning supervision, we construct the EgoMAN
dataset, a large-scale egocentric benchmark containing 219K 6DoF trajectories
annotated with interaction stages and over 3M structured vision–language–motion
question–answer pairs. These annotations capture why actions occur (intent),
when interaction stages happen, and how motion unfolds in 3D space, providing
supervision for interaction-structured reasoning and trajectory prediction.

Our main contributions are:

– We formulate interaction-structured 3D hand trajectory prediction,
introducing stage-aware reasoning to separate intent-driven motion from
noisy egocentric dynamics.

– We introduce EgoMAN, a compact reasoning-to-motion framework with a
Trajectory-Token Interface and progressive training for efficient 6DoF trajec-
tory generation, achieving state-of-the-art accuracy and smoother motions.

– We construct the EgoMAN dataset, a large-scale egocentric dataset pro-
viding semantic, spatial, and motion reasoning supervision.
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2 Related Works

Hand Trajectory Prediction. Egocentric hand forecasting aims to infer future
hand motion from past observations under ego-motion and depth ambiguity. Large-
scale works often predict short-horizon 2D trajectories at low frame rates [4,
17, 32, 35, 36], while curated datasets enable 3D trajectory prediction [5, 18,
34]. Existing 3D approaches typically follow two directions. Affordance-driven
models [1, 10, 32] rely on object detectors and predefined affordances, which
introduce perception errors and additional computational cost. End-to-end motion
predictors generate trajectories directly from video and past motion, sometimes
incorporating egomotion [34–36] or 3D priors [34]. Given that 3D trajectory
labels are often uncertain and scarce [5], generative models have become standard:
VAEs [4], state-space models [5], diffusion [18,36], and hybrid variants [34,35].
However, most methods focus on short-horizon dynamics and encode intent
implicitly, limiting generalization in diverse egocentric scenarios. In contrast,
our approach predicts long-horizon 6DoF trajectories by conditioning motion on
intent, spatial context, and interaction stages.

Learning Interactions from Human Videos. Human videos provide rich
demonstrations of hand–object interactions, motivating research in interaction
reconstruction and forecasting [5, 7, 31, 32, 36]. Controlled datasets [3, 23, 28]
offer precise 3D annotations but limited task diversity, while robotic imitation
datasets [19, 21, 47] provide structured demonstrations yet remain narrow and
scripted. Large-scale egocentric datasets [15,37] capture diverse daily activities
with language annotations but often contain noisy trajectories and unclear
temporal boundaries of purposeful interaction stages. We address these limitations
by curating the EgoMAN dataset, a stage-aware dataset that consolidates real-
world egocentric datasets with structured interaction annotations, aligning with
recent efforts in robot learning from human videos [1, 6, 8, 19,21,50].

Vision-Language Models for Embodied AI. Modern vision-language mod-
els (VLMs) unify perception and language [2, 12, 24, 30, 38, 44, 46], enabling
strong multimodal understanding and reasoning [51]. Their extensions to Vision-
Language-Action (VLA) systems [22, 33, 54] support embodied tasks such as
manipulation and navigation, and recent works incorporate hand trajectory
prediction via pre-training or co-training [26,49]. However, generating smooth,
high-frequency trajectories directly from VLM reasoning remains challenging.
Existing approaches link VLMs to action modules via implicit feature rout-
ing [9, 42, 48] or reasoning-based interfaces [25, 27, 52], enabling VLM-guided
smoother action generation but often relying on opaque routing or long reasoning
chains that limit interpretability and efficiency. In contrast, we propose a com-
pact Trajectory-Token Interface that connects interaction-structured reasoning
to continuous 3D motion through four structured tokens, enabling efficient and
interpretable trajectory generation.
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3 EgoMAN Dataset

EgoMAN is a large-scale egocentric interaction dataset (300+ hrs, 1,500+ scenes,
220K+ 6DoF trajectories) built from Aria glasses [13] across EgoExo4D [15],
Nymeria [37], and HOT3D-Aria [3]. It provides high-quality wrist-centric trajec-
tories, structured interaction annotations, and rich QA supervision for semantic,
spatial, and motion reasoning. This section summarizes dataset statistics, anno-
tation pipeline, trajectory annotation, QA construction, and the dataset split.
Dataset Statistics. The data spans diverse interactions—scripted manipulation
in HOT3D-Aria, real-world activities (bike repair, cooking) in EgoExo4D, and
everyday tasks in Nymeria. Trajectories cover substantial variation: 27.8% exceed
2s, 34.0% move over 20cm on average, and 35.3% rotate more than 60◦. We train
on EgoExo4D and Nymeria and reserve HOT3D-Aria as test-only set.
Annotation Pipeline. We use GPT [40] to extract interaction annotations
for EgoExo4D and Nymeria. At each atomic action timestamp [15,37], we crop
a 5s clip and annotate two wrist-centric stages: Approach, where the hand
moves toward the target manipulation region, and Manipulation, where the hand
interacts with the object. Most trajectories follow this simple structure (approach
+ manipulation, or manipulation-only when starting in contact). The EgoMAN
dataset provides 6DoF wrist trajectories (3D position + 6D rotation [53]) at
10 FPS. All trajectories are transformed into the camera coordinate frame of
the final pre-interaction frame. To ensure annotation quality, we apply a four-
stage curation pipeline that removes irrelevant segments and enforces physically
plausible, clearly visible hand–object interactions involving a single unambiguous
object. Implementation details are provided in the supplementary material.
EgoMAN QA. We generate structured question–answer pairs using GPT, cover-
ing semantic (21.6%), spatial (42.6%), and motion (35.8%) reasoning. Semantic
reasoning questions capture high-level intent (e.g., next action, object, or pur-
pose). Spatial reasoning questions ground intent in metric 3D space by querying
the wrist state at key interaction stages, including approach onset, manipulation
onset (approach completion), and manipulation end. Motion reasoning conditions
these queries on a short preceding 6DoF trajectory, explicitly linking motion
history to future semantic and spatial outcomes. Detailed construction procedures
and examples are provided in the supplementary material.
Dataset Split. To support our progressive training pipeline, we split the Ego-
MAN dataset into 1,014 scenes for pretraining (64%), 498 for finetuning (31%),
and 78 for testing (5%). The pretraining set contains lower-quality trajectory
annotations—where the target object may be occluded, image quality is low, or
interaction intent is ambiguous, and interacitons are generally sparse. In total, the
pretrain set comprises 74K samples, 1M QA pairs. The finetune set, by contrast,
provides 17K high-quality trajectory samples.
For evaluation, we introduce EgoMAN-Bench as our test set, which consists
of two settings: (1) EgoMAN-Unseen includes 2,844 trajectory samples from
78 held-out EgoExo4D and Nymeria scenes with high-quality trajectories, used
to evaluate generalization to new in-domain but previously unseen scenes. (2)
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(c) Trajectory-Token Interface

Fig. 2: Overview of EgoMAN. EgoMAN is a modular reasoning-to-motion framework
that predicts future 6DoF hand trajectories from an egocentric RGB frame, past wrist
motion, and a language intent. The Interaction-Structured Reasoning Module
(a) extracts semantic and spatial cues to produce stage-aware trajectory tokens. The
Motion Expert (b) generates future trajectories conditioned on these tokens, past
motion, and visual input. The trajectory tokens form the Trajectory-Token Interface
(c), explicitly bridging reasoning and motion generation.

HOT3D-OOD includes 990 trajectory samples from HOT3D (dataset only used
in testing), designed to evaluate out-of-distribution (OOD) performance on novel
subjects, objects, and environments.

4 EgoMAN Framework

The EgoMAN framework consists of three components (Fig. 2): (a) an Interaction-
Structured Reasoning module that reasons over semantics, spatial context,
and motion to produce stage-aware trajectory waypoints; (b) a Motion Expert
that generates 6DoF hand trajectories; and (c) a Trajectory-Token Interface
that bridges reasoning and motion. We first formalize the task in Sec. 4.1, then
describe the Interaction-Structured Reasoning (Sec. 4.2), the Motion Expert
(Sec. 4.3), and their integration via the Trajectory-Token Interface (Sec. 4.4).

4.1 Problem Formulation

Given a single RGB frame Vt, past wrist trajectories {Lτ ,Rτ}tτ=t−H , and an
intent description I as input, the task is to predict future 6DoF trajectories
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{L̃τ , R̃τ}t+T
τ=t+1 across manipulation stage, e.g ., reaching, manipulating, or releas-

ing. Each position vector Lτ ∈ R6 and rotation vector Rτ ∈ R12 represent the
3D positions and 6D rotations of both wrists. EgoMAN acts as the function F
that maps the inputs to future trajectories:

F :
(
Vt, {Lτ ,Rτ}tτ=t−H , I

)
7→ {L̃τ , R̃τ}t+T

τ=t+1 (1)

4.2 Interaction-Structured Reasoning

To predict accurate hand trajectories aligned with human intent and scene
context, we need to understand both spatial relationships in the environment
and the intended action. Therefore, the first module of EgoMAN is a reasoning
model that aligns spatial perception and motion reasoning with task intent and
interaction stages of hand–object manipulation. Built on Qwen2.5-VL [2], it takes
as input an egocentric frame Vt, a language query with intent description I, and
past wrist trajectories {Lτ ,Rτ}tτ=t−H . The past-motion sequence is encoded into
the same latent space as the VLM’s visual and language features, and then fused
with them. Depending on the query, the module outputs either (i) a natural-
language answer or (ii) a set of structured trajectory tokens that represent key
interaction semantics and waypoints.

We introduce four trajectory tokens, one action semantic token and three
trajectory tokens, to explicitly capture intent semantics and key spatiotemporal
transitions across interaction stages. The action semantic token<ACT> decodes an
action semantic embedding corresponding to the interaction phrase (e.g., “left
hand grabs the green cup”). The three trajectory tokens,<START>, <CONTACT>, and
<END> denote the approach onset, manipulation onset (i.e., approach completion),
and manipulation completion, respectively. Each trajectory token is equipped
with a lightweight head that predicts a timestamp, 3D wrist positions, and 6D
wrist rotations.
Reasoning Pre-training. To support this dual functionality to predict text and
trajectory tokens, we first pretrain the module on 1M question–answer pairs from
the EgoMAN pretraining split (Sec. 3). Semantic questions requiring natural
language answers are supervised with the standard next-token prediction loss
(Ltext). In contrast, queries requiring numeric outputs (e.g ., timestamps, 6DoF
location), such as spatial reasoning queries, append a special token <HOI_Query>
to the question end, instructing the model to decode trajectory tokens. For these
queries, in addition to the language modeling loss that supervises the special
token as text (Ltext), we supervise the <ACT> token with an action-semantic loss
(Lact) and the trajectory tokens with a dedicated waypoint loss (Lwp).

Specifically, we calculate the action-semantic loss by projecting the hidden
state of <ACT> to a semantic embedding and contrast against a CLIP-encoded [43]
GT embedding. To stabilize training under varying batch sizes caused by the
flexible mix of query types, with questions requiring an <ACT> answer varying in
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proportion across batches, we adaptively use cosine similarity or InfoNCE [39]:

Lact =


1− 1

K

∑K
i=1 sim(zi, z

+
i ), K < κ,

− 1
K

∑K
i=1 log

exp(sim(zi,z
+
i )/τ)∑K

j=1 exp(sim(zi,z
+
j )/τ)

, K ≥ κ.
(2)

where zi and z+i denote normalized predicted and GT embeddings, sim(·) is
cosine similarity, and τ is a learnable temperature parameter. When the number
of valid training samples K falls below a threshold κ, we apply a cosine similarity
loss to avoid unstable contrastive updates; otherwise, we use an InfoNCE-style
contrastive loss.

For waypoint learning, each trajectory token is supervised with Huber losses
weighted by Gaussian time windows:

Lwp = λtLtime + λ3DL3D + λ2DL2D + λrLrot6D + λgeoLgeo. (3)

We use the continuous 6D rotation parameterization [53] with a geodesic rotation
loss (Lgeo), and compute the 2D loss (L2D) by projecting predicted 3D positions
into the input image frame. Only visible waypoints are supervised to avoid
ambiguity.

The complete reasoning pre-training loss is:

Ltotal = Ltext + λwpLwp + λactLact, (4)

where the λ terms weight each loss component.

4.3 Motion Expert

Given the trajectory tokens from the reasoning module, the Motion Expert
predicts high-frequency 6DoF wrist trajectories by modeling fine-grained hand
dynamics. The Motion Expert is an encoder–decoder transformer using Flow
Matching (FM) [29] conditioned on past wrist motion, intent semantics, low-level
visual features, and stage-aware waypoints. FM learns a conditional velocity field
that yields smooth, probabilistic trajectories, with the three trajectory tokens
providing structural guidance.

As shown in Fig. 2 (b), the encoder organizes all inputs into a unified sequence.
Motion-related tokens lie on a unified temporal axis: H past wrist motion points
occupy steps 1–H, trajectory tokens are placed at predicted timestamps offset by
H, and future queries span H+1–H+T . These temporal tokens receive positional
IDs based on their timestamps. In parallel, intent semantics and DINOv3 [45]
visual features are added as context tokens. The decoder then generates the T
future 6DoF trajectory points by attending to this complete encoded context.

We follow the standard FM: a noisy sample x0 is interpolated with the ground
truth x1, and the supervision target is v̂ = x1 − x0. The loss is a mean squared
error over 3D positions and 6D rotations:

LFM = ∥v̂ − (x1 − x0)∥22 . (5)
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At test time, we sample an initial random trajectory x0 and integrate the
velocity field over N steps:

xk+1 = xk +∆t · v̂(xk, tk), ∆t = 1
N , (6)

to obtain future wrist trajectories.
Motion Pre-Training. We found joint training of reasoning and the Motion
Expert is unstable due to mismatched learning objectives. To address this, we
pre-trained the FM model separately on the EgoMAN finetuning split (Sec. 3),
using GT waypoints and action phrase semantics as conditions. This provides
strong low-level motion prior that stabilizes joint training with reasoning.

4.4 Trajectory-Token Interface

Once both the Reasoning Module and Motion Expert are pretrained, we jointly
train them to connect high-level reasoning with low-level motion generation.
A key challenge in this stage is the distribution mismatch. The Reasoning
Module was pretrained to predict tokens based on ground-truth, while the Motion
Expert was pretrained to consume ground-truth waypoints and action phrases.
At inference, however, the Motion Expert must consume the predicted tokens
from the Reasoning Module. To bridge this gap, we align the two components
through joint training on the Trajectory-Token Interface.

In the full EgoMAN framework, the Reasoning Module receives the past
wrist motion and an intent query, and predicts a structured trajectory-token
sequence <ACT><START><CONTACT><END>. These tokens are then decoded into
Motion Expert inputs: <ACT> yields an action-semantic embedding that replaces
the ground-truth phrase embedding, while <START>, <CONTACT>, and <END> de-
code into 6DoF waypoints and timestamps, replacing ground-truth waypoints.
To align the reasoning and motion components, we jointly train them on the
EgoMAN finetuning dataset using two objectives: (1) a next-token prediction loss
Ltext over the trajectory-token sequence, and (2) the Flow Matching loss LFM on
the trajectories generated by the Motion Expert, as introduced in Sec. 4.3. This
unified setup enables efficient intent reasoning and produces physically consistent
trajectories aligned with intent semantics.
Design Discussion. The Trajectory-Token Interface bridges interaction reason-
ing and motion generation by distilling interaction dynamics into a small set of
four tokens that serve as spatiotemporal anchors. Supervising these anchors with
key interaction stages provides the Motion Expert with a structural prior for
trajectory generation. Rather than enforcing strict segmentation, the anchors act
as soft guidance, improving robustness to spatiotemporal deviations in predicted
anchors and annotation noise. This compact interface efficiently transfers seman-
tic intent into precise 3D trajectory forecasts while scaling to longer horizons and
unseen scenarios. We validate this design through comprehensive experiments.



10 M. Chen et al.

5 Experiments

We evaluate EgoMAN thoroughly on EgoMAN-Bench to answer three questions:
(1)Does EgoMAN improve long-horizon 6DoF prediction, waypoint accuracy,
and semantic alignment over prior methods? (2)How does Interaction-Structured
Reasoning with the Trajectory-Token Interface enable stable intent-conditioned
motion? (3)How do the progressive training strategy and structured interface
support effective reasoning-to-motion transfer? We also present qualitative results
demonstrating diverse generalization and controllable intent-conditioned motion.

5.1 Evaluation Setting and Metrics

Trajectory Metrics. We evaluate all methods using standard hand–trajectory
forecasting metrics, including Average Displacement Error (ADE), Final
Displacement Error (FDE), and Dynamic Time Warping (DTW), all
reported in meters, as well as Angular Rotation Error (Rot) in degrees. To
assess stochastic generative prediction, each model samples K=1/5/10 trajectories
per query. Unless otherwise specified, all results are reported as best-of-K, which
selects the trajectory with minimum error to the ground truth.
Waypoint (WP) Metrics. We evaluate the <CONTACT> and <END> waypoints
using two localization metrics (in meters): Contact Distance (Contact):
Euclidean distance between predicted and GT wrist positions at the contact
timestamp. Trajectory-Warp Distance (Traj): Average Euclidean distance
from each predicted waypoint to its nearest point on the GT trajectory.
Motion-to-Text Alignment Metrics. We evaluate semantic alignment be-
tween trajectories and action verbs by training a motion encoder to map hand
trajectories to a pre-computed verb embedding space using a CLIP-style con-
trastive loss [16, 43]. We report Recall@3 (fraction of samples where the GT
caption is retrieved in the top 3 over 239 verbs in the test samples) and Fréchet
Inception Distance (FID) between predicted and ground-truth motion em-
beddings. Considering generative diversity, we report best-of-10 retrieval results.

5.2 Baselines

Hand Trajectory Predictors. We compare against three representative tra-
jectory models: USST* [5], MMTwin* [34], and HandsOnVLM* [4]. Baselines
marked with (*) are adapted for fair comparison under the EgoMAN setting: a
single RGB image, intent text embedding, and past motion are used to predict
up to 5-second 6DoF bi-hand trajectories, evaluated over the GT duration. We
additionally report two internal variants: FM-Base (Motion Expert only) and
EgoMAN-ACT (w/o. Interaction-Structured Reasoning).
Affordance-based Methods. We also evaluate HAMSTER* [27], VRB* [1],
and VidBot [10], adapted to our waypoint prediction protocol. All methods use
the same RGB image, Metric3D depth [20], and verb–object text input, and
predict contact and goal points aligned with EgoMAN’s <CONTACT> and <END>
waypoints. Additional implementation details and adaptation procedures are
provided in the supplementary material.
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Table 1: Results on EgoMAN-Bench. Lower is better. Best results are bold; second-
best are underlined. FM-Base denotes the Motion Expert only variant, and EgoMAN-
ACT removes Interaction-Structured Reasoning. EgoMAN reduces ADE by 27.5%
over the strongest external baseline (HandsOnVLM) on EgoMAN-Unseen and achieves
similar gains on HOT3D-OOD, demonstrating strong cross-domain generalization.

Method ADE ↓ FDE ↓ DTW ↓ Rot (◦) ↓ Dataset

USST* [5] 0.233 0.394 0.220 46.98

EgoMAN
Unseen

MMTwin* [34] 0.206 0.256 0.204 48.98
HandsOnVLM* [4] 0.171 0.228 0.161 35.22
FM-base 0.160 0.229 0.144 37.00
EgoMAN-ACT 0.141 0.204 0.127 35.03
EgoMAN (Ours) 0.124 0.179 0.111 32.75

USST* [5] 0.245 0.409 0.226 55.80

HOT3D
OOD

MMTwin* [34] 0.209 0.259 0.207 44.37
HandsOnVLM* [4] 0.194 0.262 0.186 38.13
FM-base 0.161 0.237 0.147 39.47
EgoMAN-ACT 0.153 0.228 0.141 38.42
EgoMAN (Ours) 0.141 0.217 0.130 35.09

5.3 Results

Trajectory Evaluation. Table 1 shows that the full EgoMAN model achieves
the lowest ADE, FDE, DTW, and rotation errors, outperforming the strongest
external baseline HandsOnVLM* by 27.5% ADE on EgoMAN-Unseen and 27.3%
on HOT3D-OOD. These gains indicate that explicitly modeling interaction
structure and stage-aware reasoning substantially improves long-horizon 6DoF
prediction and cross-domain generalization.
Motion Expert only (FM-base) already surpasses state-space and Mamba-based
predictors (USST*, MMTwin* ), showing that Flow Matching provides a strong
foundation for physically consistent motion forecasting. Adding structured vision–
language reasoning further improves performance. Although HandsOnVLM*
uses text guidance, its CVAE decoder relies on 50 implicit hand tokens learned
from noisy data, lacking explicit stage-aware grounding and yielding higher
6DoF errors. In contrast, EgoMAN via compact Trajectory-Token Interface
explicitly encodes interaction stages, enabling more stable and accurate reasoning-
conditioned generation. All results use sampling budget K=10; results for K=1, 5
(in supplementary material) confirm consistent gains under reduced sampling.
Waypoints Evaluation. Table 3 evaluates the stage-aware trajectory tokens
predicted by the Reasoning Module. By directly regressing 3D <CONTACT> and
<END> wrist positions as structured interaction states, EgoMAN achieves the best
performance. It reduces contact error from 0.29–0.34m to 0.19m and lowers DTW
from 0.27–0.30m to 0.13m on EgoMAN-Unseen, while maintaining the lowest
contact error on the challenging test set HOT3D-OOD. EgoMAN is also far more
efficient, running at 3.45FPS (averaged over 50 samples on an NVIDIA PG509-
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Table 2: Ablation on EgoMAN-Unseen
(K=1). R: Interaction-Structured Reason-
ing; M: Motion Expert pretraining, WP:
Trajectory-Token Interface. Lower is bet-
ter; R+M with 6DoF WP performs best.

R M WP ADE FDE DTW Rot

✗ ✗ ✗ 0.273 0.308 0.260 51.79
✓ ✗ 6DoF 0.215 0.255 0.198 43.03
✗ ✓ ✗ 0.162 0.225 0.148 36.24
✓ ✓ ✗ 0.161 0.224 0.147 35.90
✓ ✓ Emb 0.150 0.210 0.138 34.02
✓ ✓ 6DoF 0.151 0.206 0.137 33.88

Table 3: Waypoint prediction results.
Lower is better for Contact and Traj ; higher
is better for FPS. EgoMAN achieves the
best accuracy, improving Contact by 33.8%
and Traj by 52.8%, and runs faster at 3.45
FPS.

Method WP FPS Contact ↓ Traj ↓
HAMSTER* 2D 0.17 0.342 0.297
VRB* 3D 0.03 0.300 0.271
VidBot 3D 0.04 0.290 0.269
EgoMAN 3D 3.45 0.192 0.127

Fig. 3: Data efficiency. Best-of-10.
static: repeats last position. EgoMAN-
ACT degrades without pretraining, while
EgoMAN remains robust at 20% data.

Table 4: Motion-to-Verb Retrieval.
EgoMAN achieves the best alignment.

Method R@3 ↑ FID ↓
USST* 15.0 0.22
MMTwin* 22.9 0.86
HandsOnVLM* 27.9 0.10
EgoMAN 43.9 0.04

210, 80GB) compared to < 0.05 FPS for VRB* and VidBot, which require heavy
detection and 3D post-processing. By predicting only four compact, stage-aware
trajectory tokens, EgoMAN gains both speed and robustness.
Motion-to-Text Alignment. Table 4 shows that EgoMAN achieves the
strongest semantic alignment between motion and verb phrases, with the highest
R@3 (43.9%) and lowest FID (0.04). Generative baselines such as USST and
MMTwin produce smooth trajectories but lack structured semantic grounding, re-
sulting in weaker verb alignment. HandsOnVLM benefits from language condition-
ing yet suffers from noisy CVAE decoding without explicit stage-aware constraints.
These results highlight the importance of explicitly structured reasoning-to-motion
transfer for intent-aligned 6DoF trajectory generation.

5.4 Ablation Study

As shown in Table 2, we ablate Interaction-Structured Reasoning (R), Motion Ex-
pert pretraining (M), and the Trajectory-Token Interface (WP). Overall, motion
pretraining provides the strongest standalone gain, while Interaction-Structured
Reasoning and the stage-aware Trajectory-Token Interface offer complementary
improvements essential for accurate and data-efficient 6DoF trajectory prediction.
In particular, effective reasoning transfer critically depends on the proposed



EgoMAN 13

Trajectory-Token Interface; without it, performance approaches the no-reasoning
variant. Together, these components are jointly necessary to achieve stable and
high-precision intent-conditioned trajectory generation.
Interaction-Structured Reasoning (R). Removing Interaction-Structured
Reasoning (EgoMAN-ACT ) degrades performance (ADE 0.162→0.215), high-
lighting the importance of explicitly modeling interaction stages. Interaction-
structured reasoning is pretrained on large-scale QA corpora that organizes
intent through stage-aware progression (e.g., approach and manipulation). This
structured reasoning reduces ambiguity by constraining motion generation to
semantically meaningful interaction phases rather than treating trajectories as
flat continuous signals. Learned trajectory tokens further align stage transitions
with visual context and intent semantics. Data-efficiency results (Fig. 3) reinforce
this effect: at 20% of training data, EgoMAN (ADE ∼ 0.13m) remains supe-
rior to EgoMAN-ACT (ADE ∼ 0.16m), and the gap persists even at full data
(ADE 0.140→0.125). FDE follows a similar trend. These results indicate that
interaction-structured reasoning reduces intent ambiguity early, enabling more
stable and generalizable trajectory prediction even with fewer high-quality labels.
Trajectory-Token Interface (WP). Trajectory-Token Interface serves as the
explicit structured interface between the reasoning module and the 6DoF Motion
Expert. Conditioning on predicted stage-aware waypoints improves both accu-
racy and stability (ADE 0.161→0.151, DTW 0.147→0.137, Rot 35.90◦→33.88◦).
Without WP, performance drops near that of EgoMAN-ACT, indicating that
Interaction-Structured Reasoning is effective only when grounded through the
Trajectory-Token Interface rather than implicit embeddings. Replacing the 6DoF
trajectory tokens with the decoder’s final hidden state (Emb) causes only minor
differences (FDE ∼0.4cm worse), suggesting that while 6DoF waypoints perform
best, results are generally stable across formats. The key factor is the stage-aware
interaction structure encoded by the trajectory tokens.
Motion Expert (M). Removing Motion Expert pretraining while retaining
reasoning pretraining leads to clear degradation (ADE 0.150→0.215). Without
Motion Expert pretraining, the model must jointly learn semantic reasoning
and motion dynamics, leading to noisier long-horizon trajectories, and unstable
optimization from competing learning objectives. Removing both M pretraining
and reasoning causes further decline (ADE 0.273, Rot 51.79◦). While reasoning
with trajectory tokens partially mitigate this effect, pretraining the Motion Expert
on physically plausible dynamics followed by joint fine-tuning with Interaction-
Structured reasoning yields the strongest performance across all metrics.

5.5 Qualitative Analysis

We visualize best-of-K=10 forecasts in Fig. 4 on EgoMAN-Bench. Left: stage-
aware waypoints from affordance baselines (VRB*, VidBot) often miss target
surfaces or collapse toward the hand, while EgoMAN predicts contact and end
states closely aligned with GT. Right: full 6DoF trajectories show that Ego-
MAN generates smoother, stage-consistent motions with correct wrist orientation,
whereas baselines underreach or drift in cluttered and unseen scenes. Fig. 5a
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(b) HOT3D OOD: Manipulate Bottle Ranch with right hand.

EgoMAN (Ours)

GT

USST

MMTwin

HandsonVLM

FM-Base

<CONTACT> <END>

VRB

VidBot

EgoMAN (Ours)

GT

(a) EgoMAN Unseen: Place bowl into microwave for heating with right hand.

VRB EgoMAN (Ours)

VidBot GT

EgoMAN (Ours)

GT

USST

MMTwin

HandsonVLM

FM-base

Waypoints Comparison Predicted Trajectory Comparison

Fig. 4: Qualitative comparisons on EgoMAN-Bench. We visualize best-of-K=10
predictions for waypoints and full trajectories. Left: <CONTACT> and <END> waypoint
predictions compared with VRB* and VidBot. Right: 3D hand trajectory forecasts
and 2D projections compared with prior baselines. Our EgoMAN model produces the
smoothest and closest results to ground truth.

highlights diverse activities (e.g., closing a laptop, picking up socks, opening a cab-
inet, and opening a seasoning sachet), demonstrating that Interaction-Structured
Reasoning produces trajectories consistent with both verb semantics and spatial
context. Figure 5b shows intent-conditioned generation under identical visual and
motion inputs. Given different intent queries, EgoMAN predicts distinct stage-
aware waypoints and produces corresponding valid 6DoF trajectories, enabling
controllable and diverse motion generation.

6 Conclusion

We presented EgoMAN, a unified framework for interaction-structured 3D hand
trajectory prediction in egocentric settings. EgoMAN organizes motion into
interaction stages and introduces a compact Trajectory-Token Interface that
encodes these stages using a minimal set of tokens as sparse motion anchors,
bridging intent-driven reasoning with continuous 6DoF trajectory generation. We
further proposed a progressive training strategy that aligns high-level reasoning
with physically grounded motion. To support this formulation, we also proposed
the EgoMAN dataset, a large-scale stage-aware egocentric dataset with semantic,
spatial, and motion reasoning supervision. Together, they improve trajectory
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Pick up socks from floor with left hand

Open cabinet door with left hand Open seasoning sachet with both hands

Close the Laptop with right hand

(a) Qualitative results of diverse activities.
EgoMAN generates accurate 6DoF hand trajec-
tories for diverse activities, aligning motion with
intent description and scene spatial structure.

Open oven door with right hand Poke food on plate with fork with both hands

Turn on stove with left hand Retrieve fork on stovetop with right hand

(b) Multiple intents. With the same image and
past motion, EgoMAN produces distinct 6DoF
trajectories for different intent queries, showing
controllable intent-to-motion generation.

Fig. 5: Qualitative visualization of EgoMAN.

accuracy and generalization in the cross-domain over existing baselines while
remaining efficient. Overall, EgoMAN establishes interaction-structured reasoning
as a principled approach to egocentric 3D hand motion prediction.
Limitations and Future Directions. EgoMAN models wrist-level motion with
coarse interaction stages and does not capture fine-grained dexterous behaviors.
Extending to full hand articulation, richer contact semantics, and evaluating
transfer to AR and robotic manipulation systems are important future directions.
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