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Fig. 1: Given an instruction and an initial observation, our model predicts future
frames while preserving geometric consistency. Compared with the Tesseract [69] base-
line (right), our approach produces more structurally coherent scene evolution.

Abstract. Video world models can generate realistic futures from a sin-
gle instruction, but they often fail to track the same physical points
consistently across time. As a result, the generated videos appear plausi-
ble, yet lack the physical grounding required for reliable action execution,
such as robot manipulation. We present GEM-4D, a geometry-grounded
video world model that resolves this limitation by injecting dense 4D
correspondence supervision distilled from a pretrained geometry foun-
dation model into the video generative backbone during training. This
supervision enables the video world model to jointly capture appearance
and geometric structure while retaining a single-stream architecture with
no additional inference cost. We further introduce an inverse dynam-
ics module that converts correspondence-consistent video rollouts into

∗Equal contribution as first authors. †Joint supervision.
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executable robot trajectories, enabling direct deployment in both real-
world and simulated manipulation. GEM-4D achieves state-of-the-art
performance on both video prediction and geometric consistency across
both simulation and realistic scenarios and improves real-world manipu-
lation success from 61% to 81%. Additional results are available at the
https://gem-4d.github.io/.

1 Introduction

General-purpose robotic manipulation requires policies that can generalize across
diverse scenes, objects, tasks, and even embodiments. Vision-language-action
policies [4, 28] have shown strong progress by directly mapping observations and
language instructions to actions, but such generalization often depends on large-
scale robot demonstration data and embodiment-specific training or fine-tuning.
Video world models [1, 14, 15, 20, 60, 69, 74, 75] offer a complementary path.
By predicting task-conditioned future observations from the current scene and
instruction, they can provide a more general visual representation of how an
interaction may unfold, potentially reducing reliance on task- and embodiment-
specific action supervision.

However, generic video generation models [47, 64] primarily emphasize visual
realism, whereas using a video world model for robot planning requires more than
photorealistic prediction. To derive executable actions from predicted futures, a
robot must recover precise object and end-effector motions [2]. This requires
the generated video to preserve reliable inter-frame correspondences, such that
pixels corresponding to the same 3D surface point follow physically consistent
trajectories across time [22].

Current video diffusion models [5, 39], trained largely with pixel- or latent-
space reconstruction objectives, provide no explicit guarantee of such con-
sistency [36, 58]. They can produce photorealistic videos in which rigid ob-
jects deform non-rigidly, contacts drift, and depth varies inconsistently across
frames [68]—errors that may be visually subtle but can fundamentally break ac-
tion extraction. This limitation is structural: reliable inter-frame correspondence
depends on camera motion, scene depth, and object motion, whereas standard
pixel- or latent-space generation losses do not explicitly constrain these factors.
Existing remedies address this limitation only partially. Explicit 4D-supervised
methods [69, 75] add predictions such as RGB, depth, and surface normals,
thereby constraining certain geometric quantities. However, they require large-
scale annotations and still do not provide a unified correspondence signal that
jointly accounts for camera motion, scene depth, and object motion.

Our key observation is that the geometric factors governing inter-frame cor-
respondence are already encoded by modern 4D geometry foundation models.
Models such as PAGE-4D [72], Depth Anything V3 [33], VGGT [49] and VGGT-
omega [50] estimate dense geometry and camera motion from video, so their in-
termediate representations capture depth, viewpoint change, and object motion
in a unified form. Rather than supervising correspondence explicitly, we distill

https://gem-4d.github.io/
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these geometry-aware representations into the video backbone [65]. This feature-
level supervision encourages the generative model to encode the camera, depth,
and motion structure needed for consistent inter-frame correspondence, yielding
predicted futures that are more reliable for robot action extraction.

We present GEM-4D, a world model that operationalizes this principle via
feature-level distillation. During training, a video diffusion transformer is paired
with a geometry branch that predicts representations from a pretrained 4D geom-
etry foundation model, conditioned on intermediate video features. This forces
the backbone to internalize correspondence-consistent geometric structure with-
out modifying its output space or adding parameters. The coupling is asymmetric
and efficient: the geometry branch reads from video features but never writes
back, and is discarded entirely at inference, yielding a single-stream generator
with zero additional cost. We further introduce an inverse dynamics module that
converts correspondence-consistent rollouts into executable 6-DoF end-effector
trajectories using off-the-shelf vision foundation models, closing the loop from
language instruction to real-world manipulation without task-specific training.

GEM-4D achieves state-of-the-art performance on both video prediction and
geometric consistency across both simulation and realistic scenarios and im-
proves real-world manipulation success from 61% to 81%. Our contributions are
summarized as follows:

1. Principle. We formalize the connection between geometry foundation model
representations and inter-frame correspondences, showing that geometry su-
pervision acts as a representation-level regularizer that encourages the video
backbone to encode correspondence-consistent structure.

2. Architecture. We introduce GEM-4D, a dual flow-matching framework
that distills 4D geometry features into a video backbone via asymmetric
conditioning, thereby achieving correspondence-aware generation at zero ad-
ditional inference cost.

3. System. We close the loop from world model to robot control: an in-
verse dynamics module extracts executable trajectories from generated roll-
outs, achieving 81% success on real-world Droid tasks (+20 points over the
strongest baseline) and 63–82% success on RLBench.

2 Related Work

2.1 Video World Models for Embodied Control

Learning world models that predict future observations has become a central
paradigm for embodied decision-making [1, 3, 8, 9, 12, 14, 15, 18, 19, 21, 23, 32,
40, 41, 59, 60, 63, 74]. A common approach treats video generation as a planning
substrate: UniPi [15] generates future frames using video diffusion and recovers
actions via inverse dynamics, while Uni-Sim [63] and Genie [7] leverage world
models to synthesize interaction data for downstream policy learning. These
methods demonstrate strong generalization across tasks and environments, but
operate purely in pixel space and provide no mechanism to enforce geometric
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consistency in predicted futures. Recent work addresses this limitation by in-
corporating explicit geometric structure. TesserACT [69] jointly generates RGB,
depth, and surface normals to enable spatiotemporal reconstruction and action
prediction. 3DFlowAction [70] represents actions as 3D flow fields, grounding
planning in scene geometry. WristWorld [41] synthesizes wrist-view observations
through reconstruction, while RoboTransfer [35] enforces multi-view geometric
constraints via cross-view feature interactions. Related approaches impose geo-
metric consistency through pointmap alignment or multi-view supervision [37],
and multi-modal world models such as iMoWM [66] and MinD [11] jointly model
video and action generation. Despite their effectiveness, these approaches share
a common limitation: they modify the output space of the video model to ex-
plicitly predict geometric quantities (e.g., depth, normals, or flow), which re-
quires large-scale geometric annotations and constrains the expressive capacity
of pretrained video backbones. In contrast, GEM-4D does not alter the output
space. Instead, it distills geometric structure into the model’s internal representa-
tions during training, enabling correspondence-aware generation while retaining
a single-stream architecture with zero additional inference cost.

2.2 Feed-Forward 3D and 4D Geometry Models

Feed-forward geometry models infer dense 3D structure directly from visual
observations, avoiding iterative optimization. DUSt3R [52] introduced this
paradigm by predicting pixel-aligned pointmaps from image pairs, enabling
unconstrained stereo reconstruction. MASt3R [31] improves geometric fidelity
through local feature matching, while Fast3R [62] scales to multi-view recon-
struction via global fusion. Spann3R [48] introduces a spatial memory mechanism
for incremental reconstruction, and and π3 [53] further removes reference-view
bias through permutation-equivariant visual geometry learning. Extending these
methods to dynamic scenes introduces additional challenges, as both camera
and object motion must be disentangled. MonST3R [67] estimates temporally
consistent pointmaps and recovers global geometry and camera poses via opti-
mization, while DAS3R [61] accelerates this process. CUT3R [51] enables feed-
forward dynamic reconstruction through large-scale training, and Easi3R [10]
explores training-free generalization. PAGE-4D [72] further improves robustness
by disentangling static and dynamic components via motion-aware masking.
These models are typically used as standalone perception modules for geometry
estimation. In contrast, GEM-4D repurposes them as correspondence teachers:
their learned representations encode depth, camera motion, and scene dynamics,
providing a supervision signal that enforces geometrically consistent inter-frame
correspondences within a video world model. To our knowledge, this is the first
work to use 4D geometry foundation models as training-time regularizers for
video generation, rather than as direct predictors of geometric outputs.
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Fig. 2: GEM-4D training. During training, a video DiT predicts the velocity of
the noised video latent, while its intermediate features guide a geometry DiT to pre-
dict geometry velocity. This coupled training enforces geometry-consistent generation.
During inference, only the video branch is used for efficient generation.

3 GEM-4D

3.1 Problem Formulation

Given an initial observation I0 and a language instruction c, we learn a world
model M : (I0, c) → {It}Nt=1 that predicts future frames, and design a pol-
icy extraction module P : {It}Nt=0 → {at}N−1

t=0 that extracts executable actions
from the predicted rollout. For P to succeed, the generated rollout must pre-
serve inter-frame correspondences: pixels depicting the same 3D surface point
must evolve consistently across time. When this property is violated—even if the
video appears photorealistic—action extraction becomes unreliable because the
underlying 3D structure no longer reflects physically realizable motion [2, 56]. We
enforce correspondence consistency during training via Geometry-Enhanced
Velocity Alignment (Sec. 3.2) shown in Fig. 2, and convert correspondence-
consistent rollouts into actions via an Inverse Dynamic System (Sec. 3.3).

3.2 Geometry-Enhanced Velocity Alignment

What Governs Inter-Frame Correspondence We begin by formalizing
what determines whether two pixels in adjacent frames correspond to the same
physical point. Let Xt ∈ R3 be a scene point observed at pixel pt in frame t. Un-
der relative camera motion (Rt→t+1,Tt→t+1) and scene flow ∆Xt, its projection
pt+1 in frame t+1 is:

pt+1 ∼ K
[
Rt→t+1 D(pt) K−1 pt + Tt→t+1 + ∆Xt

]
. (1)

Pixel in next frame Intrinsic matrix

Inverse intrinsic matrix

Pixel in current frame

Camera translation

Camera rotation

Depth at pt

Scene flow / object motion

This leads to two immediate insights. First, pixel-level reconstruction losses can-
not enforce correspondences: the mapping from scene geometry to pixel values is
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many-to-one, so different configurations of (D,R,T,∆X) can produce visually
indistinguishable frames. A pixel loss can reach zero while the underlying corre-
spondences are entirely wrong. Second, a model whose internal representations
correctly encode (D,R,T,∆X) necessarily produces correct correspondences,
since Eq. 1 leaves no remaining degree of freedom.

Geometry foundation models as correspondence encoders. Models such as
PAGE-4D [72], Depth Anything V3 [33],VGGT [49],and DUSt3R-family mod-
els [51, 52, 67] employ cross-frame transformers supervised on two tasks: dense
depth estimation and camera pose regression. These are precisely the dominant
factors in Eq. 1: given per-frame depth D and relative camera pose (R,T), the
correspondence of any static scene point is fully determined. For dynamic points,
the model must additionally capture how depth changes across frames—which
implicitly encodes object motion ∆X, since a point whose depth evolves incon-
sistently with the estimated camera motion must be moving independently. The
learned feature representations of these models therefore encode the complete
correspondence structure of Eq. 1, despite being supervised only on depth and
pose. Supervising the video backbone to predict these representations implicitly
encourages correspondence consistency, without requiring an explicit correspon-
dence loss. GEM-4D shares REPA’s [65] philosophy of leveraging foundation-
model supervision to improve generative representations. Unlike REPA, which
explicitly aligns the diffusion representation with foundation-model features,
GEM-4D uses geometry foundation models as auxiliary supervision to encour-
age a shared video representation that jointly supports RGB denoising and 3D
geometric reasoning.

Flow Matching for Latent Video Generation We adopt flow matching [34]
for latent video generation. Let z0 be the VAE-encoded video latent [29] and
z1 ∼ N (0, I) be noise. A velocity field vvid

θ transports z1 to z0 via the ODE
dzt/dt = vvid

θ (zt, t, c), trained by regressing against an analytically derived target
velocity v∗:

Lvid
FM = Ez0,z1,t

[
∥vvid

θ (zt, t, c)− v∗(zt, t)∥22
]
. (2)

We parameterize the velocity through a Video DiT [39] with backbone Evid
θ and

output head Uvid
θ :

mt = Evid
θ (zt, t, c), vvid

θ = Uvid
θ (mt), (3)

where mt denotes the intermediate features extracted at a mid-level layer. Under
standard flow matching, mt is optimized only for appearance transport. The next
section describes how we shape mt to encode correspondence structure.

Correspondence Distillation via Geometry Flow Given a video sequence
{It}Tt=0, a frozen geometry model G extracts a dense geometric representation:

g0 = G
(
{It}Tt=0

)
∈ RT×H

P ×W
P ×C . (4)
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As established in Sec. 3.2, g0 encodes the factors (D,R,T,∆X) in Eq. 1—it
is a dense correspondence representation of the input video. G remains frozen
throughout; it serves as a correspondence teacher whose knowledge we distill
into the video backbone. To perform this distillation, we introduce a parallel
flow-matching process over the geometry representation space. A Geometry DiT
vgeo
ψ , conditioned on the video backbone’s intermediate features mt, predicts the

velocity field of the geometry latent:

Lgeo
FM = Eg0,g1,t

[
∥M(vgeo

ψ (gt, t,mt))− v∗(gt, t)∥22
]
, (5)

where gt interpolates between g0 and noise g1 ∼ N (0, I); M denotes mask
mechanism applied to noised geometry feature. The critical design choice is that
the Geometry DiT receives mt as its only scene-level conditioning signal. It has
no direct access to pixels, camera parameters, or depth maps—all scene informa-
tion must arrive through mt. Minimizing Lgeo

FM therefore requires mt to contain
sufficient information about the geometric factors (D,R,T, ∆X) to predict how
the geometry representation evolves over time. Since these factors determine
correspondences (Eq. 1), the geometry loss could serve as a correspondence loss
imposed on the video backbone’s internal representations.

Joint Objective and Geometric Grounding The training objective is:

L = Lvid
FM + αLgeo

FM, (6)

where α balances the two terms. Because both losses share the intermediate
representation mt, the gradient with respect to the video backbone parameters
θ decomposes as:

∇θL = ∇θLvid
FM + α ·

∂Lgeo
FM

∂mt
· ∂mt

∂θ
(7)

Total gradient

Appearance supervision

Geometry-induced gradient

Balancing weight

Because both losses share the intermediate representation mt, the gradient
decomposes into an appearance term and a geometry-induced term. The latter
propagates correspondence structure into the video backbone through mt. The
first term drives mt to encode how pixels move over time—appearance transport.
The second, which is non-zero by construction since Lgeo

FM depends on mt (Eq. 3),
drives mt to additionally encode why they move that way: the depth, camera
pose, and scene flow that determine correspondences (Eq. 1). At convergence, mt

must satisfy both objectives, eliminating representations that explain appearance
but violate geometric consistency.

3.3 Adaptive Inverse Dynamic System

Given generated frames {It}Nt=0, we make use of Adaptive Inverse Dy-
namic System (AIDS) to convert it into executable 6-DoF action trajectories
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Fig. 3: Adaptive Inverse Dynamic System. Given a generated video as input, this
system extracts a robot policy through the four steps illustrated in the figure.

{at}N−1
t=0 , as illustrated in Fig. 3. AIDS introduces two mechanisms that together

make action extraction robust to these artifacts in generated results without
any task-specific training: (i) a dual-criterion confidence-gated tracker that sep-
arates gradual drift from catastrophic collapse and invokes heavyweight VLM
re-grounding only when warranted, and (ii) a geometry–kinematics pose fallback
that decouples translation (well-observed from depth) from rotation (temporally
smoothed in SE(3)) whenever learned pose estimation becomes unreliable.

3D scene grounding. We first localize the target object and end-effector (EE) in
3D. Given the instruction, the depth map, and camera intrinsics (estimated by
the geometry foundation model), Qwen3.5-VL [57] and SAM 2 [30, 42] generate
segmentation masks for the target object and the end effector (EE), which are
then used to extract their corresponding point clouds. We then align the EE
CAD to the EE point cloud with FoundationPose [55] to recover the initial EE
translation and rotation

(
R0

ee,T
0
ee
)
∈ SE(3).

Dual-Criterion Confidence-Gated Tracker. With initial EE pose, we propagate
dense keypoints sampled from the mask of end effector Mee through the rollout
using CoTracker3 [25, 26]. Let Vt0 ⊆ Mee be the anchor keypoint set at initial
frame, and Vt ⊆ Vt0 the subset still reliably tracked at frame t. We monitor
following two metrics:

st =
|Vt|
|Vt0 |

∈ [0, 1], ∆st = st − st−1, (8)

where st denotes the anchor retention ratio (st = 1 means all anchors remain
reliably tracked, st→0 means tracker failure) and ∆st denotes the frame-to-
frame change (negative value signals a loss of correspondence). These two signals
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Fig. 4: Generated Frames to Arm Action. Starting from an initial observation,
GEM-4D predicts future frames, which are then converted into executable UF arm
actions. The generated frames are displayed with higher brightness to distinguish them
from the real frames.

separate two qualitatively different failure modes. A gradual drift manifests as st
decaying smoothly below the retention threshold τ ∈ (0, 1); an abrupt collapse,
typically caused by frame-level generative artifacts, manifests as a sharp drop
∆st < −δ, where δ > 0 is the drop threshold. We handle these two failure modes
with different interventions:

M̂ t
ee =


re-anchor tracker at t, if st < τ,

Qwen3.5-VL(It, c), if ∆st < −δ,

M t
ee, otherwise.

(9)

The first branch corresponds to a gradual drift (resampling fresh keypoints
from the most recent reliable mask), and the second to an abrupt collapse (re-
grounding the EE mask itself via vision-language semantics).

Geometry–kinematics pose fallback. Given the mask of end effector M t
ee, the

frame It , the depth Dt, and the EE CAD model, FoundationPose [55] predicts
the pose of EE (Rt

ee,T
t
ee) together with a confidence κt ∈ [0, 1] for each frame.

(Rt
ee,T

t
ee, κt) = FoundationPose

(
It,Dt,M t

ee,CAD
)
, (10)

When κt < κ∗, where κ∗ ∈ [0, 1] is a FoundationPose acceptance confidence
threshold, we apply a temporal consistency check and reject the Foundation-
Pose estimate if either the translation jump or the rotation jump exceeds its
corresponding threshold:

∥Tt
ee −Tt−1

ee ∥2 > ϵt, dgeo(R
t
ee,R

t−1
ee ) > ϵR. (11)

Where dgeo(·, ·) denotes the geodesic distance on SO(3). For rejected frames,
we recover the EE translation by back-projecting valid depth pixels within the
EE mask and taking their 3D centroid, while the missing rotation is estimated
by spherical linear interpolation [43] between the nearest accepted poses in time.
Finally, we’ll have the recovered EE trajectory {(R t

ee,T
t
ee)}Nt=0.

Grasp insertion and action synthesis. From the recovered EE trajectory, we
first select the pose closest to the target object as a reference pose, de-
noted by (Rref ,Tref). GraspGen [38] then predicts a set of grasp candidates
{(Ri

grasp,T
i
grasp)}Mi=0 on the target object point cloud. We rank these candidates
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by their weighted pose deviation from reference pose, combining translation and
rotation errors, and select the best-scoring candidate as the final grasp pose:

T∗
grasp = arg min

T
(i)
grasp

(
λt ∥t(i)grasp − tref∥2 + λR dgeo

(
R(i)

grasp,Rref

))
, (12)

where λt and λR balance translation and rotation consistency, respectively. We
then insert T∗

grasp into the recovered EE trajectory as an intermediate target
and smooth the resulting motion via interpolation. Inverse kinematics then con-
verts the smoothed trajectory into an executable action sequence {at}Nt=1 for
controlling the robot arm, as illustrated in Fig. 4.

4 Experiments

Overview. Our experiments are structured around two research questions.
First, does geometry distillation improve 4D scene prediction in terms of ap-
pearance, depth, and correspondence consistency? Second, can the resulting
geometry-consistent rollouts improve downstream robot manipulation when con-
verted into executable actions? We therefore organize the evaluation into two
parts: Sec. 4.1 studies 4D scene reconstruction quality. Sec. 4.2 evaluates whether
the generated rollouts support more reliable robot action planning and execu-
tion. Sec. 4.3 examines the effectiveness of the proposed geometry flow branch.

Datasets. We train our model on tasks simulated in ManiSkill3 [44] and RL-
Bench [24], as well as on the Bridge [46] and RT-1 [6] datasets. To evaluate
both video generation quality and robotic modeling capability, we conduct ex-
periments in real-world and synthetic domains. In the real-world setting, we
use 400 unseen samples from the Droid dataset [27], where depth is estimated
using Depth Anything V3 [33] and the point tracking is estimated using Co-
Tracker3 [25]. In the synthetic setting, we evaluate on 780 unseen samples from
RLBench [24], where ground-truth depth is directly available and the point track-
ing is estimated using CoTracker3 [25].

Baselines. Our method is compared against the following: (1) CogVideoX [64],
a large-scale image-to-video generation model based on a diffusion transformer
architecture, pretrained on approximately 35M video clips. We fine-tune it on
our training set. (2) WAN 2.2-14B [47], a large-scale image-to-video genera-
tion model built upon a spatio-temporal variational autoencoder. We fine-tune
it on our training set. (3) TesserAct [69], a CogVideoX-based 4D embod-
ied world model that further fine-tunes CogVideoX on robotics datasets while
jointly modeling depth and surface normals. (4) Geometry Forcing [58], a
representation-alignment-based method that incorporates geometric prior knowl-
edge into the generative model through feature alignment. We do not compare
directly against RoboTransfer [35] (multi-view RGB with depth/normal con-
ditioning), 3DFlowAction [70] (predicts 3D flow rather than RGB), or Liu et
al. [37] (stereo RGB-D with cross-view pointmap supervision), as their input
modalities and output spaces differ from our single-view RGB-only setting.
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Fig. 5: Qualitative 4D scene generation results on Droid (real) and RLBench
(synthetic). Top: ground truth. Middle: TesserAct generates plausible RGB but pro-
duces inconsistent depth — note the warping on the manipulator and the noisy depth
strip on Droid. Bottom: GEM-4D preserves geometric structure across frames, yielding
cleaner depth and tighter object boundaries.

4.1 4D Scene Prediction

Metrics. We evaluate video generation quality using FVD [45], SSIM [54], and
PSNR [73]; depth estimation accuracy using AbsRel, δ1, and δ2 [16]. To assess 3D
reconstruction quality, we compute the L1 Chamfer Distance [17, 71] between
the predicted and ground-truth point clouds. The correspondence quality is
measured by using δvisavg (fraction of visible points tracked within 1, 2, 4, 8 and
16 pixels, averaged over thresholds) [13]. Each sample is generated 20 times, and
we report the averaged results.

Results and analysis. Table 1 reports quantitative comparisons on both real
and synthetic datasets. Qualitative results are shown in Fig 5. Our method con-
sistently achieves the best overall performance across most RGB appearance
metrics and depth reconstruction metrics. In particular, GEM-4D achieves the
lowest FVD and the highest SSIM/PSNR on the real-world dataset, indicating
that it generates videos with higher visual quality and temporal consistency than
the baseline models. More importantly, when evaluating geometric quality using
DA3 [33] for depth estimation, our method significantly outperforms existing
baselines. On the real dataset, GEM-4D achieves the lowest AbsRel and the
highest δ1 and δ2, demonstrating that the generated frames preserve more ac-
curate scene geometry across time. A similar trend is observed on the synthetic
dataset, where our method produces the most accurate depth reconstruction.
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Table 1: Quantitative comparison on 4D scene generation. We evaluate RGB
reconstruction, depth reconstruction and points correspondence quality across both
real and synthetic domains. The best results are highlighted in bold, and the second-
best results are underlined. D denotes dataset; R denote realistic dataset and S denote
simulation dataset. Std. and dev. across 20 generations is around 1%− 2%.

D Method RGB Depth Points Tracking

FVD ↓ SSIM ↑ PSNR ↑ AbsRel ↓ δ1 ↑ δ2 ↑ Chamfer ↓ δvisavg ↑

R

CogVideoX [64] 35.56 75.91 20.18 22.33 68.32 83.17 0.2670 66.22
Wan 2.2-14B [47] 33.43 76.24 20.70 21.39 71.18 84.35 0.2349 68.18
TesserAct [69] 33.28 75.66 20.08 22.07 66.80 82.60 0.2630 67.14
Geometry-Forcing [58] 33.17 76.12 20.53 21.96 69.74 83.83 0.2443 67.97
GEM-4D 31.82 82.05 21.11 20.13 78.19 88.21 0.2001 71.23

S

CogVideoX [64] 40.21 75.51 20.03 15.41 70.99 92.90 0.2913 58.32
Wan 2.2-14B [47] 49.20 73.01 19.87 17.81 67.07 90.16 0.1762 61.99
TesserAct [69] 41.97 76.72 19.71 16.02 69.26 93.03 0.1813 61.15
Geometry-Forcing [58] 34.06 77.92 19.48 15.34 68.96 92.80 0.1488 60.84
GEM-4D 27.94 80.27 23.36 14.11 74.13 95.01 0.0702 68.18

Table 2: Quantitative comparison on task success rates. Comparison of task
success rates across Droid and RLBench tasks. For the real-world Droid dataset, success
rates are measured through a human study. For the simulated RLBench dataset, success
rates are measured by executing the generated trajectories in simulation.

Droid (Real) RLBench (Simulator)

AUTOLab CLVR RAIL
Lift

Numbered
Block

Put
Rubbish
InBin

Reach
Target

Lamp
On

Pick
Up
Cup

Slide
Block

ToTarget

Solve
Puzzle

CogVideoX [64] 49 64 39 - - - - - - -
Tesseract [69] 58 65 59 21 0 2 36 49 18 33
Ours 75 83 87 78 75 82 67 81 80 63

These results suggest that the proposed geometry-aware training effectively im-
proves both appearance generation and geometric consistency. By incorporating
geometry dynamics during training, the model learns to generate videos that not
only look realistic but also maintain coherent 3D structure, which further leads
to improved downstream reconstruction quality [22] when processed by DA3.

4.2 Embodied Action Planning

Quantitative Experiment Dataset. We evaluate our model on 7 challeng-
ing manipulation tasks from RLBench [24] and unseen realistic dataset from
Droid [27]. These tasks are selected for their requirements of precise grasping
and complex spatial reasoning. Metric. To ensure a fair evaluation, we adopt
two complementary evaluation protocols. For realistic dataset, we conduct a hu-
man study to assess the quality of generated videos, focusing on task success,
object and robot-arm deformation, and instruction following. (Averaged over 15
participants; more generated results are provided at the link in the abstract.)
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Fig. 6: Real-robot rollouts. From left: ground-truth images, GEM-4D-generated
RGB, and the back-projected 3D point cloud. The model produces realistic and geo-
metrically coherent rollouts supporting transfer to UF Arm manipulation.

Table 3: Ablation studies on 4D scene generation. We evaluate RGB recon-
struction, depth reconstruction and points correspondence quality on real domain.

Domain Method RGB (Appearance) Depth (Geometry) P (Geometry)

FVD ↓ SSIM ↑ PSNR ↑ AbsRel ↓ δ1 ↑ δ2 ↑ Chamfer ↓

Real

CogVideoX [64] 35.56 75.91 20.18 22.33 68.32 83.17 0.2670
Wan 2.2-14B [47] 33.43 76.24 20.70 21.39 71.18 84.35 0.2349
GEM-4D(Dep) 32.91 78.58 20.75 20.89 74.60 86.67 0.2229
GEM-4D(VGGT) [49] 33.68 75.89 20.64 21.73 71.03 83.80 0.2370
GEM-4D 31.82 82.05 21.11 20.13 78.19 88.21 0.2001

For simulation dataset, we convert generated videos into executable action tra-
jectories, and measure task success rate by replaying the resulting trajectories
in the simulator.

Realistic Dataset. Human evaluation on real-world Droid tasks demonstrates
that the benefits of GEM-4D extend well beyond simulation (Tab. 2). GEM-
4D consistently achieves substantially higher task success across all benchmarks,
improving performance from 58%→ 75% on AUTOLab, 65%→ 83% on CLVR,
and 59%→87% on RAIL. The consistent gains across diverse real-world environ-
ments indicate that geometry-aware supervision yields more robust and trans-
ferable world representations for long-horizon manipulation. Simulation Dataset.
The right part of Tab. 2 further evaluates policy extraction by re-executing pre-
dicted trajectories in simulation. Compared with TesserAct and CogVideoX,
GEM-4D achieves higher planning success across most tasks. As the inverse dy-
namics module of TesserAct is not open-source, we use our AIDS to process its
generated videos. Because most videos generated by CogVideoX cannot be reli-
ably processed by our AIDS, we do not report task success rates for this baseline.

While TesserAct frequently fails to produce executable trajectories, GEM-4D
reaches 63%–82% success on RLBench tasks and consistently improves perfor-
mance on long-horizon manipulation benchmarks. This shows that geometry-
consistent world modeling significantly improves downstream action planning.
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Qualitative Experiment To evaluate our model in realistic settings, we con-
ducted several tasks using a UF robot arm in real-world scenarios. The results are
shown in Fig. 6. We observe that, even under unseen backgrounds, our method
generates realistic visual results and reasonable geometry, demonstrating strong
potential for transfer to real robot manipulation.

4.3 Ablation Studies

We conduct a series of ablation studies to examine the contributions of the
proposed geometry flow branch and different geometry priors. The results are
summarized in Table 3. First, we consider a baseline obtained by directly fine-
tuning Generation backbone without any geometry guidance, in order to test
whether fine-tuning alone is sufficient to improve 4D generation. Second, we
replace the proposed geometry representation with explicit depth supervision,
training the model to predict depth velocity rather than geometry features
(GEM-4D (Dep)). This setting evaluates whether direct depth constraints
can provide comparable geometric guidance. Third, we compare different geom-
etry foundation models, including VGGT, to study how the choice of geome-
try prior influences learning (GEM-4D (VGGT)). The results reveal several
consistent trends. Directly incorporating VGGT features slightly degrades per-
formance, which may stem from the fact that VGGT is primarily trained for
static or quasi-static scenes and is therefore less well matched to the dynamic
scene evolution required in robotic manipulation. Using depth as a geometric
constraint, by contrast, yields competitive performance. Notably, unlike Tesser-
act, which conditions on first-frame depth and predicts future depth, our depth
ablation receives only noise as input and learns depth through the flow-matching
objective alone.

5 Conclusion

We presented GEM-4D, a geometry-enhanced video world model for robot ma-
nipulation. Unlike prior video world models that often generate visually plausible
but geometrically inconsistent futures, GEM-4D incorporates supervision from
geometry foundation models to enforce correspondence-consistent scene evolu-
tion during training, while retaining a single-stream architecture with no addi-
tional inference cost. Our approach improves both appearance generation and
geometric fidelity, enabling predicted rollouts to support downstream action ex-
traction. To close the loop from generation to control, we further introduced
an adaptive inverse dynamics system that converts generated videos into exe-
cutable robot trajectories. Experiments across real-world and simulated bench-
marks demonstrate consistent gains in video prediction, geometric consistency,
and manipulation success. Overall, our results suggest that distilling geometric
structure into video world models is a simple and effective step toward more
reliable world models for embodied AI.
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