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Figure 1. EgoFlow: a method for object trajectory generation from egocentric videos. Given a textural command and the surrounding
environment, EgoFlow generates physically valid 6DOF object trajectories that respect spatial constraints across diverse environments by
learning from egocentric videos.

Abstract

Understanding and predicting object motion from ego-
centric video is fundamental to embodied perception and
interaction. However, generating physically consistent
6DoF trajectories remains challenging due to occlusions,
fast motion, and the lack of explicit physical reason-
ing in existing generative models. We present EgoFlow,
a flow-matching framework that synthesizes realistic and
physically plausible trajectories conditioned on multi-
modal egocentric observations. EgoFlow employs a hy-
brid Mamba–Transformer–Perceiver architecture to jointly
model temporal dynamics, scene geometry, and semantic
intent, while a gradient-guided inference process enforces
differentiable physical constraints such as collision avoid-
ance and motion smoothness. This combination yields co-
herent and controllable motion generation without post-hoc
filtering or additional supervision. Experiments on real-

world datasets HD-EPIC, EgoExo4D, and HOT3D show
that EgoFlow outperforms diffusion-based and transformer
baselines in accuracy, generalization, and physical realism,
reducing collision rates by up to 79%, and strong general-
ization to unseen scenes. Our results highlight the promise
of flow-based generative modeling for scalable and phys-
ically grounded egocentric motion understanding. Project
page: https://abhi-rf.github.io/egoflow/.

1. Introduction
Recent advances in augmented reality devices [6] have en-
abled large-scale egocentric datasets with fine-grained spa-
tial and semantic annotations [1, 8, 22, 23, 25, 29], provid-
ing new opportunities for data-driven learning of object mo-
tion trajectories in realistic environments. These egocentric
videos capture a rich source of information about object in-
teractions, providing valuable cues about how objects move,
are interacted, and evolve over time. Such data offers dense,
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first-person evidence for embodied perception and interac-
tion in robotics, where understanding and predicting object
dynamics is essential for planning and interaction.

Object motion generation models the temporal evolution
of object movements, revealing how humans interact with
their surroundings from a first-person viewpoint. However,
learning to generate object trajectories from these egocen-
tric videos poses unique challenges. First, egocentric scenes
are highly diverse and cluttered, with objects frequently oc-
cluded. In addition, egocentric videos have limited field
of view and rapid camera motions lead to blurring content.
These factors require models to reason over complex geo-
metric layouts and semantic cues to generate accurate tra-
jectories. Second, long-horizon prediction demands consis-
tent temporal reasoning, as small spatial errors can accumu-
late and lead to unrealistic motion patterns over time. Third,
ensuring physical plausibility without explicit physics su-
pervision is challenging; generated trajectories must remain
collision-free and dynamically smooth while reflecting re-
alistic motion patterns.

To address these challenges, we propose a genera-
tive model EgoFlow that learns scene-conditioned contin-
uous flows for 6DoF object trajectory generation. Rather
than using stochastic diffusion, our method leverages flow
matching [20, 21] to learn deterministic transport fields
in R9, enabling efficient trajectory synthesis. Building
upon the multimodal conditioning framework introduced in
GMT [55], EgoFlow further incorporates a hybrid architec-
ture that combines bidirectional Mamba state-space mod-
els [9, 58] with Transformer blocks and a Perceiver-based
cross-attention encoder [17], allowing scalable sequence
modeling and effective fusion of geometric, semantic, and
goal-oriented context. Finally, we introduce a gradient-
guided sampling strategy that injects differentiable physical
costs, specifically SDF-based collision penalties, rotation
and velocity smoothness, into the generation loop to im-
prove physical plausibility without requiring explicit con-
straint supervision.

We evaluate EgoFlow on large-scale egocentric bench-
marks to verify both fidelity and generalization. Specifi-
cally, we train and test on HD-EPIC [25] to assess physi-
cal consistency under realistic scene contexts. Following a
similar protocol as in previous work [51], we perform zero-
shot transfer from Ego-Exo4D [8] to HOT3D [1] to evalu-
ate robustness in unseen environments. EgoFlow achieves
substantial gains over existing generative models, particu-
larly in terms of spatial accuracy and physical feasibility,
reducing collision rates by up to 79%. EgoFlow also shows
strong generalization to unseen scenes. Our code is publicly
available to facilitate future research.

In summary, our contributions are:
• A scene-conditioned flow matching method for 6DoF ob-

ject motion generation, which learns continuous flows in

Euclidean space R9 for efficient and physically consistent
motion synthesis.

• A hybrid architecture that integrates bidirectional Mamba
state-space models with Transformer and Perceiver com-
ponents, enabling scalable sequence modeling and effec-
tive fusion of geometric and semantic scene features.

• A gradient-guided sampling strategy that incorporates
differentiable physical costs into the generation process,
enhancing the physical plausibility of generated trajecto-
ries without explicit supervision.

• Comprehensive experiments on egocentric datasets,
demonstrating substantial improvements over existing
models and strong generalization to unseen scenes.

2. Related Work
Motion and Trajectory Generation. Modeling 3D mo-
tion from visual or multimodal data has been widely stud-
ied across human motion [12, 13, 38, 56], object dynam-
ics [19, 51], and scene-conditioned motion prediction [59].
Early approaches often relied on short-term kinematic pri-
ors or autoregressive prediction, which limited their abil-
ity to capture long-range dependencies and global temporal
coherence. Recent progress in diffusion-based generative
modeling has enabled high-fidelity motion synthesis condi-
tioned on language, geometry, or scene context [19, 43, 57],
showing that large-scale motion datasets can be effectively
modeled as continuous spatiotemporal distributions. How-
ever, existing methods remain constrained to short tem-
poral horizons and often overlook explicit physical con-
sistency such as collision avoidance or trajectory smooth-
ness. In contrast, our framework focuses on generating
long-horizon, physically consistent object trajectories.
Egocentric Motion Understanding. Egocentric percep-
tion provides a natural framework for studying object and
scene dynamics from a first-person viewpoint. Large-scale
benchmarks such as EgoExo4D [8], HOT3D [1], and HD-
EPIC [25] enable fine-grained analysis of 3D trajectories,
spatial context, and visual cues observed during everyday
activities. These datasets have motivated new research
in egocentric motion forecasting, trajectory synthesis, and
cross-view understanding, where models learn to infer plau-
sible 3D trajectories directly from wearable sensors or video
streams. For example, EgoScaler [51] generates object tra-
jectories from egocentric visual inputs, while EgoChoir [50]
explores scene affordance reasoning from egocentric obser-
vations. Despite their success, most existing approaches fo-
cus on short-term motion generation or limited geometric
reasoning. Our work advances this line of research by in-
troducing a continuous flow generative model capable of
synthesizing long-horizon, physically consistent trajecto-
ries conditioned on egocentric scene context.
Generative Models and Mamba. Diffusion-based genera-
tive models [14, 34, 35] have established a new foundation
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Figure 2. EgoFlow overview. Given a 3D scene, a task prompt, and a task goal, our method first fuses multimodal inputs through a
scene conditioning block (Sec. 3.2). The fused features are used as conditioning for trajectory generation. We use input trajectories as the
source samples of our flow matching model (Sec. 3.3), which maps the generated trajectories to the target distribution, the ground-truth
trajectories, through a hybrid architecture (Sec. 3.4). We integrate physical guidance at inference to ensure physical plausible and collision-
free trajectories (Sec. 3.5).

for high-quality synthesis across images, audio, and mo-
tion. Their continuous extensions using stochastic differen-
tial equations provide a principled view of data generation
as iterative refinement along a noise-to-data path. More re-
cently, flow matching [20, 40] has emerged as a determinis-
tic alternative, learning continuous velocity fields that trans-
port samples from noise to the target manifold. This for-
mulation offers comparable expressiveness while enabling
faster and more stable inference.

Parallel to these algorithmic advances, architectural in-
novations have improved the scalability of sequence mod-
eling. The Mamba architecture [4, 9] introduces a selective
state-space mechanism [10, 11, 33] that supports linear-time
inference and constant memory cost, making it suitable for
very long sequences. Variants such as Vision Mamba [61]
and DiM [7, 37] demonstrate strong performance in large-
scale visual and generative tasks.

Building on these advances, our framework integrates
flow matching with Mamba-based sequence modeling to
achieve scalable, coherent, and physically consistent trajec-
tory generation from complex egocentric scenes.

Concurrent Work. ObjectForesight [36] predicts future
6DoF object trajectories from egocentric video using dif-
fusion. FlowHOI [54] generates hand-object interaction se-
quences via two-stage flow matching conditioned on ego-
centric observations and 3D scene reconstructions. Ego-
MAN [2] and EgoVerse [26] provide large-scale egocen-
tric datasets with 6DoF hand trajectories and diverse ma-
nipulation demonstrations, complementary to our work.
GMT [55] addresses goal-conditioned 6DoF object trajec-
tory synthesis using a multimodal transformer and shares
the input scene conditioning design with our method.

3. Methodology
Object trajectory generation requires capturing both the di-
versity of feasible motions and the physical regularities that
govern real-world interactions. To address this dual chal-
lenge, the proposed framework formulates trajectory syn-
thesis as a continuous transport process in R9, where each
frame is represented as position R3 and continuous 6D rota-
tion [60]. Motion evolution is, therefore, learned as a deter-
ministic flow field rather than a stochastic diffusion. A hy-
brid Mamba-Transformer backbone further provides struc-
tured temporal reasoning and multimodal scene understand-
ing, supporting long-horizon prediction under complex spa-
tial and semantic constraints. Physical consistency during
inference is ensured through gradient-guided optimization
that dynamically aligns generated trajectories with collision
and stability constraints. Together, these components form a
unified generative framework capable of producing smooth,
physically grounded 6DoF trajectories (see Fig. 2).

3.1. Problem Formulation
We begin by formally defining the object trajectory gen-
eration problem. Given a 3D scene with known spatial
and semantic context, we aim to generate physically plau-
sible 6DoF object trajectories that satisfy motion and col-
lision constraints. Each trajectory frame is represented as
xt = [pt; rt] ∈ R9 where pt ∈ R3 is the 3D position
and rt ∈ R6 is the continuous 6D rotation representa-
tion [60]. The input conditions include a point cloud of
the scene ‘P ∈ RN×3, M oriented bounding boxes of
fixtures B = {(ci, si, ri)}Mi=1 representing centers, sizes,
and rotations, object category C, target end pose xT ∈ R9

for goal conditioning, text prompt describing the task, and
observed trajectory history x1:H ∈ RH×9. Using a ra-
dius based selection, the number of fixatures M is typi-
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cally around 50. The goal is to generate future trajectory
xH+1:T ∈ R(T−H)×9 that captures plausible object motion
while avoiding collisions. In practice, we consider the 30%
of the trajectory as input and predict the remaining 70%.

3.2. Multimodal Conditioning

Following the multimodal conditioning design of
GMT [55], we first build a unified conditioning rep-
resentation u by encoding the following multimodal
input.
(i) Trajectory dynamics. The observed history x1:H is lin-
early projected to a temporal embedding Ftraj that preserves
local kinematics while remaining compatible with cross-
modal fusion.
(ii) Local geometric context. The raw scene point cloud
P ∈ RN×3 is encoded by PointNet++ [27] to produce a
global descriptor Fg and per-point features Fp. To provide
geometry precisely “at” the manipulated object at each time
t, per-point features are propagated from nearby points to
the object’s oriented box center ct using inverse-distance
weighting over the k nearest neighbors:

Fp =

H∑
t=1

∑k
i=1 wi(ct)fi∑k
i=1 wi(ct)

, wi(ct) =
1

|ct − pi|2
, (1)

where pi and fi are the coordinates and features of the i-th
neighbor point.
(iii) Fixture layout. Static fixtures B are embedded as to-
kens from box geometry (ci, si, ri). Geometric tokens in-
teract via a lightweight self-attention layer to capture pair-
wise relations (e.g., “counter above cabinet”). To reduce
noise, only the M nearest fixtures to the object are retained
before attention:

Fb = SelfAttn
(
{bk}Mk=1

)
. (2)

(iv) Category and task prompt. Object category C and task
description are embedded by CLIP and projected by MLP to
Fs, providing behavior priors that complement purely geo-
metric cues (e.g., “drawer” vs. “box” implies different fea-
sible orientations).
(v) Goal descriptor. The target pose xT ∈ R9 is mapped
by MLP to a goal token Fgoal that conditions long-horizon
planning and mitigates drift from the intended destination.

All conditioning features are concatenated and projected
to form the final conditioning vector u:

u = MLP([Ftraj,Fp,Fg,Fb,Fs,Fgoal]). (3)

This unified conditioning vector is shared across all model
stages but modulated differently at each stage to enable hier-
archical fusion of spatial, semantic, and task-specific cues.

3.3. Flow Matching for Trajectory Generation
The trajectory distribution is modeled using flow match-
ing [20, 21], a class of continuous normalizing flows that
learn deterministic data transport between probability distri-
butions. In contrast to diffusion-based models, flow match-
ing offers two distinct advantages: First, it learns direct
velocity fields through simple regression without requiring
stochastic differential equation solvers or score estimation.
Second, it produces smoother probability paths, enabling
efficient generation with fewer integration steps. We extend
this formulation to handle 6DoF trajectories conditioned on
history observation.
Training. Given a clean trajectory x0 ∼ pdata and noise
x1 ∼ N (0, I), we define a linear interpolation:

xt = (1− t)x0 + tx1, t ∈ [0, 1]. (4)

The model learns a time dependent velocity field vθ condi-
tioned on the scene context S:

LFM = Et∼U[0,1],x0,x1
[∥vθ(xt, t,S)− (x1 − x0)∥1] ,

(5)
where vθ predicts the instantaneous flow direction at inter-
mediate states. We apply equal L1 loss weights to the po-
sition and rotation components of 6DoF trajectory, treating
the continuous 6D rotation [60] as an embedding in R6.
Sampling At inference, we draw an initial sample x1 ∼
N (0, I) and integrate the learned velocity field backward
using Euler’s method [31]:

xt−∆t = xt −∆t · vθ(xt, t,S), (6)

with ∆t = 1/20 for 20 steps. This deterministic integra-
tion produces smooth and physically consistent trajectories
within the learned manifold.

3.4. Hybrid Architecture
A hybrid architecture is used to combines efficient sequence
modeling with expressive multimodal reasoning to support
long-horizon trajectory generation under complex scene
constraints. The model integrates three stages: temporal en-
coding, cross-modal reasoning, and trajectory refinement.
Stage 1: Temporal Context Encoding. The first stage em-
ploys three bidirectional Mamba layers [58] to capture long
range temporal dependencies with linear computational
complexity. Each layer updates the trajectory embedding
ht through feature-wise linear modulation (FiLM) [24]:
h′
t = γ(ut) ⊙ ht + β(ut), where ⊙ denotes element-wise

(Hadamard) multiplication, and γ and β are learnable affine
transformations of the conditioning vector. Bidirectional
processing combines forward and backward Mamba passes,
enabling the model to reason over both past and future tem-
poral context, crucial for generating collision-free, dynami-
cally consistent motion.
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Stage 2: Cross-Modal Attention. The second stage con-
sists of six Transformer blocks adapt from the Perceiver ar-
chitecture [17]. First, self-attention captures temporal de-
pendencies among trajectory tokens. Next, cross-attention
allows trajectory features to query the full multimodal con-
ditioning ut, enabling selective integration of relevant scene
and task information. Finally, a position-wise feedforward
network (FFN) refines the fused representation. Note that
unlike FiLM’s affine modulation, cross-attention provides
learned attention weights that enable the model to focus on
pertinent conditioning information (e.g., nearby obstacles,
goal location) for each trajectory segment, enhancing mul-
timodal reasoning.
Stage 3: Trajectory Refinement. The final stage applies
another stack of three bidirectional Mamba layers, again
conditioned via FiLM. This stage refines the fused repre-
sentation from Stage 2, integrating temporal coherence with
the enriched multimodal context. The output is projected to
the R9 velocity space, comprising both linear and angular
velocity components via a linear head, producing the final
velocity prediction vθ(xt, t,S) for flow matching.

3.5. Gradient-Guided Sampling
Models trained solely on collision-free demonstrations can-
not explicitly reason about physical constraints, failing to
avoid obstacles in novel scene configurations at test time.
We address this through gradient-guided sampling [16, 18,
47] that enforces constraints via differentiable optimization
during inference. This approach avoids train-test distribu-
tion mismatch: the flow matching model learns motion dis-
tributions from data, while physical constraints are imposed
only during generation when needed.

At each integration timestep t, before computing
xt−∆t = xt − ∆t · vθ, we refine the predicted velocity
through K=50 gradient descent steps with learning rate
α=0.1 and in each step k:

v
(k+1)
θ = v

(k)
θ − α∇vJ (xt −∆t · v(k)), (7)

where J combines three differentiable costs computed on
the integrated trajectory state.
Collision avoidance. We compute signed distance fields
between trajectory positions and static fixtures B using an-
alytic formulas for oriented bounding boxes [28]. The min-
imum distance from the position pj to all M fixtures is:

d(pj) =
M
min
i=1

SDF(pj , ci, si, ri). (8)

The cost penalizes violations of a safety margin ϵ=5cm:

Jcoll =

T∑
j=H+1

max(0, ϵ− d(pj)). (9)

Rotational consistency. Physically plausible trajectories
require smooth angular motion with consistent velocity di-
rections, which is enforced in the rotation space by measur-
ing cosine similarity between consecutive rotation changes:

Jrot =

T−1∑
j=H+1

(
1− ⟨∆rj ,∆rj−1⟩

∥∆rj∥∥∆rj−1∥

)
, ∆rj = rj+1−rj ,

(10)
which penalizes abrupt changes in rotation direction.
Translational smoothness. We enforce smooth velocity
profiles by penalizing linear acceleration, which prevents
abrupt velocity changes as per the following:

Jvel =

T−2∑
j=H+1

∥aj∥, aj = vj+1−vj , vj =
pj+1 − pj

∆t
.

(11)
The total cost is J = Jcoll + λrotJrot + λvelJvel and its

full differentiability enables gradient-based refinement to-
ward physically plausible trajectories. Further analysis on
the formulation and complexity of the gradient-guided sam-
pling can be found in the Supp. Mat.

3.6. Implementation Details
Training. We train using AdamW with learning rate 10−4,
batch size 32, for 100 epochs. The implementation uses
PyTorch Lightning for efficiency.
Inference. Gradient guidance applies 50 gradient descent
steps per integration step with learning rate α = 0.1
and collision margin ϵ = 0.05m. Smoothness weights
are tuned per dataset: λrot = λvel = 2.0 for HD-EPIC,
λrot = λvel = 5.0 for HOT3D. Architectural hyperparame-
ters (layer counts, hidden dimensions, attention heads) are
detailed in the supplementary material.

4. Experiments
We present the evaluation of our proposed method by first
describing baselines and evaluation metrics used in our ex-
periments. Next, we compare our method with baselines
on various benchmarks. Finally, we analyze the results and
discuss the implications of our findings.

4.1. Experiments Setup
Baselines. Given our task setting, there are no directly com-
parable existing methods. Following the baseline adaptation
protocol of GMT [55], we select three relevant approaches
and adapt them to our setting, and additionally evaluate four
recent diffusion/flow-based methods retrained on our data:
• EgoScaler [51]: A vision-language-based generative

framework that synthesizes 6DoF object manipulation
trajectories from textual action descriptions and egocen-
tric visual inputs. We adopt their PointLLM [45] variant
and retrain under our dataset configuration.
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Figure 3. HD-Epic Qualitative Result. The trajectory in green in each image is the history followed by the respective prediction by the
various baselines and the ground truth. We can see that not ony our method generates a plausible trajectory to the end goal, it also takes a
rather more natural and smooth path to the target pose.

Figure 4. Hot3D Qualitative Results. We compare EgoFlow against the established baselines. Our method shows better generalization to
unseen conditions and produce geometrically coherent and physically plausible 6DoF trajectories.

• GIMO [59]: A Perceiver-based transformer for ego-
centric human motion forecasting. We replace the hu-
man body representation with our object-centric descrip-
tor xt = [pt; rt] ∈ R9 and add goal conditioning.

• CHOIS [19]: A generative framework for human-object
interaction conditioned on object geometry, waypoints,
and text. We retain only the object trajectory branch and
modify the waypoint conditioning to first 30% of input.

• M2Diffuser [48]: A diffusion-based model that gener-
ates scene-conditioned whole-body mobile manipulation

trajectories from 3D scans, with differentiable physical
cost functions enforced during inference.

• DP3 [53]: A visuomotor imitation learning method that
generates robot actions via diffusion conditioned on com-
pact 3D representations extracted from point clouds.

• SPOT [15]: An object-centric framework that first gener-
ates SE(3) object pose trajectories via diffusion, then uses
them to condition a robot action policy, enabling cross-
embodiment transfer.

• ManiFlow [46]: A visuomotor imitation learning policy
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Table 1. Quantitative Results: HD-EPIC We compare model
performance on various metrics on the HD-EPIC dataset. We can
observe that our method performs the best against the baselines,
while adding guidance sampling significantly reduces its collision
rate. The results are averaged over 3 runs for EgoFlow.

Model ADE↓ FDE↓ Frechet↓ Geodesic↓ Coll.↓

GIMO [59] 0.285 0.509 0.210 0.725 23.5%
CHOIS [19] 0.471 0.755 0.262 1.255 18.7%
Egoscaler [51] 1.330 1.494 0.315 1.614 35.8%
ManiFlow [46] 1.214 1.573 0.609 1.692 35.5%
DP3 [53] 1.298 1.713 0.460 1.734 28.1%
SPOT [15] 1.440 1.795 0.469 1.740 28.7%
M2Diffuser [48] 0.601 0.442 0.476 1.788 8.5%
EgoFlow 0.279 0.102 0.197 1.141 2.5%

that combines flow matching with consistency training for
efficient action generation from visual, language, and pro-
prioceptive inputs.

Evaluation Metrics. To quantitatively evaluate the qual-
ity of the predicted object trajectories, we employ a set of
metrics designed to capture positional accuracy, temporal
coherence, and physical realism:
• Average Displacement Error (ADE): Computes the

mean Euclidean (L2) distance (in metres) between pre-
dicted and ground-truth positions over all future time
steps, reflecting the overall accuracy of the prediction.

• Final Displacement Error (FDE): Measures the Eu-
clidean distance (in metres) between the predicted and
ground-truth positions at the last prediction step, empha-
sizing the accuracy of the final position.

• Fréchet Distance [5]: Quantifies the maximum devia-
tion between two trajectories while accounting for op-
timal temporal alignment. This metric jointly evaluates
spatial and temporal consistency. Smaller values indicate
closer adherence of the predicted trajectory to the ground
truth in both shape and timing.

• Geodesic Distance (GD) [41]: Quantifies the instanta-
neous angular deviation between two rotations in radians,
providing a measure of rotational error in 3D space.

• Collision Rate: Represents the proportion of trajectories
intersecting with static scene elements, determined via
bounding box overlap. Lower values suggest more phys-
ically plausible and spatially consistent predictions.

4.2. Realistic Environments
Dataset. We evaluate our framework on the HD-EPIC
dataset [25], which provides 41 hours of egocentric record-
ings captured across nine household kitchens using Project
Aria glasses, accompanied by 3D digital twins, dense nar-
rations, and temporally aligned action annotations. How-
ever, HD-EPIC offers only sparse object-level annotations
at pickup and placement events, making it unsuitable for
direct use in continuous trajectory generation.
Preprocessing. We reconstruct continuous 6DoF object tra-

Table 2. Cross-dataset evaluation. Following the setup of [51],
we compare EgoFlow against the baselines on HOT3D dataset af-
ter training on Ego-Exo4D, thus demonstrating our superior per-
formance on unseen scenes and cross-dataset generalization.

Model ADE↓ FDE↓ GD↓

GIMO [59] 0.299 0.436 2.06
CHOIS [19] 0.513 0.571 2.46
SPOT [15] 1.018 1.082 2.535
DP3 [53] 1.019 1.096 2.541
M2Diffuser [48] 1.079 1.157 2.525
Egoscaler [51] 0.351 0.540 0.856
EgoFlow 0.265 0.027 1.49

jectories from the sparse annotations by leveraging the in-
teracting hand as a physical proxy. Under the rigid-body
coupling assumption during manipulation, we extract 6DoF
hand trajectories via Project Aria’s Machine Perception Ser-
vice (MPS) [6] and transfer them to the object reference
frame. Hand identity is initialized by proximity to the an-
notated object position and propagated using contact pre-
dictions from Hands23 [3], with a sliding-window filter to
ensure temporal consistency. Hand orientation is recovered
via a 6D rotation representation derived from the wrist-palm
coordinate frame using SVD. We refer readers to GMT [55]
and the Supp. Mat. for full preprocessing details.
Results. Tab. 1 reports quantitative comparisons on HD-
EPIC. Our approach outperforms all baselines across most
metrics, demonstrating both spatial and physical consis-
tency. Notably, our model achieves a collision rate of
only 2.5%, a substantial improvement over all baselines,
demonstrating the effectiveness of differentiable physical
constraint enforcement during inference. While GIMO at-
tains the lowest GD, suggesting slightly better orientation
alignment, our method maintains a comparable score while
ensuring significantly fewer collisions and better endpoint
accuracy. These results validate that our framework effec-
tively balances geometric precision and physical feasibil-
ity, enabling reliable object trajectory generation in com-
plex real-world scenes. An illustration is shown in Fig. 3
and more in the supplementary.

4.3. Zero-shot Scenarios

Datasets. Following the same setup as EgoScaler [51],
we evaluate our framework under zero-shot conditions on
two complementary egocentric datasets: Ego-Exo4D [8]
and HOT3D [1]. Ego-Exo4D is a large-scale multimodal
benchmark capturing both egocentric and exocentric view-
points of human activities, comprising 1,286 hours of video
from 740 participants across 123 real-world environments.
We extract sequences involving explicit object motion and
align them temporally to obtain dense 6DoF trajectories.
HOT3D provides high-precision 3D ground-truth annota-
tions for egocentric object motion, with approximately 833
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Table 3. Input and Guidance Ablation. Ablation analysis on
HD-EPIC assessing input conditioning modalities (top) and gradi-
ent guidance costs (bottom).

Model ADE↓ FDE↓ Frechet↓ Geodesic↓ Coll.↓

w/o P 0.305 0.110 0.205 1.121 2.9%
w/o Action 0.330 0.147 0.213 1.168 3.1%
w/o xT 0.386 0.619 0.239 1.261 3.1%
w/o History 0.405 0.207 0.275 1.293 3.4%
w/o Jvel 0.312 0.128 0.211 1.150 3.5%
w/o Jrot 0.312 0.128 0.211 1.150 3.6%
w/o Jcoll 0.310 0.123 0.210 1.142 11.6%

Ours (Full) 0.278 0.102 0.197 1.141 2.5%

Table 4. Architecture Ablation. Study of different layer configu-
rations (Mamba-Transformer-Mamba layers) on HD-EPIC.

M-T-M Config ADE↓ FDE↓ Frechet↓ Geodesic↓ Coll.↓

0-12-0 0.440 0.072 0.292 1.271 2.9%
1-10-1 0.312 0.108 0.211 1.138 3.1%
5-2-5 0.305 0.113 0.207 1.164 3.7%
6-0-6 0.327 0.137 0.206 1.149 4.6%

Ours (3-6-3) 0.279 0.102 0.197 1.141 2.5%

minutes of synchronized multi-view recordings from 19
participants manipulating 33 rigid objects. Following the
preprocessing protocol of EgoScaler, we uniformly sample
frames at 20 fps to ensure temporal consistency, resulting
in 27,788 training samples from Ego-Exo4D and 1,652 test
samples from HOT3D. Further dataset statistics and prepro-
cessing details are provided in the supplementary material.
Results. Tab. 2 summarizes the quantitative comparison
on the HOT3D zero-shot test set. While Egoscaler [51] at-
tains the lowest GD, its position errors remain substantially
higher, suggesting limited spatial consistency despite better
orientation alignment. In contrast, our model achieves bal-
anced performance across both translational and rotational
metrics, confirming its ability to produce geometrically co-
herent and physically plausible 6DoF trajectories under un-
seen conditions, as qualitatively shown in Fig. 4.

4.4. Ablation Study
We conduct an ablation study to validate the effectiveness
of various input conditioning and guidance components. As
shown in Tab. 3, removing any individual component con-
sistently degrades performance across most evaluation met-
rics, confirming their complementary roles.
Input Conditioning. Excluding the scene point cloud
or end position guidance leads to the largest increase in
ADE/FDE, indicating that accurate spatial grounding and
goal conditioning are crucial for reliable motion generation.
Similarly, removing history inputs significantly harms tem-
poral coherence, resulting in higher geodesic and Frechet
distances. The action label also provides beneficial seman-

tic context, helping the model disambiguate motion intent.
Guidance Cost Functions. Among the guidance terms,
eliminating velocity smoothness or rotation consistency
slightly increases trajectory deviation and collision rates,
demonstrating their contribution to producing physically
plausible and stable motions. Notably, omitting collision
avoidance results in a sharp rise in collision rate (from 2.5%
→ 11.6%), implying that incorporating this term reduces
collisions by about 79%, thus emphasizing its importance
for generating physically feasible trajectories.
Layer Configurations. In Tab. 4, we investigate the im-
pact of layer distribution across the three stages of our
Motion Generation Model. We compare hybrid Mamba-
Transformer configurations against pure architectures: a
Transformer-only model (0-12-0) and a Mamba-only model
(6-0-6). Our balanced 3-6-3 configuration achieves the best
overall performance across all metrics.

5. Conclusion
In this work, we introduced EgoFlow, a generative frame-
work that unifies flow matching in R9 with gradient-guided
inference for physically grounded egocentric trajectory gen-
eration. By integrating long-horizon temporal modeling
through a hybrid Mamba–Transformer–Perceiver architec-
ture and embedding differentiable physical priors directly
into the sampling process, EgoFlow achieves a rare balance
between realism, controllability, and efficiency.

Extensive experiments across egocentric benchmarks
demonstrate that EgoFlow consistently outperforms
diffusion-based and transformer-only baselines in both spa-
tial accuracy and physical plausibility, while generalizing
effectively to unseen domains without fine-tuning. The
results suggest that flow-based motion generation can serve
as a strong alternative to diffusion models for continuous
3D prediction tasks.

Looking forward, we see EgoFlow as a step toward holis-
tic embodied scene understanding, where perception, mo-
tion, and interaction are modeled in a unified generative
framework. Future directions include extending our ap-
proach to deformable objects, integrating closed-loop sen-
sory feedback, and coupling EgoFlow with robot policy
learning to enable goal-directed, physically consistent ac-
tion generation.
Limitations Our current formulation handles diverse ob-
jects including semi-deformable items (clothes, paper), but
doesn’t model volumetric deformations or shape changes
during its motion. We also assume static environments with
known geometry, which limits applicability in scenes with
moving agents or dynamic clutter. Addressing these limita-
tions presents promising directions for future work.
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