
GEM: A Generalizable Ego-Vision Multimodal World Model for Fine-Grained
Ego-Motion, Object Dynamics, and Scene Composition Control

Mariam Hassan?1, Sebastian Stapf?2, Ahmad Rahimi?1, Pedro M B Rezende?2, Yasaman Haghighi⌃1,
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Figure 1. Overview of the capabilities of our proposed world model. GEM enables a range of features, including object manipulation
(move, and insert objects), dynamic ego-trajectory adjustments, human poses changes and adaptability to multimodal outputs (i.e., images
and depth maps) and multiple domains (i.e., drones and human egocentric activities). All images are generated by GEM.

Abstract

We present GEM, a Generalizable Ego-vision Multimodal
world model that predicts future frames using a reference
frame, sparse features, human poses, and ego-trajectories.
Hence, our model has precise control over object dynamics,
ego-agent motion and human poses. GEM generates paired
RGB and depth outputs for richer spatial understanding.
We introduce autoregressive noise schedules to enable sta-
ble long-horizon generations. Our dataset is comprised of
4000+ hours of multimodal data across domains like au-
tonomous driving, egocentric human activities, and drone
flights. Pseudo-labels are used to get depth maps, ego-
trajectories, and human poses. We use a comprehensive

?Main Contributors, ⌃ Data Contributors

evaluation framework, including a new Control of Object
Manipulation (COM) metric, to assess controllability. Ex-
periments show GEM excels at generating diverse, control-
lable scenarios and temporal consistency over long gener-
ations. Code, models, and datasets are fully open-sourced1.

1. Introduction
Different ego-vision tasks, such as autonomous driving,
egocentric human activities, and drone navigation, share a
common set of challenges centered around understanding
and interacting with the environment from a first-person
perspective. Whether it is a car moving, a drone flying, or

1https://vita-epfl.github.io/GEM.github.io/
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a human preparing a meal, ego-agents are inherently highly
dynamic and interactive within their environment. Conse-
quently, planning for ego-vision tasks requires understand-
ing the dynamics and interactions occurring in respective
environments, as well as understanding the effects that ego-
agent’s actions have on their surroundings.

World models predict plausible futures given past obser-
vations and control signals [33, 40]. By replicating the dis-
tribution of appearances and dynamics in observed visual
data, they capture patterns and principles that drive inter-
actions. This imaginative capability makes them excellent
tools for decision-making in ego-vision tasks [33]. Exist-
ing egocentric world models [16, 35, 39, 41, 61, 65, 84]
perform well with different controls but mainly focus on a
single ego-vision task, such as autonomous driving, with
domain-dependent control technique. The control in such
models is primarily egocentric, i.e., only capturing the mo-
tion and actions of the ego-agent. This limits the diversity
of the generated scenes, making it hard to model complex
interactions such as changing agents’ locations in the scene.
Overcoming such limitations comes with key challenges in
scaling datasets, generalizing controls, and developing tai-
lored evaluation frameworks for controllability.

To address the gaps highlighted above, we propose
GEM, a Generalizable Ego-vision Multimodal world model
with high-fidelity controls. As summarized in Fig. 1, GEM
is a multimodal and multidomain model designed to adapt
to different ego-vision tasks while enabling fine-grained
control over the scene in an unsupervised manner. GEM’s
controlling technique is threefold: 1) ego-motion control
through ego trajectories, 2) scene composition control by in-
painting the future content and the dynamics from a sparse
set of visual tokens, and 3) a more fine-grained control over
human motions through human poses. For scene compo-
sition control, we use sparse visual tokens extracted by the
DINOv2 [44] encoder augmented with unique object identi-
fication codes to enable precise control over the motion and
appearance of all objects in the scene. We support the in-
sertion of entirely new objects, and allow for highly flexible
and controllable future prediction. Alongside the frames,
GEM is capable of generating depth providing rich spatial
context. To achieve that, we pseudo-label our data with
depth maps, ego-trajectories and human poses.

GEM is trained on a large corpus of open-source
datasets, with contributions in both methods and datasets.
The methods are summarized as follows:

• We present GEM, a generalizable world model that pre-
dicts future frames given a reference, sparse DINOv2 fea-
tures, human pose, and ego-trajectories. It enables control
over ego motion, object dynamics, and human poses.

• We introduce autoregressive noise schedules to our
framework, enabling stable long-horizon generations.

• We train on autonomous driving domain and explore mul-

timodal and multidomain generation by (1) integrating
depth as an extra generation modality; and (2) fine-tuning
our model on different ego-vision domains, i.e., human
ego activities, and drone navigations.

• We present a comprehensive evaluation of GEM’s con-
trollability and introduce a metric, Control of Object Ma-
nipulation (COM) to evaluate control of object motion.
To address limitations in scale and diversity of exist-

ing open-source datasets, we propose the following dataset-
related contributions:
• We utilize a large-scale open-source corpus with over

3200 hours of driving videos, 1000 hours of egocentric
human activity datasets, and 27.4 hours of self-collected
drone footage from YouTube. The driving datasets are
further curated for diverse interactions and dynamics.

• Given scarcity of labels, we implement pseudo-labeling
approaches to generate depth maps, ego-trajectories, and
human pose annotations. We show the effectiveness of
our control strategy given pseudo-labels.

Our work is fully open-source, sharing the curated datasets,
codebase, and models2.

2. Related Work
We briefly review the previous works on controllable video
generation models and world models including autonomous
driving and egocentric human activity world models.

Controllable Video Generation. Recent advancements
in video generation models have enabled realistic, high-
quality video rendering. Several pioneering models
leverage Large Language Models (LLMs) for text-to-
video generation [42, 70]. Since the success of diffusion
models [15, 51], diffusion-based video generation has
become prominent. Methods can be categorized as:
text-to-video [12, 20, 28, 29, 53, 60, 62] or image-to-video,
[4, 11, 80]. Diffusion models adapt to various control
inputs like text, edge maps, and depth maps [78]; they
also offer superior realism [4]. However, generic video
generation models are not trained to encode the intricate
dynamics of egocentric environments [71], and many do
not offer detailed motion controls over the generations.

World Models. World models are large-scale generative
models that infer dynamics and predict plausible futures
based on past observations [33, 40, 74]. They are valuable
in many tasks such as real-world simulations [74, 87], re-
inforcement learning [2, 21, 24, 45, 66], model-predictive
control [22, 23], and representation learning [25, 43].

Autonomous Driving World Models. World models for
autonomous driving represent the world using sensor obser-

2https://vita-epfl.github.io/GEM.github.io/

22405



vations, such as lidar-generated point clouds [6, 76, 79, 85],
with limited datasets often constraining their scale, or
images [16, 30, 39, 41, 61, 65, 71, 84]. Recent visual
world models use LLMs as backbones [35, 67, 84], but
these models rely heavily on LLMs’ spatial reasoning,
which remains limited [34, 47, 83]. This makes them better
suited for high-level scene control, like weather or lighting
adjustments, rather than precise motion control [16].
Diffusion-based models, in contrast, use low-level controls
like ego-trajectories and maps [16, 41, 61, 65, 71, 84], but
focus primarily on ego-centric control, limiting their ability
to generate complex scenarios such as controlling over
any other motions in the scene. Additionally, efforts to
improve multimodal world models for spatial metric under-
standing [6] rely on limited simulation-based point cloud
datasets, which are difficult to generalize to real-world data.

Egocentric Human Activities World Models. Recent
large-scale egocentric video datasets (e.g., Ego4D [18] and
Ego-Exo4D [19]) have advanced human egocentric vision.
However, research on comprehensive world models for this
domain remains limited. To the best of our knowledge,
UniSim [74] is the first approach in this direction, using a
video diffusion model conditioned on action labels. In con-
trast, our approach provides higher-fidelity control allowing
for a greater diversity in the generated content.

3. Uncovering the Real GEM
In this section, we present GEM’s key components and ca-
pabilities. As shown in Fig. 2, GEM has two output modal-
ities—images and depth—and three control signals: ego-
trajectories, DINOv2 features, and human poses. We begin
with background (Sec. 3.1), detail our control methodology
(Sec. 3.2), long-horizon generation (Sec. 3.3), multimodal
generation (Sec. 3.4), and training strategy (Sec. 3.5).

3.1. Preliminaries
We cast the training of our world model as video generation.
Thus, we employ the current SotA open-source image-to-
video model, Stable Video Diffusion (SVD) [4], as back-
bone for GEM and fine-tune it on ego-centric data. In SVD,
videos are represented as sequences of N RGB frames of
size H ⇥ W . The frames are independently encoded into
the latent space of a pre-trained autoencoder, resulting in a
sequence of N feature maps, each having 4 channels, height
H̃ = H

8 , and width W̃ = W

8 . We denote the distribution
of the encoded videos from the dataset as pdata(x), where
x 2 RN⇥4⇥H̃⇥W̃ . SVD operates within the Elucidated Dif-
fusion Model (EDM) framework [36]. In this framework, a
network D✓(x;�, C) is trained to denoise a noisy sample x

given the noise level � and conditioning variables C. These
conditioning variables may include embeddings from text,
images, or videos. In the case of SVD, C = {x0} only

includes the embedding of the first frame in the sequence,
enabling image-to-video synthesis.

3.2. Controlling Ego-Vision Generation
We decompose the control space of our model into three
main components: 1) the ego-motion, 2) the object-level
control, and 3) human pose control. The first compo-
nent, Sec. 3.2.1, allows us to specify the motion of the
ego-agent through ego-trajectories. The second compo-
nent, Sec. 3.2.2, facilitates object-specific control, enabling
editing of scene composition and dynamics across space
and time by adjusting the location of object features. This
also enables insertion of new objects. The last component,
Sec. 3.2.3, enables control of pedestrian poses.

3.2.1. Ego-Motion Control
To control the ego-motion, we expand the set of condition-
ing variables in D✓(x;�, C) with the ego-trajectories ctraj,
i.e., C = {x0, ctraj}. Our ego-trajectories are metric se-
quences of 2D positions that quantify the motion of the
ego-agent when projected to the birds-eye-view plane. In-
spired by Vista [16], we integrate ctraj into the network by
first flattening and then applying Fourier embeddings [54].
Since the ego-motion control provides solely a global con-
text and does not encode direct spatial information in the
image space, we condition the network on ctraj by fusing
them through additional LoRA modules [31] in the cross-
attention layers of the UNet backbone (see Fig. 2).

3.2.2. Object-Level Control
For object-level control, we leverage DINOv2 tokens [44],
following previous work [14]. DINOv2 tokens are data-
agnostic, abstract, and inexpensive to obtain, making them
well-suited as conditioning signals. They encode high-level
semantic information about objects in the scene (e.g., object
categories or basic style features) and are invariant to small
appearance perturbations, ensuring their semantic consis-
tency across frames. We condition the model D✓ on a sparse
set of DINOv2 tokens that specify where and when a cer-
tain object should appear in the generated video, as illus-
trated in Fig. 2. The model generates the output by inpaint-
ing the missing information both spatially and temporally.
More precisely, the object-level control tokens (DINOv2
tokens) extracted from either unrelated images or the ref-
erence frame x0, are inserted into zero-initialized feature
maps {z0, . . . , zN}, zi 2 RN⇥d⇥h⇥w at the desired loca-
tions and times. Here, N is the number of frames, d is the
dimension of each DINOv2 feature, and h ⇥ w is its res-
olution. These feature maps form the object-level control
cdino that is fed to the model, conditioning it to place the ob-
jects at specific coordinates and time steps. Thus, the set of
conditioning variables in D✓ becomes C = {x0, ctraj, cdino}.

The training of the object-level control is done in an un-
supervised manner. During training, we randomly sample
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Figure 2. GEM generates two modalities by taking as inputs a reference frame and noisy latents of images and depth modalities. The
denoiser network, D✓ is conditioned on ego trajectories, DINOv2 features and human poses. Ego-trajectories are added using a cross
attention LoRA at every block of the network. DINOv2 features and human poses are added to the output of each block in the input layers
of the denoiser. To handle multimodal outputs, we use different output convolution-based projection layers P .

k frames {xt1 , . . . , xtk} from a given video x ⇠ pdata(x).
We then process the original frames with DINOv2, and ex-
tract the corresponding dense feature maps {zt1 , . . . , ztk},
where zti 2 Rd⇥h⇥w. From each of these feature maps,
we randomly mask all but m ⇠ U [0,M ] tokens, where
M is a hyperparameter that we set to 32 in our experi-
ments. The masked feature maps are then padded with
zeros to match the original frame count. We thus obtain
cdino = {zmasked

t1
, . . . , z

masked
tk

}pad. By employing this ran-
domized approach, we learn both the spatial composition
and the temporal dynamics of the scene.

Identity Embeddings. One challenge in the object-level
control using DINOv2 features arises when the inserted to-
kens are both spatially and feature-wise similar to the vi-
sual features of objects already present in the reference
frame. This creates an ambiguity between moving an ex-
isting object or inserting a new one. To address this, we
propose using a learned identity embedding to associate
individual tokens over time. This approach, visualized
in Fig. 3, involves adding the same identity embedding
to the control tokens representing the same moving entity
across different time steps. More specifically, we start with
{zmasked

t1
, . . . , z

masked
tk

}, as before, and add individual learned
identity embeddings ID� : {1, ...L} ! Rd to the nonzero
tokens in each map. Here L is chosen to be large enough to
ensure that different tokens from the same feature map do
not receive the same identity embedding. For each feature
map, we then sample a target time ⌧i > ti and translate the
tokens from z

masked+ID
ti

to z⌧i using the optical flow between
frames xti and x⌧i , as shown in Fig. 3. During inference, we
disambiguate the generation by using the same identity em-
beddings in the reference and in the target frames to guide
the model towards moving the underlying object instead of
introducing a new object at the desired location.

Figure 3. During training the sparse DINOv2 features from frame
ti are translated to frame ⌧i using the corresponding optical flow.

Conditioning Technique. In contrast to the ego-motion,
the object-level control encodes fine-grained details about
the scene composition. This influences the design of the
conditioning technique as it now requires incorporating spa-
tial information. We start by processing the sequence of
sparse DINOv2 feature maps using a network with a simi-
lar architecture to the input blocks of the denoising UNet.
We call this network ObjectNet. ObjectNet is meant to cap-
ture and inpaint both the spatial and the temporal informa-
tion in the sparse DINOv2 feature maps. Following prior
work [81], the encoded tokens are directly added to the
outputs of the UNet’s input blocks, as depicted in Fig. 2.
Empirically, we observe that this technique for object-level
control outperforms feeding the DINOv2 tokens via cross-
attention layers, as done for the ego-motion control. More-
over, ObjectNet serves as a transition layer, helping to align
the representations from DINOv2 with the UNet’s internal
feature space, and performs better than directly fusing raw
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noise schedule for denoising 6 frames in total with a window size
of 3 frames and 3 sampling steps.

DINOv2 feature maps into the denoiser.

3.2.3. Human Pose Control
We find that the aforementioned object-level control per-
forms well for objects with few moving parts. However, ac-
curately modeling humans remains challenging, yet crucial
for safe navigation and effective human-robot interaction.
To address this, we extend the object-level control with a
human pose component, i.e., C = {x0, ctraj, cdino, cpose}. To
condition the model D✓ on the extracted human poses, we
follow prior techniques for generating human motion [81].
We render the skeletons onto an empty image plane and
pass the image through PoseNet, a small CNN trained from
scratch. The resulting human pose feature maps are then
added to the network features of D✓, in a manner similar to
the object-level controls, as shown in Fig. 2.

3.3. Stable Long Video Generation
Generating long videos beyond the training horizon is a
challenging task for diffusion models [10, 13, 68, 82]. A
simple approach is to generate sequential short clips with
overlapping frames. However, this causes temporal discon-
tinuities and abrupt scene changes [68]. Inspired by recent
works [10, 68], we introduce progressive denoising and au-
toregressive sampling, using a per-frame noise schedule to
reinforce causal relationships between consecutive frames.

Autoregressive Sampling. The goal of sampling is to
autoregressively denoise all frames over a long horizon.
To this end, we adopt a dynamic per-frame noise schedule,
as illustrated in Fig. 4. The schedule has three phases:
initialization, autoregressive, and termination. Initially, the
schedule controls the noise levels of each frame so that

the denoising of frame i only starts after the denoising of
frame i � 1 has been initiated. This enables the denoising
of each frame to benefit from some cleaner information in
its preceding frames. Once a frame is fully denoised, it
is saved and replaces the current reference frame. At this
point, the autoregressive phase starts where at each step, a
fully denoised frame is removed and a new noisy frame is
appended. This process continues until only N frames still
need to be denoised, signaling the start of the termination
stage. At this stage, no new frames are added; the fully
denoised frames are saved. Refer to supplementary material
in Section 8.2 for the full algorithm in detail.

Training Noise Schedule. To support the inference with
the proposed custom noise schedule, we modify the train-
ing noise distribution in the following way. We first sample
a random noise level log(�) ⇠ N (pmean, pstd). Using SVD’s
noise-to-time step mapping, we compute the corresponding
denoising time step, tintercept. Next, we sample a random
shift tshift ⇠ Beta(↵,�), where ↵ and � are selected to favor
lower shift values. The per-frame time steps are then calcu-
lated as tintercept � ( i

N�1 � tshift) for i 2 {0, . . . , N � 1},
ensuring a consistent noise increase over the frame axis. To
add variability, we add small random noise to the time steps,
which are subsequently converted back to � values. This ap-
proach keeps the essential information within the attention
window for the autoregressive component.

3.4. Multimodal Generation
We incorporate depth as an additional generated modal-
ity to leverage its rich spatial information, proven to en-
hance tasks such as scene perception, planning, object lo-
calization, and more [1, 63]. By generating depth along-
side RGB images, GEM can generate spatial information
alongside the structural context of the scene. To encode
and decode depth, we use the same VAE used for im-
ages, following [32], which shows that the pretrained VAE
of SVD has negligible reconstruction error on depth im-
ages. We concatenate both modalities at the input and in-
troduce an output convolution projection layer (Pdepth) to
the denoising network to predict the noise for the depth.
D✓ simultaneously denoises both inputs ensuring consis-
tency between both modalities. The final denoiser becomes
D✓(x, xdepth;�, {x0, ctraj, cdino, cpose}).

3.5. Training Strategy
For efficiency, we divide our training into two stages. The
first stage focuses on learning new control signals, while
the second one emphasizes high-resolution generation. We
begin with the pre-trained SVD [4] and initially fine-tune
it on low-resolution videos (320⇥576) using all added con-
trol signals and modalities. In the second stage, the training
continues with the same configuration, but at a higher res-
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Domain Dataset Hours Front-View
Frames

Diversity
Cities

GT
Traj

Driving

OpenDV [71] 1747 60.2M >244
BDD [69] 1000 100M 1

Nuscenes [8] 5.5 241k 2 X
Driving Dojo [64] 150 - 9 X
Honda HDD [49] 104 1.1M 1
Honda HAD [38] 30 - 1

Drive360 [26] 55 - -
D2City [9] 100 700k 5

DoTAS [77] 13.9 504k -
CarCrashDatasetS [3] 6.25 - -

Total 3211 >162.4M >244
Human EgoExo4D [19] 1000 108M - X
Drone self-collected 27.4 961k -

Table 1. Overview of ego video datasets used for training, totaling
4238 hours of training data. S denotes accident-focused datasets.

olution (576⇥1024). As detailed in Sec. 4, we apply data
filtering to improve diversity and quality during both stages.
Please refer to the supplementary material Sec. 9 for more
details about our training strategy.

4. Dataset Preparation
We combine various open source datasets across different
domains presented in Tab. 1. In total, we use 3211 hours of
driving, 1000 hours of human egocentric videos, and 27.4
hours of drone footage collected from YouTube.

Data Curation. To achieve precise control over object
movements, the training data must include (1) diverse inter-
actions and dynamics, (2) fine-grained object details. We
curate the dataset by removing low-quality and low-motion
sequences, segmenting videos into 2.5-second clips, and
applying two types of filters: quality and diversity. Quality
filtering excludes clips with poor camera quality or high
blur using aesthetic scores from the LAION dataset [52]
and PIQE metrics [59], similar to [48]. Diversity filter-
ing assesses motion diversity via optical flow, similar
to [17, 48], and semantic variation using DINO feature
encodings [44]. Clips with low intra-clip diversity or high
cross-clip similarity are excluded to balance motion and
content. Additional details can be found in the in the
supplementary Sec. 8.3.

Pseudo-labeling. Given scarcity of labeled datasets, we
pseudo-label all the data with depth, ego-trajectories, and
human skeletons. We generate metric depth using Depth
Anything V2 [73] for trajectory labeling and geometric
understanding. We estimate ego-trajectories with Geo-
Calib [58] for intrinsics followed by DroidSLAM [56] for
RGB-D SLAM, with pseudo-depth resolving scale ambigu-
ity. Finally, we extract human skeletons using DWPose [75]
for efficient and high-quality pose estimation. Refer to the
supplementary material Sec. 8.1 for more details.

5. Experiments
In this section, we conduct experiments to evaluate our
model based on quality and controllability. We start by in-
troducing our metrics in Sec. 5.1. Then, we outline our ex-
periments for quality evaluation followed by controllability
evaluation. We conduct the experiments on Nuscenes’ val-
idation set and a randomly sampled subset of equal num-
ber of videos from the OpenDV’s validation set. We use
Vista [16] as a baseline, as its architecture aligns closely
with ours, making it the most comparable model to GEM.
We additionally show qualitative results in Fig. 6. and more
ablation studies in supplementary material Sec. 11.

5.1. Evaluation Metrics
In this section, we outline the metrics utilized to assess
various aspects of our world model including the visual
quality and controllability of the generations.

Video Quality. We evaluate the generation quality of our
world model using standard metrics: Frechet Inception Dis-
tance (FID) [27] and Frechet Video Distance (FVD) [57].

Ego Motion. To evaluate the ego-motion control, we
estimate the ego-motion, p̂, from the generated videos
using our pseudo-labeling technique (Sec. 4). We use
the Average Displacement Error (ADE) to compare the
generated trajectory against the ground truth trajectories.
If a dataset has no ground truth labels, we estimate the
pseudo-ground truth using the same pipeline (Sec. 4).

Control of Object Manipulation (COM). To evaluate the
object-level control, we use YOLOv11 [37] to detect and
track the objects through frames. We extract the bounding
boxes of the largest vehicle in the scene and compare
its bounding boxes across the frames in the generated
and ground-truth videos. We then calculate the absolute
difference in pixels between the centers of the bounding
boxes as follows: COM = |BBoxgen � BBoxGT|.

Human Pose. For human poses, we select video clips
that contain at least five pedestrians and extract their joints
using DWPose [75]. We use the COCO toolkit to evaluate
based on 17 keypoints; we calculate Average Precision
(AP) of poses extracted from the generated videos against
those from the ground truth videos. We compare AP of
poses in unconditional versus conditional generation to
evaluate the effectiveness of the control technique.

Depth Evaluation. We compare our generations to the
pseudo-labels. The evaluation is based on two commonly
used metrics [32, 72, 73]: Absolute Relative Error (Ab-
sRel) defined as |d̂�d|

d
, and � defined as percentage of
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Nuscenes OpenDV
FID # FVD # FID # FVD #

DriveGAN [39] 73.4 502.3 - -
DriveDreamer [61] 14.9 340.8 - -

DriveDreamer-2 [84] 25.0 105.1 - -
WoVoGen [41] 27.6 417.7 - -
Drive-WM [65] 15.8 122.7 - -

GenAD [71] 15.4 184.0 - -
Vista [16] 6.6? 167.7? 5.5? 163?

GEM (Ours) 10.5 158.5 6.3 131
? our reproduced results using the official code from Vista [16].

Table 2. Quality comparison of generations using FID and FVD
on Nuscenes and OpenDV datasets. While GEM shows slightly
worse FID results than Vista [16], GEM outperforms it on FVD.

max
⇣

d

d̂
,
d̂

d

⌘
< 1.25. Refer to Sec. 10 in the supplemen-

tary material for the results.

5.2. Comparisons of Generation Quality
Training-Horizon Generation Quality. Tab. 2 compares
GEM’s generation quality with existing autonomous driv-
ing world models based on the standard quality metrics,
FID and FVD. As shown in Tab. 2, GEM outperforms Vista
on FVD results for both datasets and achieves competitive
FID results for OpenDV. While GEM’s FID results on
Nuscenes are marginally lower than Vista’s, it is likely due
to Vista’s fine-tuning on Nuscenes during the final training
stage. Notably, GEM achieves these comparable results
despite being trained on a dataset curated specifically to en-
hance controllability performance rather than visual quality.

Long-Horizon Generation Quality. We quantitatively
evaluate long-generation quality by randomly generating
500 videos of 150 frames using GEM’s autoregressive
sampler and Vista’s triangular sampler (window size: 25
frames, 3-frame overlap). Due to the computational cost,
we limited the experiment to 500 randomly generated
videos. We calculate FID and FVD on video lengths of 25,
50, 75, 100, 125, and 150 frames. Results (Fig. 5) show
GEM outperforming Vista, with consistently lower FVD
and FID scores across all durations, reflecting better tem-
poral consistency and quality. This demonstrates GEM’s
superior sampling approach for long-horizon videos.

5.3. Human Evaluation
To address the limitations of FVD in evaluating video per-
ceptual quality, particularly for dynamic scenes [5, 7], we
conduct a human evaluation. Participants performed pair-
wise comparisons between GEM and Vista’s unconditional
video generations. Using a random selector, we sampled
50 2.5s and 50 15s videos from each model, along with 50

Figure 5. FVD and FID comparisons of generations across differ-
ent video duration for GEM and Vista [16]. While the generations
of both models degrade with longer videos, GEM shows better vi-
sual quality in long generations.

videos of each length from the OpenDV validation set. Each
participant evaluated 20 randomly selected videos, equally
split between short and long generations, focusing on re-
alistic dynamics, visual quality, and temporal consistency.
Results, based on 116 responses, are shown in Fig. 7.

For short videos, most participants found minimal differ-
ences between GEM and Vista, with 76, 48, and 60 noting
no distinction in realism, visual quality, and temporal con-
sistency, respectively. This suggests that short generations
are generally perceived as highly similar.

For long videos, GEM was strongly preferred: 75 vs. 23
votes for realism, 79 vs. 29 for visual quality, and 81 vs. 27
for temporal consistency. These results indicate that GEM’s
long generations are perceived as superior in realism, visual
quality, and temporal consistency as per human judgment.
5.4. Comparisons of Controllability
In this section, we evaluate controllability of ego motion,
object motion and human pose. We compare our condi-
tional generation against the unconditional one to evaluate
the effectiveness of our control strategy.

Ego-Motion Tab. 3 reports the ADE results of generated
trajectories for the Nuscenes dataset and OpenDV. Results
on Nuscenes show slight improvement in our controlled
generation. This is due to the fact that in most cases, the
ego-motion is obvious in the 2.5s window (e.g., moving
straight). Therefore, we manually choose a subset of 50
videos, Nuscenessub, where ambiguity is present (e.g.,
multiple paths ahead). Results on Nuscenessub in Tab. 3
show 18% improvement of the conditional generation,
demonstrating effective ego-motion controllability. We
additionally provide qualitative examples on our website.

Object Motion Tab. 3 reports the results of object manip-
ulation controllability based COM introduced in Sec. 5.1.
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Figure 6. Qualitative results for GEM’s controllability. GEM can flexibly move objects (top-left), insert new objects (top-right), change
ego trajectories (bottom-left) and change human poses (bottom-right). Refer to our website for more videos.

Ego-Motion Controllability Object Motion Controllability Human Pose Controllability
Nuscenes Nuscenessub OpendDV Nuscenes OpenDV OpenDV

ADE # ADE # ADE # COM # COM # AP@IoU=.5 "
area=all

AP@IoU=.5:.95 "
area=large

GEM w/o controls 3.24 3.59 5.39 38.8 55.2 0.00 0.00
GEM w/ controls 3.07 2.85 3.47 12.2 11.5 0.12 0.12

Table 3. Controllability evaluation of ego-motion, object motion and human pose. We compare the metrics with unconditional generations
of GEM and consistently observe better performance with controls, indicating that GEM accurately follows the given control signals.
Nuscenessub denotes the subset of Nuscenes with ego-motion ambiguity, where we observe a higher ADE gap.

!

!

!

!

!

!

Figure 7. Human evaluation on short (2.5s) and long (15s) videos.
The gem denotes GEM. While results show no preference on short
videos, GEM significantly outperforms Vista [16] on long videos.

The results show that our conditional generation con-
sistently outperforms the unconditional one by 68.8%
on Nuscenes and 79% on OpenDV. This highlights the
effectiveness of our control strategy for moving objects.

Human Pose We report two types of AP metrics: AP based
on (1) loose Intersection over Union (IoU) of at least 50%

on all sizes of skeletons, (2) strict IoU (50% to 95%) on
large skeletons. Tab. 3 presents the results, highlighting the
control effectiveness particularly for large human poses.

6. Conclusion
We introduced GEM, a multimodal world model for ego-
vision tasks, capable of generating videos in environments
with complex dynamics. By leveraging egocentric trajec-
tories, DINO features, and human skeletons, GEM enables
precise control over ego-motion, object movements, as well
as humans. Its multimodal features, including image and
depth frame generation, provide both rich semantic and spa-
tial context. Our evaluation results have highlighted GEM’s
effectiveness, with conditional generation significantly sur-
passing unconditional generation for ego trajectories, ob-
ject motion, and modeling humans. While GEM advances
the state of the art in controllable ego-vision world models,
it is not without limitations. Notably, while GEM demon-
strates strong performance in long generations, further im-
provements are needed to enhance their quality and consis-
tency over extended sequences. Despite these limitations,
we hope GEM will serve in the future as a foundation for
adaptable and controllable world models.
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Zöllner. Muvo: A multimodal world model with spatial rep-
resentations for autonomous driving, 2024. 3

[7] Tim Brooks, Janne Hellsten, Miika Aittala, Ting-Chun
Wang, Timo Aila, Jaakko Lehtinen, Ming-Yu Liu, Alexei
Efros, and Tero Karras. Generating long videos of dynamic
scenes. Advances in Neural Information Processing Systems,
35:31769–31781, 2022. 7

[8] Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora,
Venice Erin Liong, Qiang Xu, Anush Krishnan, Yu Pan, Gi-
ancarlo Baldan, and Oscar Beijbom. nuscenes: A multi-
modal dataset for autonomous driving. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 11621–11631, 2020. 6

[9] Zhengping Che, Guangyu Li, Tracy Li, Bo Jiang, Xuefeng
Shi, Xinsheng Zhang, Ying Lu, Guobin Wu, Yan Liu, and
Jieping Ye. D2-city: a large-scale dashcam video dataset of
diverse traffic scenarios. arXiv preprint arXiv:1904.01975,
2019. 6

[10] Boyuan Chen, Diego Marti Monso, Yilun Du, Max Sim-
chowitz, Russ Tedrake, and Vincent Sitzmann. Diffusion
forcing: Next-token prediction meets full-sequence diffu-
sion. Advances in Neural Information Processing Systems,
2024. 5

[11] Haoxin Chen, Menghan Xia, Yingqing He, Yong Zhang,
Xiaodong Cun, Shaoshu Yang, Jinbo Xing, Yaofang Liu,
Qifeng Chen, Xintao Wang, Chao Weng, and Ying Shan.
Videocrafter1: Open diffusion models for high-quality video
generation, 2023. 2

[12] Haoxin Chen, Yong Zhang, Xiaodong Cun, Menghan Xia,
Xintao Wang, Chao Weng, and Ying Shan. Videocrafter2:
Overcoming data limitations for high-quality video diffu-
sion models. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 7310–
7320, 2024. 2

[13] Xinyuan Chen, Yaohui Wang, Lingjun Zhang, Shaobin
Zhuang, Xin Ma, Jiashuo Yu, Yali Wang, Dahua Lin, Yu
Qiao, and Ziwei Liu. Seine: Short-to-long video diffu-
sion model for generative transition and prediction. In The
Twelfth International Conference on Learning Representa-
tions, 2024. 5

[14] Aram Davtyan, Sepehr Sameni, Bjorn Ommer, and Paolo
Favaro. Enabling visual composition and animation in un-
supervised video generation. ArXiv, abs/2403.14368, 2024.
3, 4

[15] Prafulla Dhariwal and Alex Nichol. Diffusion models beat
gans on image synthesis, 2021. 2

[16] Shenyuan Gao, Jiazhi Yang, Li Chen, Kashyap Chitta, Yi-
hang Qiu, Andreas Geiger, Jun Zhang, and Hongyang Li.
Vista: A generalizable driving world model with high fidelity
and versatile controllability. Advances in Neural Information
Processing Systems, 2024. 2, 3, 6, 7, 8

[17] Rohit Girdhar, Mannat Singh, Andrew Brown, Quentin Du-
val, Samaneh Azadi, Sai Saketh Rambhatla, Akbar Shah, Xi
Yin, Devi Parikh, and Ishan Misra. Emu video: Factoriz-
ing text-to-video generation by explicit image conditioning.
ArXiv, abs/2311.10709, 2023. 6

[18] Kristen Grauman, Andrew Westbury, Eugene Byrne,
Zachary Chavis, Antonino Furnari, Rohit Girdhar, Jackson
Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d:
Around the world in 3,000 hours of egocentric video. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 18995–19012, 2022. 3

[19] Kristen Grauman, Andrew Westbury, Lorenzo Torresani,
Kris Kitani, Jitendra Malik, Triantafyllos Afouras, Kumar
Ashutosh, Vijay Baiyya, Siddhant Bansal, Bikram Boote,
et al. Ego-exo4d: Understanding skilled human activity
from first-and third-person perspectives. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 19383–19400, 2024. 3, 6

[20] Yuwei Guo, Ceyuan Yang, Anyi Rao, Zhengyang Liang,
Yaohui Wang, Yu Qiao, Maneesh Agrawala, Dahua Lin, and
Bo Dai. Animatediff: Animate your personalized text-to-
image diffusion models without specific tuning, 2024. 2

[21] Danijar Hafner, Timothy Lillicrap, Jimmy Ba, and Moham-
mad Norouzi. Dream to control: Learning behaviors by la-

22412



tent imagination. In International Conference on Learning
Representations, 2020. 2

[22] Nicklas Hansen, Jyothir SV, Vlad Sobal, Yann LeCun, Xi-
aolong Wang, and Hao Su. Hierarchical world models as
visual whole-body humanoid controllers. arXiv preprint
arXiv:2405.18418, 2024. 2

[23] Nicklas A Hansen, Hao Su, and Xiaolong Wang. Temporal
difference learning for model predictive control. In Interna-
tional Conference on Machine Learning, pages 8387–8406.
PMLR, 2022. 2

[24] Shibo Hao, Yi Gu, Haodi Ma, Joshua Hong, Zhen Wang,
Daisy Zhe Wang, and Zhiting Hu. Reasoning with language
model is planning with world model. In NeurIPS 2023 Work-
shop on Generalization in Planning, 2023. 2

[25] Haoran He, Chenjia Bai, Ling Pan, Weinan Zhang, Bin Zhao,
and Xuelong Li. Large-scale actionless video pre-training
via discrete diffusion for efficient policy learning, 2024. 2

[26] Simon Hecker, Dengxin Dai, and Luc Van Gool. End-to-end
learning of driving models with surround-view cameras and
route planners. In Proceedings of the european conference
on computer vision (eccv), pages 435–453, 2018. 6

[27] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equilib-
rium. In Neural Information Processing Systems, 2017. 6

[28] Jonathan Ho, William Chan, Chitwan Saharia, Jay Whang,
Ruiqi Gao, Alexey Gritsenko, Diederik P Kingma, Ben
Poole, Mohammad Norouzi, David J Fleet, et al. Imagen
video: High definition video generation with diffusion mod-
els. arXiv preprint arXiv:2210.02303, 2022. 2

[29] Jonathan Ho, Tim Salimans, Alexey Gritsenko, William
Chan, Mohammad Norouzi, and David J. Fleet. Video diffu-
sion models, 2022. 2

[30] Anthony Hu, Lloyd Russell, Hudson Yeo, Zak Murez,
George Fedoseev, Alex Kendall, Jamie Shotton, and Gian-
luca Corrado. Gaia-1: A generative world model for au-
tonomous driving, 2023. 3

[31] J. Edward Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-
Zhu, Yuanzhi Li, Shean Wang, and Weizhu Chen. Lora:
Low-rank adaptation of large language models. ArXiv,
abs/2106.09685, 2021. 3

[32] Wenbo Hu, Xiangjun Gao, Xiaoyu Li, Sijie Zhao, Xiaodong
Cun, Yong Zhang, Long Quan, and Ying Shan. Depthcrafter:
Generating consistent long depth sequences for open-world
videos. arXiv preprint arXiv:2409.02095, 2024. 5, 6

[33] Yafei Hu, Quanting Xie, Vidhi Jain, Jonathan Francis, Jay
Patrikar, Nikhil Keetha, Seungchan Kim, Yaqi Xie, Tianyi
Zhang, Shibo Zhao, Yu Quan Chong, Chen Wang, Katia
Sycara, Matthew Johnson-Roberson, Dhruv Batra, Xiaolong
Wang, Sebastian Scherer, Zsolt Kira, Fei Xia, and Yonatan
Bisk. Toward general-purpose robots via foundation mod-
els: A survey and meta-analysis, 2023. 2

[34] Zhiting Hu and Tianmin Shu. Language models, agent mod-
els, and world models: The law for machine reasoning and
planning. arXiv preprint arXiv:2312.05230, 2023. 3

[35] Fan Jia, Weixin Mao, Yingfei Liu, Yucheng Zhao, Yuqing
Wen, Chi Zhang, Xiangyu Zhang, and Tiancai Wang.

Adriver-i: A general world model for autonomous driving.
arXiv preprint arXiv:2311.13549, 2023. 2, 3

[36] Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine.
Elucidating the design space of diffusion-based generative
models. ArXiv, abs/2206.00364, 2022. 3, 4

[37] Rahima Khanam and Muhammad Hussain. Yolov11: An
overview of the key architectural enhancements. arXiv
preprint arXiv:2410.17725, 2024. 6

[38] Jinkyu Kim, Teruhisa Misu, Yi-Ting Chen, Ashish Tawari,
and John Canny. Grounding human-to-vehicle advice for
self-driving vehicles. In The IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2019. 6

[39] Seung Wook Kim, Jonah Philion, Antonio Torralba, and
Sanja Fidler. Drivegan: Towards a controllable high-quality
neural simulation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
5820–5829, 2021. 2, 3, 7

[40] Yann LeCun. A path towards autonomous machine intelli-
gence. 2

[41] Jiachen Lu, Ze Huang, Zeyu Yang, Jiahui Zhang, and
Li Zhang. Wovogen: World volume-aware diffusion for
controllable multi-camera driving scene generation. arXiv
preprint arXiv:2312.02934, 2023. 2, 3, 7

[42] Zeyu Lu, Zidong Wang, Di Huang, Chengyue Wu, Xihui
Liu, Wanli Ouyang, and Lei Bai. Fit: Flexible vision trans-
former for diffusion model, 2024. 2

[43] Russell Mendonca, Shikhar Bahl, and Deepak Pathak. Struc-
tured world models from human videos, 2023. 2

[44] Maxime Oquab, Timoth’ee Darcet, Théo Moutakanni,
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