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Abstract

Generative models offer a scalable and flexible paradigm for simulating com-
plex environments, yet current approaches fall short in addressing the domain-
specific requirements of autonomous driving—such as multi-agent interactions,
fine-grained control, and multi-camera consistency. We introduce GAIA-2, Gener-
ative AI for Autonomy, a latent diffusion world model that unifies these capabilities
within a single generative framework. GAIA-2 supports controllable video gener-
ation conditioned on a rich set of structured inputs: ego-vehicle dynamics, agent
configurations, environmental factors, and road semantics. It generates high-
resolution, spatiotemporally consistent multi-camera videos across geographically
diverse driving environments (UK, US, Germany). The model integrates both
structured conditioning and external latent embeddings (e.g., from a proprietary
driving model) to facilitate flexible and semantically grounded scene synthesis.
Through this integration, GAIA-2 enables scalable simulation of both common
and rare driving scenarios, advancing the use of generative world models as a
core tool in the development of autonomous systems. Videos are available at
https://wayve.ai/thinking/gaia-2.

1 Introduction

Realistic simulation of driving scenarios is a foundational requirement for the development, training,
and evaluation of autonomous driving systems. Generative world models enable scalable and diverse
synthetic data creation, reducing reliance on expensive real-world data collection and facilitating
robust evaluation in safe and repeatable environments. Unlike general-purpose text-to-video or image-
to-video models, which primarily focus on visual realism and temporal coherence, autonomous
driving applications demand fine-grained control over domain-specific aspects of the scene.

Generative models for autonomous driving must accurately simulate factors such as the actions of the
ego-vehicle, the locations and movements of other agents (e.g., vehicles, pedestrians, cyclists), and
their interactions. Moreover, these models must allow conditional generation based on contextual
attributes, such as geographic location, weather, time of day, road configuration (e.g., speed limits,
number of lanes, pedestrian crossings, traffic lights, intersections), and rare but critical edge-case sce-
narios. The ability to generate consistent multi-camera video streams is also essential, as autonomous
vehicles rely on spatially and temporally coherent input from multiple perspectives for perception
and decision-making. Meeting these domain-specific constraints presents unique challenges that are
not adequately addressed by existing video generative models.
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Figure 1: A selection of ‘from scratch’ generations demonstrating the diversity of synthetic scenarios possible
with GAIA-2.

While recent advancements in latent video generation, particularly those leveraging continuous [1, 2]
or quantized [2, 3, 4] latent spaces, have led to improvements in efficiency and visual quality, current
approaches remain limited in scope. In the context of autonomous driving, several models have
introduced task-specific conditioning mechanisms [5, 6, 7, 8, 9], enabling some control over scenario
elements. However, existing models typically support only a subset of the required capabilities, such
as limited conditioning types, lack of multi-camera generation, or poor spatial-temporal coherence.
As such, a comprehensive and unified generative framework remains an open challenge in the field.

To address this gap, we introduce GAIA-2, a domain-specialized latent diffusion model that represents
a significant advancement in video-generative world modelling for autonomous driving. GAIA-2
advances prior work by supporting a conditional generation of high-resolution, multi-camera driving
scenes, with fine-grained control over ego-vehicle actions, agent behavior, scene geometry, and
environmental factors. The model can generate up to five temporally and spatially consistent camera
streams at a resolution of 448� 960, accommodating various multi-camera rig configurations used in
real-world autonomous vehicle systems.

GAIA-2 supports conditioning on a wide range of scene attributes, including ego-vehicle kinematics
(e.g., speed, curvature), geographic regions (UK, US, Germany), time of day, weather, and a rich
taxonomy of road layout features—such as number and type of lanes (e.g., drivable, bus, cycle),
presence of pedestrian crossings, traffic lights, and intersection topology (e.g., one-way roads,
roundabouts). It also allows direct control over the locations, orientations, and dimensions of dynamic
agents within the scene. This extensive set of conditioning parameters allows for precise control over
the generated scenarios, enabling simulation of both typical driving conditions and edge cases critical
for robust system evaluation.
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Figure 2: GAIA-2 world model. The architecture schematic shows full surround camera views independently
encoded by a video tokenizer. The combined multi-camera latents are used as past context and linearly
interpolated with sampled noise. We add camera parameters along with positional encodings before passing
the latents through a space-time factorized transformer. Conditioning is implemented via cross-attention and
adaptive layer norm. The latents are denoised into future latents, conditioned on various inputs, including
actions, 3D bounding boxes, metadata, and scenario embeddings. The denoised latents are then decoded back to
pixel space by the video tokenizer. Below, we depict the various tasks GAIA-2 is trained on, including from
scratch generations, context rollouts, and spatial inpainting. At inference, we can generate beyond the window
duration GAIA-2 was trained on by taking overlapping strides to generate new frames conditioned on previously
generated frames.

To ensure flexibility and interoperability, GAIA-2 enables conditioning on external latent spaces,
including CLIP embeddings and a proprietary model trained to produce driving-specific latent
representations. This capability allows semantic control over scene content and facilitates integration
with downstream planning or perception modules. GAIA-2 further supports multiple video generation
modes, including generation from scratch, prediction from past context, and selective content editing
through inpainting.

By integrating these capabilities into a single framework, GAIA-2 sets a new benchmark in video-
generative world models for autonomous driving. It enables detailed, controllable, and realistic
simulation across diverse conditions, providing a powerful tool for scalable training and robust
evaluation of autonomous driving systems.

2 Model

GAIA-2 is a surround-view video generative world model with structured conditioning, multi-camera
coherence, and high spatial-temporal resolution. The architecture (Figure 2) is composed of two
primary components: a video tokenizer and a latent world model. Together, these modules enable
GAIA-2 to generate realistic and semantically coherent video across multiple viewpoints with rich
conditional control.

The video tokenizer compresses the raw high-resolution video into a compact, continuous latent space,
preserving semantic and temporal structure. This compact representation enables efficient learning
and generation at scale. The world model then learns to predict future latent states, conditioned on
past latent states, actions, and a diverse set of domain-specific control signals. It can also be used
to generate novel states completely from scratch and modify video content through inpainting. The
predicted latent states are subsequently decoded back into pixel space using the video tokenizer
decoder.
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Figure 3: GAIA-2 video tokenizer. The architecture schematic depicts input frames spatiotemporally down-
sampled into temporally independent latents. A high spatial compression rate is compensated for by an increased
latent channel dimension. Latents are decoded back to video frames, leveraging full spatiotemporal attention to
ensure temporal consistency. To autoencode long sequences, we employ a rolling inference mechanism where
current latents are decoded using past and future context in a sliding window fashion. The examples show input
frames, decoded frames, and a visualization of the latent space. The first 3 principal components of the latent
features are mapped to RGB values. Notably, the latent space is semantically stable across frames and across
samples.

In contrast to most latent diffusion models, GAIA-2 employs a much higher spatial compression
rate (e.g., 32� vs. the more typical 8�), which is offset by increasing the channel dimension of
the latent space (e.g., 64 channels instead of 16). This yields fewer but semantically richer latent
tokens. The resulting advantages are twofold: (1) shorter latent sequences enable faster inference and
better memory efficiency, and (2) the model demonstrates improved ability to capture video content
and temporal dynamics. This parameterization strategy is inspired by prior work on compact latent
representations [10, 11].

Unlike its predecessor GAIA-1 [5], which relied on discrete latent variables, GAIA-2 employs a
continuous latent space, improving temporal smoothness and reconstruction fidelity. Furthermore,
GAIA-2 introduces a flexible conditioning interface that supports ego-vehicle actions, dynamic
agent states (e.g., 3D bounding boxes), structured metadata, CLIP and scenario embeddings, and
camera geometry. This design enables robust control over scene semantics and agent behavior during
generation, while ensuring cross-view consistency and temporal coherence.

2.1 Video Tokenizer

The video tokenizer compresses pixel-space video into a compact latent space that is continuous and
semantically structured. It is composed of a space-time factorized transformer with an asymmetric
encoder-decoder architecture (with 85M and 200M parameters, respectively). The encoder extracts
spatiotemporally downsampled latents that are temporally independent; the decoder reconstructs
full-frame video from these latents using temporal context for temporal consistency.
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2.1.1 Encoder

Given an input video (i1; :::; iTv ), the encoder e� computes latent tokens (z1; :::; zTL
) =

e�(i1; :::; iTv
), where Tv corresponds to the number of video frames and TL the number of la-

tents. Let us denote by Hv �Wv the spatial resolution of the video frames and H �W the spatial
resolution of the latent tokens. The encoder downsamples spatially by a factor Hv

H = 32 and tempo-
rally by a factor Tv

TL
= 8. The latent dimension is L = 64, which results in a total compression of

(Tv×Hv×Wv×3
TL×H×W×L = 384) with (Tv; Hv;Wv) = (24; 448; 960) and (TL; H;W ) = (3; 14; 30).

This downsampling is achieved by temporally striding the input frames by 2� and the following
modules:

1. A downsampling convolutional block with stride 2� 8� 8 (time, height, width) followed
by another downsampling convolutional block with stride 2 � 2 � 2 (both operating at
embedding dimension 512).

2. A series of 24 spatial transformer blocks with dimension 512 and 16 heads.
3. A final convolution with stride 1� 2� 2, followed by a linear projection to 2L channels to

model a Gaussian distribution over latents. Note that the latent dimension is doubled as the
encoder predicts the mean and standard deviation of a Gaussian distribution. During both
training and inference, the latents are sampled from this resulting distribution.

2.1.2 Decoder

The decoder architecture is:

1. A linear projection from the latent dimension to the embedding dimension followed by a
first upsampling convolutional block with stride 1� 2� 2 (upsampling is achieved with a
depth-to-space module [12]).

2. A series of 16 space-time factorized transformer blocks with dimension 512 and 16 heads.
3. An upsampling convolutional block with stride 2�2�2 followed by 8 space-time factorized

transformer blocks with dimension 512 and 16 heads.
4. A final upsampling convolutional block with stride 2�8�8 and dimension 3 corresponding

to the pixel RGB channels.

A key difference between the encoder and decoder is that the encoder independently maps 8 con-
secutive video frames to a single temporal latent, while the decoder jointly decodes the TL = 3
temporal latents to Tv = 24 video frames for temporal consistency. During inference, the video
frames are decoded with a sliding window. The logic is shown in diagrams ‘Training’ and ‘Inference’
of Figure 3.

2.1.3 Training Losses

The video tokenizer is trained with a combination of pixel reconstruction and latent space losses:

• Image reconstruction with L1, L2, and perceptual losses [13].
• DINO [14] distillation on the latent features through a cosine similarity loss, encouraging

semantic alignment with pre-trained representations. The video frames are encoded with
the DINO model and temporally downsampled with linear interpolation to match the
dimensionality of the latent features.

• Kullback-Leibler divergence loss [1] with respect to a standard Gaussian distribution to
regularize the latent space.

To improve visual quality, we further fine-tune the decoder with a GAN loss [4] using a 3D convo-
lutional discriminator and the image reconstruction losses, while keeping the encoder frozen. The
discriminator is a series of residual 3D convolutional blocks with base channel 64, stride 2 in time
and space with 3D blur pooling [15], channel multipliers [2, 4, 8, 8], 3D instance normalization,
and LeakyReLU with slope 0:2. It uses spectral normalization [16] and the original GAN loss
implemented with a softplus activation function.
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2.2 World Model

The latent world model predicts future latent states conditioned on past latents, actions, and a rich set
of conditioning inputs. It is implemented as a space-time factorized transformer with 8.4B parameters
and is trained using flow matching [17] for stability and sample efficiency.

Let x1:T 2 RT×N×H×W×L be the input latents, where T is the temporal window and N is the
number of cameras. The input latents are obtained by independently encoding each camera view with
the encoder e�. At each timestep t, we also provide an action vector at and a conditioning vector ct.

2.2.1 Architecture

The world model is a space-time factorized transformer with hidden dimension C. Each action at is
embedded to RC , and the conditioning vector ct embedded to RK×C , where K corresponds to the
number of conditioning variables. The flow matching time � 2 [0; 1] is also mapped to RC using a
sinusoidal encoding [18].

Flow matching time � and action at are injected into each transformer block through the adaptive
layer norm [19], while we use cross-attention for the other conditioning variables ct. We have found
that action conditioning was more accurate when using adaptive layer norm over cross-attention.
As the action affects every spatial token, the adaptive layer norm provides an explicit information
gateway instead of having to rely on a learnable attention mechanism.

Regarding positional encoding, we independently encode: (i) spatial token position with a sinusoidal
embedding, (ii) camera timestamp with a sinusoidal embedding followed by a small MLP, and (iii)
camera geometry (distortion, intrinsic, and extrinsics) with learnable linear layers. All these positional
encodings are added to the input latents at the beginning of each transformer block, similar to [20].

The world model contains 22 space-time factorized transformer blocks with hidden dimension
C = 4096 and 32 heads. Each transformer block contains a spatial attention (over space and
cameras), a temporal attention, a cross-attention, and an MLP layer with an adaptive layer norm. For
increased training stability, we use query-key normalization [21] before each attention layer.

2.2.2 Losses

At training time, we randomly sample the number of context frames t 2 f0; :::; T � 1g where
t = 0 corresponds to from scratch generation. We also sample a flow matching time � 2 [0; 1]
according to a pre-defined distribution (see Section 2.2.4 for more details). The context latents x1:t

are unchanged, while the future latents xt+1:T are linearly interpolated with random Gaussian noise
ϵt+1:T � N (0; I).

x�t+1:T = �xt+1:T + (1� �)ϵt+1:T (1)

The velocity target vector vt+1:T is the difference between target latents and random noise:
vt+1:T = xt+1:T � ϵt+1:T (2)

The world model f� predicts the target velocity vt+1:T conditioned on context latents x1:t, actions
a1:T and conditioning variables c1:T .

v̂t+1:T = f�(x
�
t+1:T jx1:t;a1:T ; c1:T ; �) (3)

The model is trained with an L2 loss between the predicted and the target velocity.
Lworld-model = Et∼P (t);�∼p(�)[jjvt+1:T � v̂t+1:T jj2] (4)

where t � P (t) denotes the distribution of context frames and � � p(�) the distribution of flow
matching time.

2.2.3 Conditioning

GAIA-2 supports rich and structured conditioning inputs that enable fine-grained control over the
generated scenes. These inputs include ego-vehicle actions, dynamic agent properties, scene-level
metadata, camera configurations, timestamp embedding, and external latent representations such
as CLIP or proprietary scenario embeddings. The conditioning mechanisms are integrated into the
world model through a combination of adaptive layer normalization (for action), additive modules
(for camera geometry and timestamp), and cross-attention (for all other variables).
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Camera Parameters. We compute separate embeddings for intrinsics, extrinsics, and distortion,
which are then summed to form a unified camera encoding. For intrinsics, we extract focal lengths and
principal point coordinates from the intrinsic matrix, normalize them, and project them into a shared
latent space. Extrinsics and distortion coefficients are similarly processed through their respective
encoders to yield compact representations. This configuration allows the model to effectively
incorporate real-world camera variations. Figure 5 illustrates the top three most common camera rig
configurations in the training dataset.

Video Frequency. To account for variable video frame rates, GAIA-2 uses timestamp conditioning.
Each timestamp is: (i) Normalized relative to the present time and scaled to the range [�1; 1], (ii)
Transformed using sinusoidal functions (Fourier feature encoding), and (iii) Passed through an MLP
to produce a vector in the shared latent space. This encoding captures both low- and high-frequency
temporal variation and enables the model to reason effectively over videos recorded at different rates.

Action. The ego-vehicle action is parameterized by speed and curvature. Since these quantities
span multiple orders of magnitude, we use a symmetric logarithmic transformation symlog [22] for
normalization:

symlog(y) = sign(y)
log(1 + sjyj)

log(1 + sjymaxj)
(5)

Here, y represents speed or curvature, and s is a scale factor: For curvature (units: m−1, range:
0:0001 to 0:1), we use s = 1000 to amplify low values. For speed (units: m/s, range: 0 to 75), we use
s = 3:6 to express values in km/h. The result is a compact representation scaled to [�1; 1], improving
training stability.

Dynamic Agents. To represent surrounding agents, we use 3D bounding boxes predicted by a
3D object detector [23] re-trained on our dataset. Each box encodes the 3D location, orientation,
dimensions, and category of an agent. The 3D boxes are projected into the 2D image plane and
normalized, yielding fi 2 RT×N×B×13 conditioning features where T denotes the number of
temporal latents, N the number of cameras, and B the maximum number of 3D bounding boxes
(zero-padding as needed). Each feature dimension is embedded independently and aggregated via a
single-layer MLP.

To enhance model robustness and generalizability, we implement dropout at both the feature dimen-
sion and instance levels during training. Specifically, feature dimensions are dropped out with a
probability of p = 0:3, allowing the model to operate under incomplete information at inference. This
setup allows, for example, conditioning on 2D projected boxes without specifying the 3D locations
of instances, or omitting orientations to let the model predict the most plausible orientation based on
other conditions.

At the instance level, for each camera, we sample a frame t 2 f1; :::; Tg and calculate the number
of detected instances Ninstances. We then sample the number of instances to condition on n 2
f0; :::;min(B;Ninstances)g, and apply dropout to the instances exceeding this sample size. This
allows the model to adapt to a variable number of dynamic agents during inference. Note that while
keeping n constant across time, we do not use instance tracking, allowing the model to independently
determine whether the conditioning features across frames belong to the same or different instances.

Metadata. Metadata features are categorical and embedded using dedicated learnable embedding
layers. These include: Country, weather, time of day; Speed limits; Number and types of lanes
(e.g., bus, cycle); Pedestrian crossings, traffic lights and their states; One-way road indicators and
intersection types. These embeddings allow GAIA-2 to learn nuanced relationships between scene-
level features and their effects on behavior, enabling simulation of both typical and rare scenarios.

CLIP Embedding. To enable semantic scene conditioning, GAIA-2 supports conditioning on CLIP
embeddings [24]. During training, we extract CLIP features using the image encoder on video frames.
At inference, these can be replaced with CLIP text encoder outputs from natural language prompts.
All CLIP embeddings are projected into the model’s latent space using a learnable linear projection.
This enables zero-shot control over scene semantics through natural language or visual similarity.
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Scenario Embedding. GAIA-2 can also be conditioned on scenario embeddings obtained from
an internal proprietary model trained to encode driving-speci�c information. These embeddings
compactly capture ego-action and scene context, such as road layout and agent con�gurations. The
scenario vectors are projected via a learnable linear layer into the latent space before integration into
the transformer. This allows high-level scenario generation from a compact abstract representation.

2.2.4 Flow matching Time Distribution

A critical factor for training the world model under the �ow matching framework is the distribution
of the �ow matching time� . This distribution determines how frequently the model sees latent inputs
that are close to real latents versus heavily perturbed.

We use a bimodal logit-normal distribution with two modes:

• A primary mode centered at� = 0 :5, � = 1 :4, sampled with probabilityp = 0 :8. This
biases the model towards learning with low-to-moderate noise levels. Empirically, this
encourages learning useful gradients, as even small amounts of noise can signi�cantly
perturb high-capacity latents.

• A secondary mode centered at� = � 3:0, � = 1 :0, sampled with probabilityp = 0 :2. This
concentrates training on nearly pure noise regions around� = 0 , helping the model learn
spatial structures and low-level dynamics, such as ego-motion or object trajectories.

This bimodal strategy ensures that training is effective across both low and high-noise regimes,
improving generalization and sample quality.

In addition, the input latentsx t are normalized by their mean� x and standard deviation� x , follow-
ing [25], to ensure their magnitude matches that of the added Gaussian noise. This avoids scale
mismatch between the signal and the perturbation, which can otherwise degrade training dynamics.

3 Data

GAIA-2 is trained on a large-scale internal dataset speci�cally curated to support the diverse demands
of video generation for autonomous driving. The dataset comprises approximately 25 million video
sequences, each spanning 2 seconds, collected between 2019 and 2024. Recordings were obtained
across three countries—the United Kingdom, the United States, and Germany—to ensure coverage
of geographically and environmentally diverse driving conditions.

To capture the complexity of real-world autonomous driving, data collection involved multiple vehicle
platforms, including three different car models and two van types. Each vehicle was out�tted with
either �ve or six cameras, con�gured to provide comprehensive 360-degree surround-view coverage.
The camera systems varied in their capture frequencies—20 Hz, 25 Hz, and 30 Hz—introducing a
range of temporal resolutions. This variability re�ects the heterogeneous nature of sensor setups
deployed in actual autonomous vehicles and supports GAIA-2's ability to generalize across different
input rates and hardware speci�cations.

An important characteristic of the dataset is the variability in camera placement throughout the data
collection period. Over time, the positions and calibrations of the cameras were adjusted across
platforms, introducing a broad spectrum of spatial con�gurations. This diversity provides a strong
training signal for generalizing across different camera rigs, a key requirement for scalable synthetic
data generation in the autonomous driving domain.

The dataset also encompasses a wide range of driving scenarios, including diverse weather conditions,
times of day, road types, and traf�c environments. To ensure coverage across this complexity, we
explicitly balance the training data not just on individual features, but on their joint probability
distribution. This approach enables a more representative learning signal by modeling realistic
co-occurrences—e.g., speci�c lighting and weather conditions in certain geographies or behaviors
unique to particular road types. To prevent redundant training samples, we enforce a minimum
temporal stride between selected sequences, reducing the risk of duplication while maintaining a
natural distribution.

For evaluation, we implement a geographically held-out validation strategy. Speci�c validation
geofences are de�ned to exclude certain regions from the training set entirely. This ensures that model
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evaluation is performed on unseen locations, providing a more rigorous assessment of generalization
performance across different environments.

In summary, this dataset provides a robust foundation for training GAIA-2. Its extensive temporal
and spatial coverage, diversity in vehicle and camera con�gurations, and principled validation setup
make it uniquely well-suited for developing generative world models capable of producing realistic
and controllable driving video across varied real-world conditions.

4 Training Procedure

This section describes the training procedures for both components of GAIA-2: the video tok-
enizer and the world model. Each component is trained independently using large-scale compute
infrastructure and tailored loss con�gurations to optimize their respective objectives.

Video Tokenizer. The video tokenizer was trained for300;000steps with a batch size of128using
128 H100 GPUs. Input sequences consisted ofTv = 24 video frames sampled at their native capture
frequencies (20, 25, or 30 Hz). Random spatial crops of size448� 960were extracted from the
frames. For each training sample, a camera view was randomly selected from the availableN = 5
perspectives. Notably, each camera stream was encoded independently.

The tokenizer performs8� temporal and32� spatial downsampling, yielding a compressed repre-
sentation with latent dimensionL = 64, and an effective total compression rate of approximately 400
( 24� 448� 960� 3

3� 14� 30� 64 ' 400).

The tokenizer's loss function is composed of a combination of image reconstruction, perceptual, and
semantic alignment terms: (1) DINO v2 (Large) [14] distillation in the latent space with a weight of
0:1. (2) KL divergence [1] between the latent distribution and a unit Gaussian, with a low weight of
1e� 6 to encourage smoothness. (3) Pixel-level losses:L 1 loss (weight0:2), L 2 loss (weight2:0),
and LPIPS perceptual loss [26] (weight0:1).

An exponential moving average (EMA) of the tokenizer parameters� was maintained throughout
training, with a decay factor of0:9999and updates at every training step. The EMA weights were
used at inference.

Training was optimized using AdamW with:2;500 warm-up steps to the base learning rate of
1e� 4, and5;000cooldown steps to a �nal learning rate of1e� 5; Adam betas[0:9; 0:95], weight
decay0:1, and gradient clipping at1:0. After initial training, the tokenizer decoder was �ne-tuned
for an additional20;000 steps using a GAN loss (weight0:1) in combination with the previous
reconstruction losses. The discriminator was optimized with a learning rate of1e� 5.

World Model. The latent world model was trained for460;000steps with a batch size of256on
256 H100 GPUs. Inputs consisted of48 video frames at native capture frequencies (20, 25, or 30 Hz)
and at spatial resolution448� 960.

To encourage generalization, we sampled different training tasks as follows: 70% from-scratch
generation, 20% contextual prediction, and 10% spatial inpainting. To regularize the model and enable
classi�er-free guidance, conditioning variables were randomly dropped. Each individual conditioning
variable was independently dropped with 80% probability, and all of them were simultaneously
dropped with 10% probability.

Input camera views were randomly dropped with 10% probability to enhance robustness to partial
observability. Latent tokens were normalized using a �xed mean of� x = 0 :0 and standard deviation
� x = 0 :32, as empirically determined during tokenizer training.

As with the tokenizer, we maintained an EMA of the world model parameters� with a decay factor
of 0:9999and updates at every training step. EMA weights were used for inference. The optimizer
was AdamW with:2;500warm-up steps to an initial learning rate of5e� 5 and cosine decay over
the full training duration to a �nal learning rate of6:5e� 6; Adam betas[0:9; 0:99], weight decay0:1,
and gradient clipping1:0.
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5 Inference

The GAIA-2 model supports a range of inference tasks that showcase its �exibility and controllability
across video generation scenarios. These tasks are uni�ed by a shared denoising process operating in
the latent space, followed by decoding into pixel space via the video tokenizer.

Inference Tasks. We consider four primary inference modes, each illustrating a distinct capability
of the model:

• Generation from scratch involves sampling pure Gaussian noise and denoising them with
guidance from conditioning variables de�ned in Section 2.2.3. The resulting latents are
then decoded to video frames using the video tokenizer decoder, with temporally consistent
outputs produced via the rolling window decoding mechanism illustrated in Figure 3.

• Autoregressive predictionenables forecasting future latents from a sequence of past context
latents. Given an initial context window ofk = 3 temporal latents, the model predicts the
next set of latents, appends it to the context, and repeats the process using a sliding window.
This approach allows for long-horizon rollouts while incorporating conditioning signals
such as ego motion. An example is provided in Figure 9.

• Inpainting allows selective modi�cation of video content. A spatial-temporal mask is
applied to the latent input, and the masked regions are regenerated via conditional denoising.
Optional guidance from dynamic agent conditioning (e.g., agent locations) can steer the
generation within the masked area. An example is shown in Figure 12.

• Scene editingis achieved by partially noising latents extracted from real video, followed by
denoising with altered conditioning. This enables targeted semantic or stylistic transforma-
tions—such as changing the weather, time of day, or road layout—without re-generating the
full scene. Figure 6 illustrates this capability.

These modes demonstrate that GAIA-2 can serve as a general-purpose simulator for a wide variety of
scene manipulation tasks, whether starting from noise, context, or existing video.

Inference Noise Schedule. For all inference tasks, we adopt the linear-quadratic noise schedule
introduced by [20]. This schedule begins with linearly spaced noise levels, which are effective
for capturing coarse scene layouts and motion patterns. In later stages, the schedule transitions to
quadratically spaced steps that allow more ef�cient re�nement of high-frequency visual details. This
hybrid approach improves both generation quality and computational ef�ciency. In our experiments,
we use a �xed number of 50 denoising steps.

Classi�er-Free Guidance. Classi�er-free guidance (CFG) is not used by default during inference.
However, for challenging or out-of-distribution scenarios, such as those involving rare edge cases or
unusual agent con�gurations (e.g., Figure 11), we activate CFG with a guidance scale ranging from 2
to 20, depending on the complexity of the scene.

In scenarios involving dynamic agent conditioning, where the latent tokens associated with agent-
speci�c regions are known a priori, we apply spatially selective CFG. In this case, guidance is
applied only to the spatial locations in�uenced by the conditioning (e.g., 3D bounding boxes), which
enhances generation quality in targeted regions without unnecessarily affecting the rest of the scene.
This targeted approach enables more precise control over scene elements while preserving global
coherence.

6 Results

We evaluate GAIA-2 through qualitative examples and quantitative metrics that highlight its generative
�delity, controllability, and suitability for synthetic data generation in autonomous driving. A
comprehensive set of generated video examples is available athttps://wayve.ai/thinking/
gaia-2 .
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