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Abstract
We introduce Cosmos 3, a family of omnimodal world models designed to jointly process and generate lan-
guage, image, video, audio, and action sequences within a unified mixture-of-transformers architecture.
By supporting highly flexible input-output configurations, Cosmos 3 seamlessly unifies critical modalities
for Physical AI—effectively subsuming vision-language models, video generators, world simulators, and
world-action models into a single framework. Our evaluation demonstrates that Cosmos 3 establishes
a new state-of-the-art across a diverse suite of understanding and generation tasks, demonstrating
omnimodal world models as scalable, general-purpose backbones for embodied agents. Our post-trained
Cosmos 3 models were ranked as the best open-source Text-to-Image and Image-to-Video models by Arti-
ficial Analysis, and the best policy model by RoboArena at the time the technical report was written. To
accelerate open research and deployment in Physical AI, we make our code, model checkpoints, curated
synthetic datasets, and evaluation benchmark available under the Linux Foundation’s OpenMDW-1.1
License at github.com/nvidia/cosmos and huggingface.co/collections/nvidia/cosmos3 . The project
website is available at research.nvidia.com/labs/cosmos-lab/cosmos3 .

Open-Source Code

Cosmos github.com/nvidia/cosmos

Cosmos-Framework github.com/nvidia/cosmos-framework
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1. Introduction

Physical AI agents perceive, reason, and take actions to interact with the real world. However, training such
agents directly in the real world is slow, expensive, and could be dangerous. To overcome these bottlenecks, we
must construct a training facility to enable safe and scalable learning in simulated worlds, where Physical AI
agents acquire two fundamentally coupled capabilities: understanding and generation. Understanding allows
an agent to infer latent representations, semantics, and dynamics from partial observations, and generation
empowers the agent to predict and simulate plausible futures, anticipating how the world evolves and how the
agent should take actions in response. Prior work has largely treated these two pillars in isolation, leading
to separate discriminative models for perception and reasoning, such as Vision-Language Models (VLMs);
generative models for world simulation, such as Video Generation Models and Forward Dynamics Models; and
action-prediction models, such as Vision-Language-Action Models (VLAs) and World-Action Models (WAMs).

We argue that this paradigm separation is fundamentally limiting: understanding requires reasoning about the
future evolution of the world and the consequences of actions, while generation relies on a compact, structured
representation of the world and agent behaviors. Unifying them into a single scalable framework is therefore
essential for Physical AI. Consider a general home robot instructed to clean a dining table after dinner. Under
the current paradigm, the robot must stitch together a disjointed suite of models: a VLM to locate dishware
and generate an executable plan, a VLA or WAM to generate action sequences, and a Forward Dynamics Model
or �World Model� to simulate and evaluate future states. This fragmented architecture is suboptimal and
computationally wasteful. Can we instead design a single, uni�ed model that natively addresses all essential
capabilities for Physical AI agents?

We introduce Cosmos 3, a family of omnimodal world models that jointly model language, image, video, audio,
and action for both understanding and generation. Serving as a general-purpose backbone for Physical AI,
Cosmos 3 uni�es a wide array of distinct model classes into a single framework (Fig. 1). Depending on the
input-output con�guration, Cosmos 3 seamlessly transitions between multiple operational modes: it can operate
as a vision-language model for multimodal understanding and reasoning; a text-to-image generator, a video
generator for text-to-video synthesis, image animation (image-to-video), future prediction (video-to-video),
or synchronous audio-video generation; a world-action model for joint action prediction and environmental
simulation. By unifying perception, simulation, and execution without architectural modi�cations, Cosmos
3 eliminates the need for fragmented, task-speci�c pipelines, enabling scalable learning through shared
representations and joint multi-task supervision.

Cosmos 3
Omnimodal World Model

Language Image Video Audio Action

Vision-Language Model

Cosmos 3

Image Generation Model

Cosmos 3

Audio-Visual
Generation Model

Cosmos 3

Policy/World-Action Model

Cosmos 3

Forward Dynamics Model

Cosmos 3

Inverse Dynamics Model

Cosmos 3

Figure 1: Cosmos 3 serves as a general-purpose backbone for Physical AI. By jointly modeling language,
image, video, audio, and action for both understanding and generation, Cosmos 3 uni�es a wide range of
model classes within a single network architecture, including vision-language models, image generation
models, audio-visual generation models, policy or world-action models, forward dynamics models, and inverse
dynamics models.
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Text-to-Image

Image-to-Video

Policy

Interactive
Environment

Cosmos 3

Synthetic Data Generation

Task-Speci�c Specialization

Training Environment

Post-TrainingPre-Training + Mid-Training

Figure 2: Cosmos 3 o�ers a strong starting point for training Physical AI agents. Cosmos 3 can be
post-trained on target data for distinct applications without architectural modi�cations. In this paper, we
demonstrate how we post-train Cosmos 3 for better synthetic data generation (Sec. 4.2.3 and Sec. 4.2.4) and
better robot policy (Sec. 4.2.5). In the future, we expect Cosmos 3 to play an essential role in generating
high-quality, complex environments for training Physical AI agents.

Table 1: Cosmos 3 results overview. Cosmos 3 consistently outperforms specialized open-source baselines
across all capabilities. Detailed results can be found in Sec. 6. In the table,� denotes post-trained Cosmos 3
variants; y denotes closed models; gray-colored cells in each row indicate the model does not possess the
corresponding capabilities.

Capability

Model

Reasoning Generation

General Robotics Smart infra. Driving Text2Image Text2Video Image2Video Audio FD: Robot Policy: Robot

Cosmos3-Super 73.7 57.8 62.6 79.3 91.36 � 80.0 82.8 7.31 26.0 � -
Cosmos3-Nano 69.6 55.1 61.0 76.0 84.61 79.4 82.7 7.34 25.5� 39.7 �

Gemini 3.1 Proy 77.5 58.2 58.6 47.2
Qwen3-VL-32B 72.8 52.6 56.1 40.7
Qwen3-VL-8B 68.9 48.5 52.7 46.4
Gemma-4-31B 69.8 51.0 51.3 36.6
Gemma-4-E4B 53.1 39.3 29.4 26.0
Gemini 3 Pro Imagey 90.85
Qwen-Image-2512 84.25
Veo-3.1y 79.1 82.6 7.45
Wan2.2-A14B 78.0 81.3
Ctrl-World 23.0
� 0:5 28.1

Scaling training data and environments for Physical AI agents remains a persistent bottleneck. Cosmos 3
o�ers a strong starting point to address this challenge in three ways: (i) synthetic data generation, (ii)
task-speci�c specialization, and (iii) training environment (Fig. 2). In the near term, Cosmos 3 synthesizes
high-�delity, diverse visual data to enhance training for Physical AI agents. We demonstrate how we can
post-train Cosmos 3 into a better synthetic data generator in Sec. 4.2.3 and Sec. 4.2.4. Since agents perceive and
interact with environments through diverse embodiments and tasks, Cosmos 3 supports task- and embodiment-
speci�c specialization on top of a shared model. As a powerful mid-training model for Physical AI, Cosmos 3
establishes a better starting point by modeling general world dynamics and action priors while remaining highly
amenable to downstream adaptation. In practice, the model can be post-trained on target data for distinct
applications without architectural modi�cations, enabling data-driven specialization that retains a common
world representation thanks to its omnimodal design. Sec. 4.2.5 describes how we post-train Cosmos 3 into a
highly capable world-action model on DROID. In the long term, Cosmos 3 is positioned to generate high-quality,
complex training environments for Physical AI agents. To accelerate open research and deployment in Physical
AI, we release our code, model checkpoints, curated synthetic datasets, and an evaluation benchmark under
the OpenMDW-1.1 License at github.com/nvidia/cosmos and huggingface.co/collections/nvidia/cosmos3 .

We evaluate Cosmos 3 and its post-trained variants on a wide range of benchmarks, covering essential
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understanding and generation capabilities for Physical AI. Tab. 1 provides a summary of our benchmark
results, detailed in Sec. 6. As shown in the table, Cosmos 3 establishes a new state-of-the-art across most
capabilities, being highly competitive or outperforming specialized models.

The technical details of Cosmos 3 are organized as follows. Sec. 2 introduces the model architecture, including
encoders for all modalities, the arrangement of multimodal tokens to enable di�erent generation modes, the
Mixture-of-Transformers (MoT) backbone, multimodal position embedding, and model variants. Sec. 3 outlines
the training data for the reasoner and generator training. Sec. 4 details the training recipes for reasoner and
generator. Sec. 5 describes infrastructure, including data, training, serving, and evaluation. Sec. 6 presents our
experimental results. Sec. 7 discusses related work and Sec. 8 concludes the paper.

2. Model Architecture

Cosmos 3 is capable of processing multimodal inputs and generating multimodal outputs. Beyond language,
vision (image and video), and audio, Cosmos 3 treats action as a core modality, introducing a dedicated class of
action tokens. These action tokens bridge the physical world with language-based reasoning and video-based
world modeling, linking directly to physically grounded control signals for real-world interaction. Cosmos
3 integrates modality-speci�c encoders to project di�erent modalities into a uni�ed representation space,
which is then processed by a Mixture-of-Transformers (MoT) backbone. During inference, language tokens are
generated via next-token prediction, while other modalities are generated through iterative denoising.

2.1. Encoders
Given an input sequence of language, vision, audio, and action, the �rst step is to embed them into a uni�ed
representation space using modality-speci�c encoders. To enable the shared transformer parameters and
positional embeddings to distinguish between di�erent modalities, we add a learnable, modality-speci�c
embedding vector to each non-language modality before feeding it into the MoT backbone.

2.1.1. Image and Video

We adopt two separate encoders for visual input. For visual understanding, we use a ViT encoder pre-trained
with vision-language alignment. For visual generation, we use the video VAE encoder from Wan2.2-TI2V-
5B (Wan et al., 2025a). The ViT encoder has a16 � 16 patch size, followed by a two-layer MLP that merges
2 � 2 tokens and projects them into the latent space of the transformer. Following Qwen3-VL (Bai et al., 2025b),
we also aggregate visual features from ViT via DeepStack (Meng et al., 2024) and insert text�based video
timestamps interleaved with video frames (Chen et al., 2024b). The VAE compresses the input video temporally
by 4� and spatially by 32 � 32 , implemented as 16 � 16 spatial compression followed by a2 � 2 patch merge.
We use a linear layer to project each VAE token into the transformer's hidden dimension before feeding the
latents into the MoT backbone. The ViT encoder for understanding is jointly trained with the backbone, while
the VAE encoder for generation is kept frozen during training.

2.1.2. Audio

For audio generation, we adopt the audio VAE architecture from Lee et al. (2025b). The raw stereo audio
sampled at 48 kHz is encoded with a hop size of 1920 samples, resulting in 25 tokens per second of audio. The
audio VAE is frozen during training. As with the other non-text modalities, audio tokens are projected into the
transformer's hidden dimension using a linear layer before entering the MoT backbone.

2.1.3. Action

We support action modeling across diverse embodiments, including autonomous vehicles, camera motion,
robots, and egocentric human motion (head and hands). Since each domain exposes its own native control
space�such as joint trajectories, steering commands, body poses, or camera transformations�we map them
into a uni�ed action interface that enables consistent multimodal reasoning, generation, and policy learning
across domains.
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Figure 3: Uni�ed action representation. We map heterogeneous embodiment controls into compact action
vectors built from shared geometric components. Ego and e�ector motions are encoded as relative-pose
pseudo-actions using 3D translation and 6D rotation (an over-parameterized rotation representation by
Zhou Zhou et al. (2019), as the degree of freedom of rotation is 3), while grasp states directly encode the
current manipulation state, such as �ngertip positions for hands or gripper open/close values for robots.
Domain-aware input and output projections handle heterogeneous action-vector lengths while preserving the
shared semantic space.

Action representations. We use actions to denote causal variables that induce changes in the world state.
Given consecutive video tokens, an action tokenat represents the transition from the previous statevt�1 to the
current state vt . Each embodiment source is transformed into a compact representation that captures a shared
underlying geometric structure across di�erent action domains, as illustrated in Fig. 3. At a high level, actions
can include up to three components: ego poses for the agent's main observation frame, e�ector poses for the
agent's e�ectors, and grasp states for the manipulation state. To avoid embodiment-speci�c controller details
such as Proportional�Integral�Derivative (PID) parameters or low-level actuation interfaces, ego and e�ector
poses are represented as pseudo-actions derived from state di�erences. For consecutiveSE(3) posesT t�1 and
T t , we represent motion as the relative transform�T t = T �1

t�1 T t . We use the 6D representation following Zhou
et al. (2019) and the OpenCV convention for rotations where the z-axis is along the �ngers/grippers and x-axis
is to the right. Grasp states, however, are treated di�erently: rather than representing temporal di�erences,
they directly encode the current manipulation state at time t.

For cameras and autonomous vehicles, actions are represented by ego poses only, without any e�ector poses or
grasp states. For egocentric data, we use head-camera pose deltas as ego poses, wrist-pose deltas as e�ector
poses, and �ngertip positions in each wrist frame as grasp states (Yang et al., 2025d). For robotic data, we use
head-camera pose deltas as ego poses, end-e�ector �ange-pose deltas as e�ector poses (Lyu et al., 2026), and
continuous gripper open/close values as grasp states.

Action tokenization. Our action representation maps diverse embodiments into a shared latent action space
while preserving embodiment-speci�c structure and semantics. We therefore use domain-aware input and
output projection layers with separate weight matrices for each embodiment domain (Zheng et al., 2026), while
sharing the MoT backbone. For an inputx 2 R d(k)

in , such as an egocentric action vector concatenating the head-
pose delta, left and right wrist-pose deltas, and �ngertip coordinates, and domain identi�er k 2 f1; : : : ; Kg ,
the input projection is:

z = W (k)
in x + b (k)

in (1)
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where z 2 R dmodel is the latent action token, x denotes the normalized action vector, andW (k)
in 2 Rdmodel�d

(k)
in

and b(k)
in 2 Rdmodel are the domain-speci�c input projection matrix and bias.

To decode the tokens back to the original action space, we use a domain-speci�c output projection:

x = W (k)
out z + b (k)

out (2)

where W (k)
out 2 Rd(k)

in �d model and b (k)
out 2 Rd(k)

in are the domain-speci�c output projection matrix and bias. All
projection parameters are initialized from scratch and optimized jointly with the MoT backbone. We convert
the predicted 6D rotation back to a 3 � 3 SO(3) rotation matrix using singular value decomposition (SVD).

2.2. Token Arrangement and Generation Mode
Cosmos 3 is a uni�ed model that supports various modalities and tasks. Di�erent tasks can be formulated as
interleaved multimodal sequences, each consisting of a series of segments from di�erent modalities. Given a
task, all segments are �rst encoded into embeddings using the modality-speci�c encoders described above.
Once embedded, tokens from di�erent modalities are packed using a uni�ed format that applies across all
tasks, which we describe next.

2.2.1. Token Arrangement

The input token sequence consists of two subsequences: an autoregressive (AR) subsequence followed by a
di�usion (DM) subsequence.

The AR subsequence is responsible for reasoning and understanding. It contains language tokens as well
as video and image tokens embedded by the ViT encoder. All AR tokens are routed to a dedicated set of
parameters in the transformer decoder layers.

The di�usion subsequence follows the AR subsequence and contains video and image tokens from the VAE
encoder, as well as audio and action tokens. During generation, the model iteratively denoises the noisy di�usion
tokens to produce the corresponding clean tokens. Di�usion tokens are routed to a separate parameter set from
that used by AR tokens, while still interacting with AR tokens through joint attention in each of the transformer
decoder layers.

For any given task, we apply the same format to arrange these tokens: (1) autoregressive tokens are placed
before di�usion tokens; (2) within the di�usion subsequence, for each modality, clean conditioning tokens are
placed before noisy di�usion tokens; and (3) within both the conditioning and di�usion subsequence, tokens
are ordered by vision, audio, and action modality. By using this uni�ed format, Cosmos 3 can support various
generation tasks, which we detail below.

2.2.2. Generation Mode

Cosmos 3 supports di�erent modalities: language, vision, audio, and action. We denote clean vision, audio,
and action tokens asv, s, and a, respectively, and their noisy counterparts with tildes: ~v, ~s, and ~a. Given these
modalities, the supported generation modes are listed as follows:

ˆ Language. For language generation, the input contains only the autoregressive subsequence, and the
generation-speci�c di�usion parameters are not activated. Image and video inputs, if present, are
embedded by the ViT encoder and placed in the autoregressive subsequence. In this setting, Cosmos 3
operates like a standard VLM.

ˆ Text-to-Image. In this mode, the autoregressive subsequence contains the language tokens, while the
di�usion subsequence contains the noisy target image tokens embedded by the VAE encoder. The entire
sequence of tokens becomes:

ST2I = [S AR ; ~v1]; (3)
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where SAR , [l 1; : : : ; ln ; hEOSi; hBOGi]is the AR pre�x shared by all modes below (l1; : : : ; ln are the
language tokens;hEOSiand hBOGiare the end-of-sentence and begin-of-generation special tokens), and
~v1 is the noisy image token.

ˆ Text-to-Video (+Audio). This mode is similar to Text-to-Image, but the di�usion subsequence contains
the noisy target video tokens instead. When audio is (optionally) generated jointly, noisy audio tokens
are appended after the noisy vision tokens. In summary, the packed sequence becomes:

ST2V+Audio = [S AR ; ~v1:N ; ~s]; (4)

where N is the number of latent video frames.
ˆ Image-to-Video/Video-to-Video (+Audio). This mode introduces an initial conditioning image or a

number of initial video frames, and the model generates the complete continuation conditioned on them
and the text prompt. In the di�usion subsequence, the clean conditioning image or video tokens are
followed by the noisy target video tokens:

SV2V = [S AR ; v1:P ; ~vP +1:N ]; (5)

where P is the number of conditioning latent frames. When P = 1, the task becomes Image-to-Video,
while P > 1 corresponds to Video-to-Video. When audio is also generated, the audio tokens are appended
similarly to the Text-to-Video case.

ˆ Video transfer. In this task, the input consists of a control video (e.g., edge, or depth) together with a
text description, and the model generates the corresponding RGB video. The token layout is similar to
that of Video-to-Video, with the control-video tokens used as conditioning tokens and the RGB video
tokens used as noisy target tokens:

STransfer = [S AR ; vctrl
1:N ; ~v1:N ]; (6)

where vctrl
1:N are the clean VAE-encoded tokens of the control video.

ˆ Action. Cosmos 3 supports three generation modes for action�forward dynamics, inverse dynamics, and
joint video-action prediction (policy). For a trajectory with consecutive video tokens, each action token at

represents the transition from vt�1 to vt . Forward dynamics predicts future visual states conditioned on
observed context and clean action tokens, while inverse dynamics infers the action tokens that explain an
observed visual transition. In policy mode, the model jointly predicts action and video tokens, enabling it
to generate both the intervention and its expected visual consequence under the same sequence model.
The conditional directions are summarized in Fig. 4.

Forward Dynamics

Video

Action

vt�1 ~vt ~vt+1

at at+1

Inverse Dynamics

Video

Action

vt�1 vt vt+1

~at ~at+1

Policy

Video

Action

vt�1 ~vt ~vt+1

~at ~at+1

Tokens: clean video noisy video clean action noisy action

Figure 4: Action sequence con�gurations. For a video-action data sample, Cosmos 3 constructs di�erent
training modes by varying which tokens are clean and which are noisy. The diagram shows a local temporal
window in which action tokens lie between adjacent video tokens: at connectsvt�1 to vt , and at+1 connectsvt

to vt+1 . Forward dynamics mode denoises vision tokens conditioned on clean action tokens; inverse dynamics
mode denoises action tokens conditioned on clean vision tokens; and video-action (policy) mode denoises both
vision and action tokens. Language and special tokens are omitted for compactness.

10



Cosmos 3: Omnimodal World Models for Physical AI

�L

vAR
1 vAR

2 � � � l1 l2 � � � EOS BOG

AR subsequence

Vision
Encoder (ViT)

Language
Tokenizer

~vDM
1 ~vDM

2 � � � ~s1 ~s2 � � � ~a1 ~a2 � � �

Di�usion subsequence

Vision
Encoder (VAE)

Audio
Encoder

Action
Encoder

Layer Norm Layer Norm

Shared Multimodal Attention
Causal Self-Attn

Attn(Q AR; K AR; V AR)
Full Attention

Attn(Q DM; [K AR; K DM]; [V AR; V DM])

Layer Norm Layer Norm

MLP MLP

l2 l3 � � � vDM
1 vDM

2 � � � s1 s2 � � � a1 a2 � � �

Reasoner Generator

Tokens: Vision (AR) Language Special Vision (DM) Audio Action Noisy

Causal
(triangular)

Masked
(zero)

Full
attend

Full
attend

Keys (K)
K AR K DM

Q
ue

rie
s

(Q
)

Q
A

R
Q

D
M

v
AR

1 � �
�

l 1 � �
�

EOS
BOG

~v 1
DM

� �
�

~s 1 � �
�

~a 1 � �
�

vAR
1

� � �

l 1

� � �

EOS

BOG

~vDM
1

� � �

~s1

� � �

~a1

� � �

Attention Mask

AR causal self-attention
DM full attention

Figure 5: Mixture-of-Transformers (MoT) architecture of Cosmos 3. Left: a single transformer operates on
one token sequence comprising the autoregressive (AR) and di�usion (DM) subsequences: AR carries discrete
text tokens and, optionally, ViT-encoded vision tokens, ending with <EOS> and a begin-of-generation token
<BOG>, while DM carries continuous tokens from their respective encoders, noise-perturbed during training.
Here we visualize all input tokens as noisy for simplicity; for generation modes such as image-to-video or video
transfer, clean conditioning tokens precede the noisy targets within DM; see Sec. 2.2.2. Within each
transformer block, AR tokens and DM tokens are processed by independent LayerNorms and MLPs (all
co-initialized from a pre-trained VLM) and meet only at a shared self-attention operator. Let Q, K , and V be
query, key, and value vectors in attention, where the subscript indicates which tower it is in. QAR attends
causally over KAR ; V AR only, while Q DM attends bidirectionally over the concatenated [K AR ; K DM ] and
[V AR ; V DM ]. In this way, di�usion is conditioned on the AR context, while AR remains autoregressively
self-contained. Outputs are next-token predictions for Reasoner and denoised tokens for Generator (trained in
practice with a �ow-matching objective predicting velocity; we show the clean target here for clarity). Right:
the attention mask, causal for AR and full for di�usion.

2.3. Mixture-of-Transformers (MoT) Architecture
Cosmos 3 adopts a Mixture-of-Transformers (MoT) architecture that processes a uni�ed sequence of tokens
from di�erent modalities. At the layer level, each transformer decoder layer contains two sets of parameters: one
for reasoning tasks, which processes tokens from the AR subsequence (reasoner), and one for generation tasks,
which processes tokens from the di�usion subsequence (generator). Although Cosmos 3 shares similarities
with uni�ed generation models such as Deng et al. (2025) in its decoder-layer structure, it di�ers in its training
strategy, positional embeddings, and overall capabilities.

2.3.1. Dual-Tower Layer Structure

A standard transformer decoder layer consists of a self-attention operation, a feed-forward network, and some
normalization layers. Instead of processing all token types with the same parameters, the MoT design uses two
pathways, as shown in Fig. 5. Each pathway is a standard transformer layer with its own parameters, including
layer normalization modules, attention projection matrices, and feed-forward networks. The two pathways are
both initialized from the weights of a pre-trained Vision-Language Model (VLM), allowing Cosmos 3 to inherit
strong language and visual reasoning capabilities while learning to generate high-�delity videos. During both
training and inference, the AR subsequence at the front is routed to the reasoner tower, while the di�usion
subsequence at the back is routed to the generator tower.

11



Cosmos 3: Omnimodal World Models for Physical AI

2.3.2. Dual-Stream Joint Attention

Although the two towers use independent parameters, tokens from the di�usion subsequence interact with the
AR subsequence through a dual-stream joint attention operation. Here we denote the query, key, and value
vectors of the AR and di�usion subsequences as QAR, K AR, V AR, QDM, K DM, and V DM, respectively.

Autoregressive subsequence attention. Tokens in the AR subsequence attend only to tokens within the AR
subsequence using causal self-attention; that is, each token can attend only to preceding tokens in the same
sequence. This is fully consistent with the autoregressive property inherited from the VLM backbone, allowing
the model to preserve the text-generation capability of the pre-trained VLM:

OAR = Attn causal
�
QAR; K AR; V AR

�
: (7)

Di�usion subsequence attention. Tokens in the DM subsequence use full bidirectional attention, with the
union of AR and DM tokens serving as the keys and values. This allows each di�usion token to freely attend to
the text prompts from the autoregressive subsequence, as well as to all other conditional and di�usion tokens
in the sequence, thereby maintaining temporal and spatial consistency:

ODM = Attn full
�
QDM; [K AR; K DM]; [V AR; V DM]

�
; (8)

where [� ; �] denotes concatenation along the sequence dimension. We note that AR tokens are never updated
based on DM tokens, preserving the causal integrity of the conditioning pathway.

2.4. Multimodal Position Embedding
Position embeddings inject temporal and spatial structure into the attention mechanism, encouraging tokens to
attend more strongly to semantically and geometrically relevant tokens, often nearby in space or time. Since
Cosmos 3 jointly models language, vision, audio, and action tokens within a uni�ed attention framework,
designing a position-embedding scheme that generalizes consistently across modalities is inherently challenging.
Inspired by 3D Multimodal RoPE (MRoPE) (Bai et al., 2025a), we design a 3D MRoPE with absolute temporal
indexing to align video, audio, and action tokens along the same physical temporal axis. The original 3D
MRoPE divides the hidden dimension of each attention head into temporal, height, and width components,
where the temporal component records only the discrete token index. This design is su�cient for image and
video understanding tasks, but it is inadequate for our setting, where video, audio, and action tokens may be
generated simultaneously at di�erent frame or sampling rates. In this case, tokens from di�erent modalities
must be aligned to an absolute physical temporal axis. We �rst introduce the base formulation, which follows
the original 3D MRoPE design, and then describe our extensions and modi�cations, especially our absolute
temporal modulation, which aligns the absolute temporal axis.

2.4.1. Position Index Allocation

Autoregressive tokens. For backward compatibility with language generation and image/video understanding
models, position indices for all language tokens and ViT-encoded media tokens in the AR subsequence follow
the original 3D MRoPE design. For language tokens,t = h = w is set to the same monotonically increasing
value, reducing 3D MRoPE to standard 1D RoPE behavior. For tokens from the ViT encoder,t is shared by all
tokens from the same frame, while the h and w indices vary independently according to the spatial location
of each token. The allocation of the position index in the autoregressive subsequence is identical to the 3D
MRoPE design in Qwen3-VL (Bai et al., 2025a).

Di�usion tokens. As illustrated in Fig. 6, video tokens vary across all three axes: t advances with the temporal
latent frame index, while h and w tile over the spatial grid (0 : : : H�1; 0 : : : W �1) independently per frame.
Image tokens are treated as single-frame videos and vary only in(h; w) . Both spatial and temporal indices
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Figure 6: Illustrative coordinate assignment under 3D MRoPE. Left: A packed token sequence containing
language, video (two frames, 2 � 2 spatial grid each), audio, and action tokens. Each token receives a(t; h; w)
triplet. Language tokens use t = h = w; video tokens vary on all three axes; action and audio tokens use
temporal coordinates only (h = w = 0). A modality o�set k separates the text and vision temporal ranges.
Right: FPS modulation maps frame indices to scaled temporal positions so that equal real-world durations
occupy equal position ranges at 16, 24, and 30 FPS, where 24 FPS is our base frame-per-second.

are reset to zero at the start of each vision segment, so the model treatst, h, and w as absolute within-video
coordinates rather than positions in the global sequence. For example, in the video transfer task where the user
provides a text prompt together with controlled video frames such as depth maps, both the clean control-video
tokens and the noisy generated-video tokens start from the temporal o�set of the last token in the autoregressive
subsequence. All audio tokens and action tokens only carry temporal coordinates. The spatial indices are set
to zero (h = w = 0 ). For audio tokens, the temporal index advances with each audio hop; for action tokens,
the temporal index advances with each sampling step.

Autoregressive and di�usion token margin. In practice, we �nd that directly letting the di�usion tokens start
from the temporal o�set of the last autoregressive token leads to over-saturation and checkerboard artifacts in
the initial video frames. This e�ect is especially pronounced in larger variants of Cosmos 3, such as the Super
model. We hypothesize that this occurs because the last language token and the vision tokens from the �rst
frame occupy adjacent temporal positions, resulting in nearly identical temporal embeddings. To address this
issue, inspired by Cao et al. (2025), we insert a �xed temporal gap between the autoregressive and di�usion
subsequences, uniformly shifting the temporal indices of all the subsequent vision, audio, and action tokens.
This creates a bu�er in positional space that provides a clearer text-to-vision transition signal without requiring
architectural changes or additional learnable embeddings. In all of our models, we set the gap to be 15000.

2.4.2. Absolute Temporal Modulation

A single unit step along the temporal dimension may correspond to di�erent physical time intervals across
modalities or data sources. For example, when encoding videos at 60 FPS and 24 FPS, respectively, a temporal-
index increment for 24-FPS video tokens corresponds to a physical time interval that is 2.5 times longer than
that of 60-FPS video tokens. Similar discrepancies also arise for action and audio tokens, where di�erent data
sources may use di�erent sampling rates. FPS modulation is designed to align tokens with di�erent temporal
resolutions onto a shared physical temporal axis by modulating the e�ective size of each temporal increment.

We �rst de�ne the temporal steps per second (TPS) to characterize the physical temporal resolution. For video
tokens, TPS is given by the video frame rate divided by the temporal compression factor, which is 4 in our case
due to the video VAE encoder. For audio tokens, TPS is computed asTPSaudio = 48000

1920 � 25 (48 kHz, 1920 hop
size). For action tokens, TPS is exactly the sampling frequency of the action data.

We then associate a unit length along the temporal dimension with a base TPS, denoted asTPSbase. For tokens
in a given di�usion subsequence, we compute their corresponding TPS. When the temporal index needs to be
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increased by one unit step, the temporal increment �t with the modulation is computed as

�t =
TPSbase

TPS
: (9)

Since video constitutes the majority of our training data, and 24 FPS is the most common frame rate in our
setting, we set TPSbase = 24

4 = 6 where 4 is our video tokenizer's temporal compression ratio.

2.5. Model Variants
Cosmos 3 is trained at three model scales: Edge, Nano, and Super, spanning a wide range of computational
budgets from on-device deployment to large datacenter inference. Edge is a 4B-parameter model built upon a
dense 2B-parameter transformer, Nano is a 16B-parameter model built upon a dense 8B-parameter transformer,
and Super is a 64B-parameter model built upon a dense 32B-parameter transformer. All variants are initialized
from pre-trained vision-language models (VLMs) and adopt the Mixture-of-Transformers (MoT) architecture
described above. Tab. 2 summarizes the key architectural hyperparameters for each variant. Cosmos3-Nano
and Cosmos3-Super models are released in this paper. Cosmos3-Edge model will be included in a later release.

Cosmos3-Edge uses the design of a 2B dense transformer of28 layers, 2048hidden size, 16 attention heads, 8
key-value heads, a head dimension of128, and 9216FFN dimension. We train the LLM from scratch using the
Megatron codebase. The design of the LLM largely follows the Qwen3-1.7B architecture, with two notable
di�erences: it removes QK normalization and uses ReLU-squared as the FFN activation, which is paired with
the Edge FFN dimension reported in Tab. 2.

Cosmos3-Nano adapts the Qwen3-VL 8B (Bai et al., 2025b) architecture, with 36 layers in the LLM, a hidden
size of 4096, 32 attention heads, 8 key-value heads, a head dimension of 128, and a FFN dimension of 12;288.

Cosmos3-Super adapts the Qwen3-VL 32B (Bai et al., 2025b) architecture, with 64 layers in the LLM, a hidden
size of 5120, 64 attention heads, 8 key-value heads, a head dimension of 128, and a FFN dimension of 25;600.

Table 2: Cosmos 3 MoT model variants. All models share the dual-tower MoT architecture. �LLM Layers�
refers to the number of transformer decoder layers; each layer carries independent parameter sets for the
reasoner and generator towers. Edge uses a dense 2B parameter transformer trained from scratch, while Nano
and Super are initialized from pre-trained Qwen3-VL weights.

Variant LLM Layers Hidden Dim Attn Heads KV Heads Head Dim FFN Dim

Cosmos3-Edge 28 2,048 16 8 128 9,216
Cosmos3-Nano 36 4,096 32 8 128 12,288
Cosmos3-Super 64 5,120 64 8 128 25,600

3. Data

Training Cosmos 3 requires data for two complementary objectives: the Reasoner pathway learns to understand
and reason about the world, while the Generator pathway learns to synthesize and simulate it, or act within it.
Although both pathways share the same transformer and token representations, they rely on di�erent types of
training data. The Reasoner is trained on paired vision-language data, such as image-text and video-text pairs, to
support tasks including question answering, spatial grounding, temporal reasoning, and action understanding.
In contrast, the Generator is trained on large-scale multimodal corpora of images, videos, audio, and actions
using reconstruction-based objectives rather than explicit annotations.

As a result, the two pathways follow di�erent but complementary training curricula. Both adopt a multi-stage
training strategy in which the data composition evolves over time. The Reasoner begins with broad vision-
language pre-training and is later specialized through supervised �ne-tuning on Physical AI tasks spanning
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robotics, autonomous driving, and spatial intelligence. This staged curriculum �rst establishes strong general
capabilities before progressively introducing more specialized domain knowledge. The Generator begins with
large-scale image, video, and audio pre-training, then progressively incorporates additional modalities such as
actions, control-conditioned transfer, and targeted synthetic data to improve speci�c capabilities.

3.1. Reasoner Data
Our reasoner data curriculum contains approximately 24:2M samples: 22:0M for pre-training and 2:2M for
supervised �ne-tuning from domain-speci�c Physical AI datasets and synthetically generated data. Tab. 3
summarizes the data modalities used in both stages. The pre-training stage is dominated by image�text
and text-only data, providing broad general visual understanding. In contrast, the supervised �ne-tuning
stage shifts toward Physical AI specialization, with video�text samples comprising 50% of the mixture to
strengthen spatiotemporal understanding and capabilities in robotics, smart infrastructure, and autonomous
vehicle domains. Fig. 7 summarizes this mixture by capability category for the two stages.
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Video QA
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Figure 7: Cosmos 3 Reasoner data composition by capability category. We summarize the curated data
mixture used to train Cosmos 3 Reasoner across the pre-training and supervised �ne-tuning stages. The
mixture contains 22.0M pre-training samples and 2.2M supervised �ne-tuning samples spanning image�text,
video�text, and text-only categories, with each ring showing the relative contribution of major capability
streams such as OCR, visual question answering, reasoning, captioning, grounding, and instruction tuning.

Table 3: Cosmos 3 Reasoner data curriculum by modality and training stage. Table values represent the
number of media samples (image or video) for Image-text and Video-text rows and the number of
conversations for the text-only row.

Modality Pre-training Supervised Fine Tuning

Image-text 18,814,952 1,051,513

Video-text 1,016,299 1,079,200

Text only 2,170,762 40,960

Total 22,002,013 2,171,673

3.1.1. Pre-Training

We build our pre-training data mixture with 19.7M samples sub-selected from the Nemotron Nano 2 data
collection (NVIDIA et al., 2025a) and 2.3M additional samples curated to enhance math, video, spatial
grounding, and instruction-following capabilities. See Tab. 3 for details. The datasets we source are fed through
a two-stage data curation pipeline consisting of semantic deduplication followed by AI-judge quality �ltering
before inclusion in the �nal training mixture.
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Semantic deduplication. The �rst stage removes multimodal near-duplicates at the conversation level, where a
conversation denotes the complete training example: an image or video paired with its instruction-response text,
or a text-only instruction-response sample when no media is present. For each conversation, we compute a joint
embedding that combines the media representation, when available, with the associated instruction-response
text representation. Image-text and text-only conversations are embedded using Qwen3-VL-Embedding-8B (Li
et al., 2026b), while video-text conversations are embedded using the Perception Encoder PE-Core-G14-
448 (Bolya et al., 2025). The resulting concatenated embedding representation jointly captures visual and
linguistic semantics, enabling the pipeline to distinguish visually similar samples with di�erent task intents
from truly redundant supervision.

To scale duplicate detection to production-scale datasets, we use clustering. Image-text, video-text and text-only
samples are �rst partitioned using K-means clustering. Near-duplicate groups are then identi�ed within each
cluster using cosine similarity in the conversation-embedding space. Samples with similarity above a high
threshold of 0:95are removed. This hierarchical design makes large-scale duplicate detection tractable while
preserving sensitivity to redundancy in both visual content and task semantics.

AI-judge quality �ltering. The second stage applies an AI judge to assess annotation quality on the deduplicated
corpus. We use Gemma-4 as the vision-language judge (Google DeepMind, 2026b), speci�cally the Gemma-
4-31B-it model (Google DeepMind, 2026a). The judge is prompted as a training-data auditor and assigns
rubric-based integer scores from 1 to 5 across three primary quality dimensions:

ˆ Faithfulness: whether all response claims are grounded in the provided image, video, or textual context.
ˆ Completeness: whether the response fully addresses the instruction without important omissions.
ˆ Correctness: whether the response is factually, logically, and task-level accurate.

Faithfulness is particularly important for Cosmos 3 because unsupported visual claims can teach the model
to hallucinate physical states, object attributes, or temporal events. Meanwhile, Completeness �lters under-
speci�ed or partial responses, while Correctness removes supervision whose �nal answer or reasoning is
inconsistent with the input. In addition to scalar scores, the judge also produces short evidence-based rationales,
enabling targeted spot checks and auditing of the �ltering behavior.

Threshold-based dataset construction. We construct multiple judge-�ltered dataset variants from the same
deduplicated base corpus using a minimum-threshold rule over the three quality dimensions. A sample is
retained only if its Completeness, Correctness, and Faithfulness scores all meet or exceed a speci�ed threshold.
In other words, every retained example must simultaneously satisfy the minimum quality requirement across
all three dimensions.

This �ltering strategy is intentionally stricter than averaging the scores. Samples with a severe failure mode in
any single dimension are removed even if they score highly on the remaining criteria. For example, a response
that is highly detailed and logically correct but contains unsupported visual claims will still be �ltered out due
to low Faithfulness. In practice, we use conservative thresholding to eliminate clearly low-quality supervision
while minimizing excessive distribution shift across capability domains.

Multimodal deduplication removes 4:23% of the data as near-duplicate supervision. The AI-judge score
distribution reveals that quality failures are not uniform across dimensions. We also analyze retention by
capability category to ensure that quality �ltering improves the corpus without unintentionally collapsing the
skill distribution. At stricter thresholds, pruning becomes strongly category-selective: for example, referring-
expression grounding is removed most aggressively, while image captioning and visual question answering
also decline substantially, as the threshold increases from2 to 5. Here, the threshold denotes the minimum
acceptable AI-judge score on each quality dimension: a sample is retained only if its Completeness, Correctness,
and Faithfulness scores are all above the threshold. OCR data is comparatively robust with a threshold of2 but
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drops materially at 5. These trends motivate using the lowest non-trivial judge threshold, i.e.,2 for the primary
mixture: it �lters clear annotation failures while preserving the original coverage of reasoning, grounding, OCR,
captioning, and VQA capabilities, thereby creating an optimal quality�quantity trade-o� on the pre-training
dataset. However, in the SFT stage, we use a threshold of5 to retain only the highest-con�dence supervision
examples, where annotation precision and response reliability are more critical than broad coverage. The
AI-judge �lter retains 78% and 46% of data at a threshold of 2 and 5, respectively.

The �nal pre-training mixture contains approximately 22M samples spanning OCR, grounding, question
answering, reasoning, captioning, and instruction-following data, as shown in Tab. 3. Regarding the composition,
OCR is the largest component, contributing9:44M samples (42:9%), followed by 2D grounding with 3:62M
samples (16:5%), visual QA with 2:48M samples (11:3%), and image reasoning with 1:66M samples (7:5%).
The remaining mixture provides broad multimodal coverage through text QA (1:35M, 6:1%), image captioning
(1:30M, 5:9%), video QA (0:99M, 4:5%), text instruction data ( 0:82M, 3:7%), visual instruction data ( 0:34M,
1:5%), and small amounts of video captioning and video reasoning data (0:01M each). This composition
emphasizes strong image-text alignment, reading, and spatial grounding while retaining a lightweight video
component that prepares the model for later supervised �ne-tuning on temporal and video-reasoning tasks.

3.1.2. Supervised Fine-Tuning

In the supervised �ne-tuning stage, we enhance the general spatial and temporal understanding capabilities and
focus on curating data for the following three domains: autonomous vehicle, robotics, and smart infrastructure.
In total, we train with 2.2M samples in this stage.

General spatial understanding. We enhance general spatial understanding through 2D and 3D grounding,
augmented with both real and simulation data.

2D and 3D grounding. 2D grounding supports Physical AI tasks that require localization (objects, regions, parts,
and landmarks), pointing, counting, and multi-image correspondences. We curate samples spanning detection,
referring expressions, OCR/layout, visual-prompted description and VQA, pointing, trajectories, counting, and
dense grounding. Boxes and points are normalized and converted into a uni�ed JSON format. We curate 2D
grounding data from synthetic and existing data, with a majority coming from LocateAnything (Wang et al.,
2026a) data, and we sample a high-quality subset from them. For 3D grounding data, we convert 3D scanned
scenes into instruction-following training samples with camera-relative 3D boxes. Each object is annotated
with label, center, dimensions, and orientation after canonicalization and intrinsic normalization (Brazil et al.,
2023). Instead of chaining 2D grounding and 3D inference (Cheng et al., 2026; Man et al., 2025), we directly
supervise the �nal structured boxes.

Real-world spatial understanding and grounding. We combine several complementary QA types. Image-referring
QA task requires pointing to a target object or to empty free space as normalized image coordinates given a
natural-language expression (Zhou et al., 2025b). Robotics spatial QA requires predicting placement points in
free space and answers binary relative-position and reachability questions across ego-, world-, and object-centric
reference frames (Song et al., 2025). We further include posed-scene multi-image QA, video-frame spatial
QA, and multiple-choice questions that predict the relation between two objects from a �xed set (e.g., left of,
behind, on/above), including perspective-substituted viewpoints (Liu et al., 2025b). Together, these cover
object references, free space, cross-view correspondence, camera motion, size, distance, direction, routes,
counting, and room-scale reasoning.

Simulator-grounded embodied spatial reasoning. We bridge visual spatial QA and embodied action by deriving
labels from executable simulator state. Answers are computed from cameras, object poses/boxes, depth,
masks, visibility, and feasible regions, then checked by programmatic and VLM critics. The curriculum spans
metric geometry, spatial frame, physical semantics, actionable grounding, viewpoint dynamics, and embodied
composition, with multiple-choice question, numerical, point, box, binary, and text outputs.
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General temporal understanding. We augment temporal capabilities along three axes: temporal event
understanding, physical plausibility judgment, and structured spatiotemporal scene upsampling.

Temporal event understanding. We strengthen temporal and motion understanding with three complementary
supervised data sources. First, human annotators create dense temporal captions: egocentric videos of everyday
indoor tasks are labeled with atomic human-action descriptions and start/end timestamps, with actions
averaging 1.8 seconds and 14.2 words. In addition, a broader video corpus of 55K videos (2.6K hours) provides
743K event triplets (t start; tend; caption) for event enumeration and query-conditioned localization. Second, to
increase question diversity, we curate training data with the FoundationMotion pipeline (Gan et al., 2025),
producing ten four-way multiple-choice questions per clip that probe action identity, temporal evolution, and
�ne-grained motion di�erences. Finally, we annotate camera motion patterns such as panning and zooming so
the model can learn ego-camera movement.

Physical plausibility judgment. We strengthen Cosmos 3 Reasoner's ability to judge physical plausibility in gen-
erated videos with two complementary supervised sources. First, we incorporate annotations from the Cosmos
human evaluation described in Appendix F, which contains 13.5K human-graded(video; question; answer)
tuples from 1K generated videos, covering visual integrity, temporal stability, geometry, anatomy, motion
plausibility, and physical commonsense with categorical Yes/No/Unclear answers. Second, we adopt VideoPhy-
2 (Bansal et al., 2025b), providing 3.4K action-centric videos spanning200actions, each rated from1� 5 for
adherence to physical laws; its annotations cover conservation laws, gravity, collision dynamics, temporal
causality, and spatial constraints, and are converted into supervised QA pairs where the model predicts a
physics-adherence score.

Structured spatiotemporal scene upsampling. We curate paired data of under-speci�ed user inputs and densely-
structured captions. The input may be a text prompt, an image, or both, and the target is the paired structured-
caption annotation described in Sec. 3.2.1. The Upsampler capability recovers spatial, temporal, and visual
details that are implicit in the input, such as subject attributes, scene layout, camera framing, object interactions,
and plausible future motion. To make the model robust to di�erent request formats, we synthesize various
instruction variants, with one variant being the canonical form, sampled more often, and by crossing di�erent
input-prompt lengths (e.g., how detailed a description should be; brief, detailed, etc.) with several prompting
styles (e.g., how the description should detail the scene; request, declarative, etc.). The resulting supervision
encourages the model to follow compact, direct, and stylized user requests and generate detailed scene
descriptions while preserving the same structured output contract. Sec. 6.3.2 describes using the capability for
Cosmos 3 image/video generation.

Autonomous vehicle (AV). We incorporate AV datasets spanning human-labeled and auto-labeled chain-of-
thought reasoning, temporal event understanding, and 3D vehicle grounding.

Action CoT. Human-labeled CoT data from internal driving logs contains more than 10K videos with explicit
driving decisions, covering weather, lighting, road conditions, tra�c rules, ego-vehicle behaviors, critical objects,
and causal links between scene elements and ego behavior. To scale this signal, we auto-label about 1.1M
additional decision-rich videos from internal logs. For each video, we identify the meta-action transition
keyframe as the decision moment and use state-of-the-art VLMs, raw video, ego trajectory, dynamic states, and
meta actions to produce structured decisions, critical components, and concise reasoning traces.

Temporal event localization. We derive temporal event localization data from Nexar dashcam footage (Moura
et al., 2025), with more than 24K videos covering collisions, near-collisions, hard braking, harsh acceleration,
and sharp cornering. Clips are sampled at 6 FPS and capped at 300 seconds. We augment human-/auto-labeled
data with dense captions of the scene, agents, interactions, ego behavior, and spatiotemporal context.

3D vehicle grounding. We train metric 3D vehicle grounding from the MADS dataset (Ren et al., 2025a), which
provides synchronized multi-camera sequences, world-scenario-map 3D annotations, camera intrinsics/extrin-
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sics, and ego poses. We sample frames at�1 FPS and create open-vocabulary detection and referring-grounding
QA, asking the model to enumerate vehicles or localize instances by relative position, lane, motion state, or
distance. Answers are camera-frame 3D boxes parameterized by position, size, roll, pitch, yaw, and category
label, �ltered to visible, lightly occluded objects within 100 m across diverse regions, lighting, and weather.

Robotics and embodied AI. We curate data for action CoT in robot manipulation, embodied reasoning, and
healthcare robotic surgery understanding.

Robot action Chain-of-Thought. Action-CoT teaches Cosmos 3 Reasoner to turn a high-level embodied instruction
and current frame into a 2D image-plane motion plan for robot end-e�ector control. Instead of free-form
rationales, it structures reasoning through task-relevant locations, grounding points, move reasoning, and 2D
waypoints, moving from perception to action in a compact, inspectable trace. The trace identi�es manipulated
objects, context objects, a�ordance points, and collision-free regions, localizes them as coordinates, and
resolves the plan into pixel-space end-e�ector waypoints. Data is built with a modular pipeline because
grounding, localization, and manipulation planning require di�erent skills: Qwen3-VL-72B-Instruct (Bai et al.,
2025a) generates grounding rationales and move reasoning, Molmo-7B (Deitke et al., 2025) localizes referring
expressions, and motion-plan targets come from MolmoAct (Lee et al., 2025a) or tracked DROID (Khazatsky
et al., 2024) episodes.

Embodied reasoning. We strengthen Cosmos for embodied reasoning with temporal localization, task planning,
and robotics embodied QA data. For robot manipulation, we target the MimicGen (Mandlekar et al., 2023)
bottleneck of segmenting demonstrations into object-centric subtasks with precise timestamp boundaries, using
60 held-out videos for zero-shot evaluation and a supervised �ne-tuning set of 3.6K Omniverse-rerendered
videos across six tasks, with timestamps derived from object trajectories and joint kinematics and manually
veri�ed. For long-horizon planning, we curate 83K BEHAVIOR-1K (Li et al., 2023a) samples that map a
scene frame and candidate action list to the ground-truth action. We also add ERQA robotics QA from EO-
Data-1.5M (Qu et al., 2025), covering task planning, a�ordances, failure detection, physical commonsense,
localization, referring, relations, and trajectory prediction.

Healthcare robotic surgery understanding. We curate a robotic-assisted surgery VQA dataset with 398K multi-turn
conversations over 2.2M images. The data is collected from exocentric operating-room cameras, an egocentric
robotic detail camera, and console displays inspired by ORQA (Özsoy et al., 2026). Most samples combine
multiple viewpoints and include tracker metadata (tool states, 3D translations, Euler rotations) and robot
metadata (surgical phase and step) as contextual hints. The tasks cover tool recognition, localization, yes/no
classi�cation, scene graphs, monitor-text transcription, personnel counting, distance/time estimation, action
labeling, and surgical-step recognition.

Smart infrastructure. We curate three complementary smart-infrastructure data sources, covering warehouse
spatial intelligence, dense pedestrian localization, and tra�c and anomaly reasoning.

Warehouse spatial intelligence. We use PhysicalAI-Spatial-Intelligence-Warehouse (Tang et al., 2025), a synthetic
Omniverse corpus spanning 44 warehouse scene collections and 40 camera views. From 93K RGB�D images
and 873K QA pairs, we subsample 80K balanced examples covering object counting, metric distance, grounding,
and binary spatial relations over pallets, boxes, forklifts, shelves, and operator zones.

Dense pedestrian localization. We curate annotations with 208K images from 44 scenes and 5.6M manually
labeled person boxes. All person bounding boxes are manually labeled by human annotators, and personally
identi�able information is redacted via blurring prior to annotation and release to ensure subject anonymity.

Tra�c and anomaly reasoning. We combine synthetic ITS collision supervision, real tra�c-event reasoning,
and surveillance anomaly veri�cation. CARLA (Dosovitskiy et al., 2017) clips train binary collision prediction
between marked vehicle pairs in unprotected-left-turn and T-bone scenarios, with Cosmos-Transfer2.5 (NVIDIA,
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2025b) augmentation yielding 3.4K labeled pair queries. TAR (NVIDIA, 2026b) contributes 3,6K tra�c-camera
videos (26 hours) and 44K annotations spanning QA, temporal reasoning, causal linkage, scene description,
and summarization, with hierarchical CoT auto-labels cross-checked against human annotations. To broaden
anomaly coverage beyond tra�c, we also curate 1K internal surveillance clips for binary tailgating veri�cation.

3.2. Generator Data
Our Generator training follows a progressive multi-stage curriculum that introduces new modalities incre-
mentally over the course of training, starting with images, videos, and audio during pre-training, and later
incorporating actions and interleaved multimodal content during mid-training. Cosmos 3 is positioned as a
good starting point for various Physical AI applications. To show its capabilities, we take the mid-trained check-
points Cosmos3-Nano and Cosmos3-Super and post-train them to produce domain experts using specialized
post-training datasets, including Cosmos3-Super-Text2Image, Cosmos3-Super-Image2Video, and Cosmos3-
Nano-Policy-DROID. These models share the same architecture as their corresponding mid-trained models.
Fig. 8 summarizes the Generator training curriculum across modalities and stages.

Pre-training Mid-training Post-training

Cosmos3-Nano
Cosmos3-Super

Text-to-Image

Text-to-Video
Image-to-Video
Video-to-Video

Text-to-(Video+Audio)
Image-to-(Video+Audio)

(Image+Action)-to-Video
Video-to-Action

Image-to-(Action+Video)

Video Transfer

767M 16M 8M

348M 75M 20K

139M 19M �

� 8M 58K

� 4M �

Cosmos3-Super-Text2Image

Cosmos3-Super-Image2Video

Cosmos3-Nano-Policy-DROID

Figure 8: Generator data curriculum. Each row is a training mode; each column is a training stage. Colored
cells show the number of training samples used at that stage; gray cells (�) indicate the mode is not active.
The video row covers text-to-video, image-to-video, and video-to-video continuation; V2V uses clean
conditioning-video pre�xes and noisy future-video targets. Action and video transfer data are �rst introduced
during mid-training. Mid-training yields the base Cosmos3-Nano and Cosmos3-Super models (shown
between the Mid-training and Post-training columns), which then enter post-training. Post-training is
conducted independently for each modality, yielding the specialized models listed on the right:
Cosmos3-Super-Text2Image, Cosmos3-Super-Image2Video, and Cosmos3-Nano-Policy-DROID. We note
that these specialized models share the exact same architecture with their corresponding mid-train models.

3.2.1. Image and Video

Image and video data curation follows a set of carefully designed processing, annotation, and �ltering pipelines:
(1) collecting raw data and performing pre-processing; (2) computing embeddings and conducting deduplica-
tion; (3) categorizing samples and applying basic �ltering; (4) annotating data; and (5) grouping samples into
training-ready shards based on their resolution and duration. To improve generation quality for Physical AI
scenarios and other challenging cases, we introduce synthetic data into the visual-generation data mixture. We
organize the resulting data into pre-training data and higher-quality mid-training and post-training data.

Pre-training. In the pre-training stage, we use 767M images and347:7M video clips processed from7:8B raw
images and3B raw source videos. In the resulting corpus,720p and 480p are the dominant resolutions for both
images and videos. Speci�cally,720p accounts for26:8%of images and36:4%of videos, while 480p accounts for
26:0%of images and30:8%of videos. In addition, 25:2%of images and12:2%of videos are at 1080p resolution
or higher. The most common aspect ratio is 16:9, accounting for52:0%of images and97:3%of videos. For
images, the second most common aspect ratio is 1:1, accounting for 25:2% of the retained image corpus. The
raw data is processed and �ltered using the pipeline described below:
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ˆ Raw data collection and processing. We collect billions of raw images and videos from diverse data sources,
recording the raw media content together with associated metadata such as raw captions and descriptions.
For videos, we additionally apply scene-change detection using TransNetV2 (Sou£ek and Loko£, 2024) to
segment long videos into temporally consistent clips. We then useffmpeg cropdetect to detect and
remove black borders, and re-encode all video clips into a canonical format to standardize storage and
ensure playback integrity.

ˆ Embedding and deduplication. Raw data contains a large amount of repeated image and video content, and
its concept distribution is often highly imbalanced. To remove duplicate content and establish a foundation
for concept balancing and evaluation, we embed the media content into vectors. For images, we use
Qwen3-VL-Embedding-8B (Li et al., 2026b); for videos, we use nvidia/Cosmos-Embed1-448p (NVIDIA
et al., 2025b). We sample147M images and400M video clips from the full data corpus and independently
run cuML KMeans with 20; 000clusters for each data type (Raschka et al., 2020; McQueen, 1967). We
then assign each image or video clip to its nearest cluster and perform near-duplicate removal within
each cluster based on cosine similarity scores.

ˆ Categorization and basic �ltering. We use a small suite of in-house VLM models for semantic tagging
and quality �ltering. Both image and video data are classi�ed into 47 hierarchical categories, including
General and Physical AI domains. For image �ltering, a dedicated model annotates attributes such as
collage and produces aesthetic and photorealism scores. Images are retained only if their aesthetic score
exceeds a prede�ned threshold. Images tagged as collage, watermark, white background, or NSFW are
discarded. For synthetic images not intended for text rendering, we additionally �lter them based on their
photorealism score, retaining only those above a speci�ed threshold. For video �ltering, we use three
continuous quality scores�DOVER aesthetic quality (Wu et al., 2023a), DOVER technical quality, and
VTSS training suitability (Wang et al., 2025d), each on a 0�9 scale�together with approximately 100
binary artifact tags. Major artifacts (split-screen layouts, rotated videos, static videos) lead to rejection,
while minor artifacts (text overlays, motion blur, compression noise) are �agged but retained in the
pre-training data.

Mid-training. The mid-training stage aims to improve generation quality using carefully selected high-quality
data and to equip the model with additional capabilities, including both domain-speci�c capabilities, such
as Physical AI, and new tasks, such as video transfer. The data is drawn from three sources: (1) high-quality
images and videos; (2) synthetic images and videos; and (3) video-transfer data.

ˆ High-quality images and videos. We select data using stricter �ltering rules and sample data more heavily
from hard-case concepts to mitigate the long-tailed distribution. For real images, samples must satisfy
per-aspect-ratio resolution thresholds and a strict DOVER aesthetic-score cuto�. We also include synthetic
and text-rendering subsets. Synthetic images, curated through careful rejection sampling, broaden
coverage of uncommon visual concepts and object compositions, while text-rendering images address
the underrepresentation of legible in-image text. The resulting mid-training image mixture has e�ective
proportions of 60% real images,36% synthetic images, and4% text-rendering images. For video, we
similarly apply stricter resolution and aesthetic �ltering to select clips from the pre-training pool, which
constitute 46:0%of the mid-training video mixture. We then incorporate additional high-quality, domain-
speci�c clips from robotics, autonomous driving, human activity, and egocentric human-object interaction
sequences, targeting embodied-AI and manipulation scenarios; these clips constitute another43:9%of
the mixture. To further improve robustness on di�cult and corner-case concepts, such as human motion,
high-speed complex motion, and �ne-grained manipulation, we collect additional capability-oriented
data focused on these hard cases, which accounts for the remaining 10:1% of mid-training videos.

ˆ Synthetic data. Although our pre-training corpus is highly diverse, its concept distribution remains
long-tailed. As a result, the model receives comparatively limited exposure to rare but important Physical
AI domains and scenarios, such as robotics, autonomous driving, and warehouse environments. In these
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settings, the model often struggles to understand scene dynamics, physical interactions, and long-horizon
behavior. To address these limitations, we construct a large-scale synthetic data corpus with the following
subsets: 1) Physical-Interaction-Scenes (SDG-PhyxSim) focusing on rigid-body collisions, articulated
object dynamics, deformable materials, �uid dynamics, and optical e�ects; 2) Embodied-Robot-Scenes
(SDG-RobotSim) for manipulation and locomotion sequences across 6�8 robot embodiments and diverse
task categories; 3) Autonomous-Driving-Scenarios (SDG-DriveSim) covering both routine and corner-
case tra�c scenarios; 4) Digital-Human-Scenes (SDG-SynHuman) designed to improve modeling of
human dynamics, camera-motion priors, and multi-character interactions; and 5) Warehouse-Operation-
Scenes (SDG-Warehouse) for warehouse safety containing human-forklift interaction scenarios. Refer to
Appendix C for more details on the construction of the synthetic data and analysis. We release all SDG
datasets to support the community.

ˆ Video transfer data. Transfer data equips the Generator with control-conditioned generation capabilities.
Given a spatial control signal, such as an edge map, blurred frame, depth map, segmentation map, or
world-scenario map, together with a text description, the model is trained to generate an RGB video.
We select3M videos from the pre-training video pools, focusing on high-quality videos and physical-AI
domains such as robotics and autonomous driving. For edge and blur control, we compute the control
signals on the �y during training using Canny edge detection, Gaussian blur, and bilateral �ltering
with randomly sampled parameters. For depth and segmentation control, we pre-compute the control
signals using Video Depth Anything (Chen et al., 2025c) and SAMv2 (Ravi et al., 2025), respectively.
For world-scenario-map control, we use the MADS dataset collected by Cosmos-Drive-Dreams (Ren
et al., 2025a). MADS contains1:1M samples, each with seven synchronized camera views: front-wide,
front-tele, cross-left, cross-right, rear-left, rear-right, and rear-tele. The videos are recorded at30FPS and
accompanied by per-camera world-scenario-map control inputs that encode lane lines, road boundaries,
tra�c lights, and dynamic 3D bounding boxes for vehicles and pedestrians. The dataset covers 14
geographic regions, including the United States, Germany, Japan, and the United Kingdom, across 25
country-duration partitions.

Post-training. We construct post-training datasets for training domain-specialized Cosmos 3 models, such as
Cosmos3-Super-Text2Image and Cosmos3-Super-Image2Video.

The post-training image corpus is a compact, carefully curated set drawn from three sources: synthetic images,
text-rendering images, and high-quality real images. General web-scale pre-training data is excluded entirely
in favor of high-�delity content that directly targets generation quality and capability gaps.

The post-training video corpus is assembled from two components. The �rst is a subsampled subset of the pre-
training video corpus. This subset serve as a regularizer, preventing the model from over�tting to the narrower
post-training distribution while preserving the broader visual knowledge acquired during pre-training. The
second and primary component is a compact set of supervised �ne-tuning (SFT) videos, curated speci�cally to
close generation-quality gaps identi�ed through systematic evaluation. The SFT video set consists of three sub-
sources. The �rst is synthetic videos, which cover diverse visual concepts, motion types, and scene compositions
that are di�cult to source from real-world footage. The second is human-curated real SFT videos, selected
and annotated by human curators to provide a direct quality signal for generation �delity across key visual
domains. The third is retrieved real videos from the pre-training corpus, selected via embedding similarity to
ensure coverage of common failure cases.

Structured caption annotation. Caption quality is a critical factor in generation quality. A high-quality
caption should faithfully describe the entities, attributes, relationships, and overall scene content in an image
or video. For videos, captions should further capture temporal dynamics, including object motion, human
actions, physical changes, interactions, and camera movement. To improve caption quality, we conducted
multiple design iterations and adopted a structured JSON annotation format instead of dense free-form natural-
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language captions for all our data across all training stages. Our experiments show that free-form captions are
often precise but incomplete: they tend to describe visible content accurately, yet omit important details in
complex scenes. In contrast, a rich prede�ned structure encourages systematic coverage of objects, attributes,
relationships, and scene-level information, improving recall while maintaining high precision.

Our structured format captures a broad set of visual attributes, including subjects, background, lighting,
aesthetics, and cinematography. For videos, we additionally introduce �elds for temporal dynamics, ranging from
physical transformations and object interactions to complex human motion. We �ne-tuned two Qwen3-VL-8B
models on structured annotation data to serve as our in-house captioners for images and videos, respectively.
Refer to Appendix A for more details on our captioning models and full structured caption schema.

To quantitatively and rigorously evaluate annotation quality, we designed a specialized caption-quality bench-
mark for both images and videos. This benchmark focuses on hard-to-caption examples, emphasizing domains
such as Physical AI, where accurate descriptions of objects, spatial relationships, actions, and temporal dynamics
are critical. For each model-generated caption, we compute precision and recall at the assertion level using two
distinct approaches. Precision is evaluated directly against the source media to penalize hallucinations: a VLM
decomposes the generated caption into atomic claims and veri�es whether each claim is visually supported by
the image or video itself. Recall, on the other hand, measures comprehensiveness and relies on human-curated
ground truth. To enable a reliable and traceable recall evaluation, we decompose the visual content of videos
or images into a list of atomic assertions covering entities, attributes, relationships, events, and other relevant
details. An LLM then cross-references the generated caption against this ground-truth assertion list to determine
which key details were successfully captured. This protocol allows us to evaluate not only the factual accuracy
of the captions, but also whether they contain the critical visual information required to train high-quality
generative models. On this benchmark, our structured annotation approach signi�cantly improved recall while
maintaining high precision.

3.2.2. Audio

Audio-video paired data teaches the Generator not only what sound should be present, but also when that
sound should occur relative to visible events. Raw web video audio is challenging for this purpose: narration
and voiceover often describe the video without being caused by it, while manually added background music
(BGM) can mask the physical sounds produced by on-screen events. We therefore use audio di�erently across
training stages. Pre-training preserves broad acoustic coverage, while mid-training constructs higher-precision
audio-video pairs through an explicit selection policy for speech and non-speech audio.

Pre-training. The audio pre-training corpus is derived entirely from the pre-training video pool. In total,
138.9M pre-training clips contain usable audio tracks, covering a broad mixture of diegetic and non-diegetic
speech, voiceover, BGM, ambient sound, music, and physical events. Of these clips, 62.5M are shorter than
30 seconds; for this subset, we use Qwen3-Omni-Captioner (Xu et al., 2025) to generate synthetic audio
descriptions. This stage favors scale and diversity, exposing the model to the long-tailed distribution of real
video audio before applying stricter curation in mid-training.

Mid-training. The mid-training audio pool is �ltered from the pre-training audio-video corpus to improve
causal audio-visual alignment. The �nal pool contains 18.8M clips: 12.8M non-speech clips for environmental
and physical sound generation, and 6M speech-synchronized clips for visually grounded speech generation.
The curation pipeline is organized around a simple principle: keep speech only when it is synchronized with a
visible face, remove o�-screen speech from non-speech examples, and remove non-instrumental BGM when it
would dominate the target audio.

ˆ Source separation. For every candidate clip, SAM-Audio (Shi et al., 2025a) separates the original audio
into a speech stem and a remaining stem. The speech stem is used to identify visually grounded speech,
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while the remaining stem provides a vocal-suppressed candidate for non-speech audio generation.
ˆ Lip-sync scoring. SyncNet (Chung and Zisserman, 2016) is run on the speech stem and original video

to produce has_face and lip_sync_confidence . We de�ne speech_synced ashas_face = True and
lip_sync_confidence � 3:0 (as shown in LatentSync (Li et al., 2024b)).

ˆ Audio event detection. FireRedASR2S (Xu et al., 2026) runs on the original audio to estimatespeech_ratio ,
the fraction of time labeled as speech or singing, andmusic_ratio , the fraction labeled as music. We
de�ne high_music as music_ratio � 0:1.

ˆ Instrument detection. For allhigh_music clips, including speech-synchronized ones, Qwen3-VL (Bai et al.,
2025b) predicts is_music_instrument . This protects instrument-performance videos whose music is
part of the visible event rather than removable BGM.

ˆ Speech branch. Clips satisfyingspeech_synced form the speech mid-training pool. We keep the original
audio unless the clip ishigh_music and is_music_instrument is False ; in that case, SAM-Audio removes
music from the original waveform. This edited path is retained only if a second FireRedASR2S pass on
the candidate audio reports speech_ratio � 0:05 and music_ratio = 0 , and only if the candidate is
not near-silent according to max_abs � 0:007, p50_db � �80 , and active_ratio � 0:2 . This preserves
lip-synchronized speech while suppressing non-instrumental BGM.

ˆ Non-speech branch. Clips not assigned to the speech-synchronized branch are curated for non-speech
audio-visual generation. We �rst choose a base waveform: ifspeech_ratio � 0:05 , we use the SAM-Audio
remaining stem to remove vocals; otherwise, we keep the original audio to preserve physical sounds. If
the clip is high_music and is_music_instrument is False , SAM-Audio music removal is applied to the
chosen base waveform. Candidates derived from the remaining stem must pass a second FireRedASR2S
check with speech_ratio < 0:05 ; their music_ratio must be = 0 when music removal was applied,
and < 0:1 otherwise. Candidates derived from the original waveform with music removal must have
music_ratio = 0 . Processed candidates must also pass the same non-silence thresholds used for the
speech branch.

ˆ Caption annotation. Captions are tied to the �nal waveform used for training. If the selected waveform is
the original audio, we retain the original audio description. If source separation or music removal changes
the waveform, we re-caption the �nal candidate audio so that the text does not describe removed speech
or accompaniment. For the speech-synchronized pool, we transcribe each selected speech track with
Qwen3-ASR (Shi et al., 2026), then use GPT-OSS-120B (Agarwal et al., 2025) to merge the transcript
with the audio description. The resulting caption speci�es both spoken content and non-linguistic acoustic
context while remaining faithful to the audio paired with the video.

3.2.3. Action

Actions provide the causal variables that connect observed world states across time. While video-only training
teaches the generator to extrapolate likely motion, it does not expose the model to controllable interventions:
the same initial observation may evolve di�erently under di�erent robot commands, camera trajectories, vehicle
routes, or human hand motions. We therefore introduce paired text-video-action data during mid-training
so that Cosmos 3 can learn both directions of the world-action relationship: predicting future observations
conditioned on actions, inferring the actions that explain an observed trajectory, and jointly generating actions
and future video.

Data statistics. We focus action mid-training on four physical-AI pillars: egocentric motion, robotics, au-
tonomous vehicles, and camera motion. The �nal curated data contains8:4M episodes and61:3K hours across
these pillars, as summarized in Fig. 9.

ˆ Egocentric motion. Egocentric motion data contributes41:3K hours (67:4%), making it the largest compo-
nent. It comprises 1:7M episodes from a proprietary dataset of bimanual hand manipulation captured
with a head-mounted RGB camera. Each frame is annotated with the synchronized head-camera pose
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Action Data Distribution

61.3K
hours

Egocentric
Motion
67.4%

Autonomous
Vehicle
16.3%

Robotics
8.7%

Camera
Motion
7.5%

Figure 9: Action data distribution. Hours are
aggregated over the four main action-data pillars in
the �nal curated action mid-training set, which
contains 8:4M episodes and 61:3K hours.

Table 4: Robotics data breakdown. Grouped by
robot embodiment.

Embodiment Data source Tasks Episodes Hours

AgiBot Bu et al. (2025) 338 239.4K 4.37K

Franka Panda Wu et al. (2025a);

Khazatsky et al. (2024)

67.5K 76.3K 442

Google Robot Brohan et al. (2023b) 599 87.2K 351

WidowX-250 Walke et al. (2023) 21.8K 50.4K 100.1

UMI Lin et al. (2025a); Ha et al. (2024);

Liu et al. (2024e); Chi et al. (2024);

Liu et al. (2025a); Wu et al. (2024)

43 38.3K 67

UR Wu et al. (2025a) 114 25.0K 35

Total � 90.4K 516.7K 5.36K

and, for each hand, a 21-keypoint 3D pose (Zimmermann and Brox, 2017; Simon et al., 2017) that
provides per-joint position and orientation in the camera coordinate frame, enabling the model to jointly
learn egocentric ego-motion and �ne-grained dexterous hand motion.

ˆ Autonomous vehicle. Autonomous vehicle data contributes10:0K hours (16:3%), derived from high-quality,
in-house driving logs collected using the NVIDIA Hyperion platform. The dataset is constructed by mining
a large-scale corpus to match a target distribution spanning diverse driving scenarios. The selected
scenarios cover a broad range of conditions, including diverse weather, lighting, and road conditions, as
well as varied longitudinal and lateral maneuvers, rather than being limited to predominantly near-straight
cruising. To align with other domains, we transform driving trajectories from the vehicle coordinate
frame to the front-wide camera coordinate frame.

ˆ Robotics. Robotics data contributes5:4K hours (8:7%), aggregated from open-source datasets. The subset
contains 90:4K tasks and516:7K episodes, as broken down by embodiment and source in Tab. 4. To avoid
embodiment-speci�c controller details such as PID parameters or low-level actuation interfaces, we use
pseudo-actions derived from state di�erences. We curate data from both successful and failed episodes
so the model observes not only intended completions but also o�-nominal action e�ects.

ˆ Camera motion. Camera motion data contributes 4:6K hours (7:5%), mined from our pre-training video
dataset. We convert these videos into action trajectories by estimating camera poses with ViPE (Huang
et al., 2025) and DepthAnything3 (Lin et al., 2025b). To ensure data quality, we rigorously �lter the
dataset to remove clips with unreliable pose estimation, such as those exhibiting excessive jitter or
abnormal camera intrinsics. All camera poses are kept in metric scale and converted to the uni�ed action
coordinate convention. This curation process yields a dataset of 1:9M clips.

Data processing pipeline. We convert each source using the uni�ed action tokenization described in Sec. 2.1.3.
To balance action magnitudes across embodiments after this conversion, we compute per-dimension normalizers
from the training data and scale action channels to a comparable range of roughly[�1; 1] . For data with
multiple synchronized viewpoints, we concatenate the views into a canvas and store the camera layout in
metadata, as shown in Fig. 29. Rather than �ltering out idle operations, we retain them and record the idle-step
count in metadata, allowing downstream sampling to explicitly balance active and inactive segments.

4. Training

We train Cosmos 3 in two main phases. First, the Reasoner is pre-trained on large-scale image�text and video�text
corpora, and subsequently �ne-tuned on a curated Physical AI mixture, producing a strong multimodal backbone
for visual understanding and reasoning. Because the Reasoner and Generator share the same transformer block
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architecture, the trained Reasoner weights are then used to initialize the Generator, transferring semantic and
world knowledge into a model capable of synthesizing pixels, audio, and actions. The Generator is trained
using a progressive multi-stage curriculum. It begins with large-scale image, video, and audio pre-training,
followed by mid-training that gradually introduces action and transfer data. Finally, the model is post-trained
on smaller, carefully curated Physical AI datasets to improve downstream behavior, physical consistency, and
action �delity.

4.1. Reasoner Training
The Cosmos 3 Reasoner is trained in two stages: large-scale multimodal pre-training followed by supervised �ne-
tuning on curated Physical AI tasks. During pre-training, the model learns general multimodal representations
from large-scale image�text and video�text corpora. Supervised �ne-tuning then specializes the model for
Physical AI domains, including robotics, autonomous driving, and smart infrastructure applications, while
preserving the broad capabilities acquired during pre-training.

4.1.1. Pre-Training

Reasoner pre-training starts from a language model and a ViT encoder connected through a multimodal
projector. For initialization, we experiment with both our internally pre-trained models described in Appendix D
and open-source Qwen3-VL models, using ours for the Edge model, Qwen3-VL-8B for the Nano model, and
Qwen3-VL-32B for the Super model. Unlike previous approaches that perform a separate alignment stage by
training only the projector while freezing the remaining VLM parameters (Bai et al., 2025a), we found such
staged alignment to be unnecessary and instead train all components jointly from the start of pre-training.

The model is trained using a next-token prediction objective over the large-scale multimodal corpus described
in Sec. 3.1.1. We train for two epochs over the full pre-training mixture using a no-replacement sampler that
uniformly concatenates all datasets. Because many Physical AI applications require e�cient reasoning and
low-latency inference, we restrict training to sequences of at most16k tokens, with per-sample limits of 2048
image tokens and 8192 video tokens.

Following prior work (Bai et al., 2025a; Wang et al., 2025e), we apply square-root normalized per-token loss
weighting to balance the contributions of short and long sequences. We found that this normalization strategy
signi�cantly improved downstream benchmark scores and overall training stability.

Optimization uses AdamW with a peak learning rate of 5�10 �5 for the language model and projector, and
5�10 �6 for the ViT. All learning rates follow a cosine decay schedule to0:1� of the peak value after a 10%
linear warm-up phase. We use Adam coe�cients (� 1; � 2) = (0:9; 0:999). Training additionally uses weight
decay of 0:05 and gradient clipping with a global norm threshold of 1:0.

4.1.2. Supervised Fine-Tuning

To adapt the model to downstream Physical AI tasks, we perform supervised �ne-tuning on a curated high-quality
multimodal mixture. Unlike pre-training, where datasets are sampled uniformly across epochs, supervised
�ne-tuning uses an importance-aware sampling strategy in which each dataset is assigned a �xed sampling
budget based on its importance, quality, and scale. This allows optimization to focus on high-value downstream
tasks while still maintaining diversity across domains and capabilities.

To prevent downstream specialization from degrading the model's general reasoning and visual understanding
capabilities, we additionally mix in a �ltered high-quality subset of pre-training data using a �xed 1:4 pre-
training-to-SFT sampling-budget ratio. Retaining a small pre-training stream improves robustness, preserves
instruction-following behavior, and maintains strong general-domain capabilities on several benchmarks. We
also include a lightweight instruction-following dataset (800K samples) within the supervised �ne-tuning
mixture to further stabilize conversational and instruction-following capabilities during task adaptation.
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Training is performed for 8200 iterations with a global batch size of 512. We use the AdamW optimizer with
a peak learning rate of 1�10 �5 for the language model and projector, and 1�10 �6 for the ViT. All learning
rates follow a cosine decay schedule to0:1� of the peak value after 1000steps of linear warm-up. We use
Adam coe�cients (� 1; � 2) = (0:9; 0:95). We use weight decay of 0:1 and gradient clipping with a global norm
threshold of 1:0.

4.2. Generator Training
The Cosmos 3 Generator is trained using a progressive multimodal curriculum designed to jointly model
visual, auditory, and action-conditioned world dynamics across diverse resolutions, durations, and conditioning
modalities. The training recipe emphasizes scalability, high-�delity generation, and e�cient long-context
learning. During pre-training, the model learns general generative priors from large-scale data spanning images,
videos, and audio. Subsequent training stages progressively introduce richer multimodal supervision, including
actions and transfer sequences, enabling the model to learn temporally coherent world evolution and physically
grounded interactions.

Training objective. The Cosmos 3 generator is optimized under a recti�ed �ow matching objective across all
modalities. For a target latent from any modality, we construct a noisy latent via the straight-line interpolation
x � = � � � + (1 � �) � x 0, where x0 is the clean target, � � N (0; I) , and � 2 [0; 1] is the noise level. A single
denoiserv� (x � ; �; c) is trained to predict the constant velocity v� = ��x 0 via masked mean-squared error, where
conditioning tokens (e.g., clean conditional frames in image-to-video tasks) are gated out of the loss. We apply
per-modality time sampling, drawing noise level � independently for each modality (images, videos, audio,
and action). Following Waver (Zhang et al., 2025c), we use logit-normal noise distribution for image, audio,
and action batches and mode sampling for video batches. We found that using mode sampling yields better
generation quality. We further map t through a recti�ed-�ow shift reparameterization � = s � �t=(1 + (s � 1) � �t)
with �t = 1 � t, where s � 1 biases the marginal toward higher noise.

4.2.1. Pre-Training

During the pre-training stage, we jointly train the model to generate images, videos, and audio across diverse
resolutions and generation tasks. To support this, we employ a multi-resolution training strategy and optimize
the model jointly over multiple generation tasks, including Text-to-Image, Text-to-(Video+Audio), Image-to-
(Video+Audio), and Video-to-(Video+Audio).

Multi-resolution training. Rather than committing to a single output resolution, we train simultaneously
across three resolution tiers (256p, 480p, 720p), �ve aspect ratios and variable number of frames, as shown
in Tab. 5. This exposes the model to high-�delity content while encouraging resolution-agnostic representations.
The training data is partitioned accordingly: the 256p stream draws from the full dataset (all native resolutions
are eligible), the 480p stream is restricted to source material with native resolution at or above 480p, and the
720p stream uses only content at or above 720p, preserving sharpness and �ne detail at the highest tier. Each
resolution tier imposes a di�erent maximum frame budget: up to 400 frames at 256p and 480p, and 300 frames
at 720p. We restrict 720p to 300 frames due to the sequence length constraints. Training batches are composed
across the four tiers using a 1:1:2:1 ratio for image-only, video-256p, video-480p, and video-720p samples,
respectively. We �nd that this distribution provides a strong balance between high-�delity learning and sample
diversity, enabling the model to observe more training examples while still emphasizing higher-resolution
content. We use resolution-adaptive shift values: s = 1 at 256p, s = 3 at 480p, and s = 5 at 720p.

To prevent gratuitous recompilation overhead while supporting variable sequence lengths, we use token packing
with a �xed budget of 74,000 tokens per sequence. Sequences at various resolutions are packed together to �ll
each batch, maximizing GPU utilization without padding (depicted in Fig. 10).
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Table 5: Image/Video Model Speci�cations. Supported con�gurations for image and video modalities. Each
row shows the FPS range, frame counts (video only), and image/video dimensions (w, h) for the �ve
supported aspect ratios at each resolution.

Video Dimensions (w, h) by aspect ratio for images/videos

Resolution FPS # frames 16:9 4:3 1:1 3:4 9:16

256p 10�30 5�400 (320, 192) (320, 256) (256, 256) (256, 320) (192, 320)
480p 10�30 5�400 (832, 480) (736, 544) (640, 640) (544, 736) (480, 832)
720p 10�30 5�300 (1280, 720) (1104, 832) (960, 960) (832, 1104) (720, 1280)

Multi-Resolution Training Tiers

256p
Max 400 frames
Noise shift s = 1
All source resolutions

480p
Max 400 frames
Noise shift s = 3
Native res. � 480p only

720p
Max 300 frames
Noise shift s = 5
Native res. � 720p only

Sequence Packing (�xed 74,000-token context)

r1 256p 256p 256p 256p

r2 480p 256p

r3 480p 480p

r4 720p

74,000 tokens (�xed context window)

256p sequence 480p sequence 720p sequence

Image�video pre-training data mixture
by resolution

80/20
video / image

Video-720
20%

Video-480
40%

Video-256
20%

Image-256
6.66%

Image-480
6.66%

Image-720
6.66%

Video modes: T2V 70%, I2V 20%, V2V 10%

Figure 10: Left: Multi-resolution training and sequence packing. The three resolution tiers (256p, 480p,
720p) di�er in their maximum frame budget, eligible source material, and recti�ed-�ow noise-shift value;
variable-length sequences from di�erent tiers are packed together to �ll a �xed 74,000-token context window,
maximizing GPU utilization without padding. Right: Data mixture used in generator pre-training. We use
joint image-video training, with videos sampled 80%of the time and images the remaining 20%. Within each
split, we train at multiple resolutions: 256p, 480p, and 720p. For video batches, we additionally sample
uniformly among three conditioning modes�text-to-video, image-to-video, and video-to-video. The exact data
mixture is shown in the right panel.

Training modes. For a latent video tensor of shape C � T � H � W , let Tcond denote the number of conditional
latent frames and Tnoised the number of noisy latent frames (T = T cond + T noised). During training, no noise is
applied to the �rst Tcond frames, which serve as conditional inputs; only the remaining Tnoised frames are noised,
and the model learns to denoise them. Di�erent choices of Tcond and Tnoised yield di�erent training modes. We
use four generation modes�Text-to-Image, Text-to-Video, Image-to-Video, and Video-to-Video�distinguished
solely by the number of conditioning visual frames prepended to each sample, with sampling ratios of20%,
56%, 16%, and 8%, respectively. All modes use the structured JSON caption format described in Sec. 3.2.

ˆ Text-to-Image (T2I). Images are treated as a special case of videos with the temporal dimension restricted
to T = 1. In this mode, images are drawn randomly from all three resolution tiers and aspect ratios, then
sequence-packed before being sent to the model. Since an image sample yields far fewer tokens than a
video, a typical sequence contains many more samples than its video counterpart.

ˆ Text-to-Video (T2V). In text-to-video training, Tcond = 0 . The model learns to denoise the entire video
conditioned solely on text. Alongside the caption, the model receives duration, FPS, and timestamp
metadata as additional �elds in the JSON caption, enabling it to generate videos of speci�ed length and
temporal extent.

ˆ Image-to-Video (I2V). For single-frame conditioning (Tcond = 1 ), the �rst latent frame is held clean while
subsequent frames are noised. The model learns to generate future frames consistent with both the initial
frame and the caption.
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ˆ Video-to-Video (V2V). For multi-frame conditioning (Tcond = 2 ), the model is conditioned on the �rst �ve
frames of a video (equivalently, the �rst two latent frames) and learns to predict future frames consistent
with both the conditioning frames and the input prompt.

FPS modulation. We train the model with varying FPS values, so the physical temporal spacing between
tokens di�ers across samples: a clip sampled at 30 FPS packs frames more densely in real time than the same
number of tokens sampled at 16 FPS. To re�ect this, we modulate the temporal axis of 3D MRoPE position
encodings by assigning temporal coordinates in proportion to real-world time rather than token index (see
Sec. 2), with a base rate of 24 FPS. Duration and FPS are also appended to the text prompt, allowing the model
to be conditioned on speci�c temporal characteristics at inference time.

Optimization. Only the generation-speci�c parameters are updated during the generator pre-training. The
reasoner tower remains frozen, preserving the language and visual understanding capabilities. We use
FusedAdamW with learning rate 10�4 , (� 1; � 2) = (0:9; 0:99), weight decay 0:05, and gradient clipping at
norm 1.0. The learning rate schedule follows a linear decay with warmup, from the peak lr to a �oor of 0:30�
over n iterations. To enable classi�er-free guidance, we use a text-dropout rate of 10% across all modalities.

Tokens trained. In the pre-training stage, Cosmos3-Nano was trained on 31:05T tokens using1024NVIDIA
GB200 GPUs, while Cosmos3-Super was trained on 17:86T tokens using 2048 NVIDIA GB200 GPUs.

4.2.2. Mid-Training

Mid-training bridges the gap between broad pre-training and downstream deployment. At this point, the
Generator has already learned general image, video, and audio generation from large-scale data, but the target
Physical AI applications require stronger coverage of rare dynamics, embodied scenes, control interfaces, and
high-quality visual domains. We therefore continue training from the pre-trained checkpoint with a curated
mixture that both preserves the original visual generation modes and introduces new sources of supervision.
The stage has two complementary objectives: domain specialization, which increases exposure to high-value
Physical AI domains, and multimodal integration, which extends the model from visual and audio generation to
action- and control-conditioned world modeling.

Domain specialization. While retaining its general knowledge, the model is exposed to highly curated
specialized datasets to improve quality and reliability in application-critical Physical AI scenarios. For images,
we use a 15.6M-sample mid-training pool that emphasizes high-quality real imagery while adding synthetic
and text-rendering data to broaden concept coverage and preserve legible text generation. For videos, we
incorporate 74.7M curated clips spanning robotics, autonomous driving, human activity, physics, and synthetic
simulation data. These sources target failure modes that are underrepresented in generic web-scale pre-training,
such as long-horizon interactions, �ne-grained human and robot motion, physical object dynamics, and safety-
critical driving or warehouse scenarios. By mixing these domain-focused datasets with the existing image and
video training modes, mid-training improves Physical AI relevance without discarding the broad visual priors
learned during pre-training, as described in Sec. 3.2.1.

Multimodal integration. Mid-training expands the Generator from image, video, and audio generation into
a uni�ed Physical AI model that can also consume and synthesize action and control signals. We keep the
same clean-pre�x/noisy-target formulation used in pre-training for T2I, T2V, I2V, and V2V, so existing visual
capabilities remain active while new modality-speci�c tokens are introduced in the di�usion subsequence.
This lets action, audio, control, and video tokens share the same temporal coordinate system and two-way
attention pattern described in Sec. 2. In addition to the pre-training modes, we add two additional families of
multimodal supervision: action and video transfer.
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Table 6: Generator mid-training data mixture. After pre-training is done, we introduce new modalities
(action and transfer) in the mid-training stage with the data ratios listed below.

Training stream Modes / Conditioning Share

Image T2I 10%
Video T2V, I2V, V2V 32%
Video + Audio T2(V+Audio), I2(V+Audio), V2(V+Audio) 8%
Action Forward dynamics, inverse dynamics, policy 25%
General Transfer Edge, blur, depth, and segmentation controls 20%
Driving Transfer World-scenario-map controls 5%

ˆ Action. We introduce paired text-video-action training data using the uni�ed action representation
in Sec. 2.1.3. The model is trained not only to predict future video conditioned on actions, but also to
infer actions from observed trajectories and to jointly generate actions and visual futures. This teaches
the Generator a causal interface between controllable interventions and world evolution.

ˆ Video transfer. We add control-conditioned transfer data in which clean control signals are provided as
inputs and the model denoises the corresponding target image or video. The control signals include
edge, blur, depth, and segmentation maps from high-quality video corpora, as well as world-scenario
maps for driving scenes. This exposes the model to spatially grounded constraints while retaining text
conditioning and visual generation quality.

The mixing ratios of di�erent modalities are shown in Tab. 6.

Multi-resolution training. Similar to pre-training, mid-training uses multi-resolution across 256p, 480p, and
720p within a �xed 74K context window. To better handle dynamics and reduce temporal and high-resolution
artifacts, we increase recti�ed-�ow shift values to 3, 5, and 10 for 256p, 480p, and 720p, respectively.

Training objective. Similar to pre-training, we use the recti�ed �ow objective for all modalities. For action,
we inherit the vision noise schedule. The total loss in mid-training is the sum of per-modality velocity MSEs
weighted by modality-speci�c loss scales, with action losses scaled by10� to compensate for the smaller
per-element MSE of normalized action vectors.

Optimization. Similar to pre-training, we use FusedAdamW with learning rate 10�4 , weight decay 0:05,
gradient clipping at norm 1.0, and loss scale 10. The learning rate follows a LambdaLinear schedule with start
factor 0:4 and cycle length 100;000.

Tokens trained. In the mid-training stage, Cosmos3-Nano model was trained on 2:4T tokens using1024NVIDIA
GB200 GPUs, while Cosmos3-Super model was trained on 1:9T tokens using 2048 NVIDIA GB200 GPUs.

4.2.3. Text-to-Image Post-Training

To demonstrate the omnimodal capability of Cosmos3-Super, we further specialize the model into a text-to-
image checkpoint, Cosmos3-Super-Text2Image. Our goal is to transfer the model's physically grounded world
understanding to high-quality image generation, aiming for strong open-source T2I results while improving
physical plausibility and scene-level alignment.

We perform text-to-image specialization using a two-stage SFT, following the common text-to-image foundation-
model training paradigm that emphasizes semantic enhancement before preference-oriented re�nement.

ˆ Stage 1: broad T2I specialization. We �ne-tune the model for 20k training steps on the curated high-quality
SFT dataset. The training mixture is sampled with a controlled ratio of 45%general real image data,
40%synthetic image data, and15%text-rendering-only data, balancing visual �delity, caption alignment,
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and language retention. We use a base learning rate of1 � 10 �4 , 2k warmup iterations, and a linear
learning-rate decay schedule, while keeping all other hyperparameters consistent with the Cosmos 3
mid-training stage.

ˆ Stage 2: high-quality re�nement. We perform a �nal 2k-step SFT pass using470k carefully curated
ultra-high-quality image�caption pairs. This stage further improves visual aesthetics, prompt-following,
text-rendering quality, and alignment with human preferences.

ˆ Resolution and context length. For both stages, we use a �xed context window of 70k tokens and train
only on images with a resolution higher than 720p.

Overall, Cosmos3-Super-Text2Image delivers strong text-to-image results across both semantic alignment and
English text-rendering benchmarks. On UniGenBench, it achieves the best overall score among the evaluated
models, reaching91:26on the full benchmark (see Tab. 11). With an agentic work�ow, the model ranked top-1
among open-weight models on the Arti�cial Analysis Text-to-Image leaderboard (Sec. 6.2.1). These results
suggest that downstream T2I modality adaptation from Cosmos 3 is highly e�ective: it improves scene-level
prompt alignment while preserving the model's physically grounded generation capability.

4.2.4. Image-to-Video Post-Training

Image-to-Video capability is fundamentally important for comprehensive visual understanding. It probes the
model's understanding of physical laws, object permanence, and intricate scene geometry, while also serving as
a critical predictive mechanism for embodied AI and robot planning, where simulating plausible future frames
yields an e�ective world model (Wiedemer et al., 2025; Chen et al., 2025a). While Cosmos 3 is inherently
designed to handle a diverse array of tasks natively, we utilize SFT to explicitly showcase and specialize its
potential in the I2V domain. To demonstrate these capabilities, we employ the following procedure:

ˆ Data and training mixture. We �ne-tune the model using �ltered pre-training data that have been re�ned
for a more balanced topic diversity, augmented via an agentic work�ow that identi�es model weak
spots to retrieve targeted examples from the pre-training set. This is combined with 1,000 high-quality
manually curated videos and a dataset of approximately 20k synthetic video clips spanning diverse topics
(accounting for roughly 6% of the total tokens). While all video sequences are trained exclusively using
the I2V formulation, our training mixture also incorporates 20% T2I image tokens to preserve the model's
semantic alignment.

ˆ Resolution and duration. We specialize the model for temporal generation at a targeted resolution of 480p
and targeted duration of 189 frames, corresponding to roughly 8 seconds at 24fps. This con�guration
balances inference speed with temporal context, enabling fast, physically plausible video generation over
a meaningful time horizon.

ˆ Training schedule. The I2V post-training stage runs for a duration of 10k iterations at a learning rate of
1 � 10 �5 . The model processes roughly 50B tokens over the course of SFT.

Through post-training, Cosmos3-Super-Image2Video achieves leading quality in image-to-video generation.
In particular, the model ranked top-1 among open-weight models on the Arti�cial Analysis Image-to-Video
leaderboard (Sec. 6.2.2). For details on the usage of this model, please refer to Sec. 6.3.1.

4.2.5. Robot Policy Post-Training

We conduct robot policy post-training to investigate whether our Cosmos 3 omnimodal world models can be
extended into powerful robot policy models. Mid-training enables Cosmos 3 to model multimodal sequences,
including language, visual observations, and actions, and to generate actions jointly with videos. We further
customize it for robot policy learning by incorporating proprioceptive signals, reducing inference latency, and
adapting the model to produce executable actions for closed-loop control.

As a pilot study, we use the DROID robot platform and dataset (Khazatsky et al., 2024) due to its popularity
and broad community adoption. The DROID platform uses a Franka Panda 7-DoF manipulator with a Robotiq
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2F-85 parallel-jaw gripper to perform tabletop manipulation tasks in diverse real-world environments. The
DROID dataset comprises 76k trajectories, 350 hours of interaction data, 86 tasks, and 564 scenes, providing
substantial scale and broad task diversity for real-world robot policy learning. We ingest DROID at a high
resolution of 360� 640, apply community-provided idle-frame �ltering and failure-demonstration removal, and
use random image augmentation during training.

We post-train Cosmos3-Nano-Policy-DROID by resuming from our mid-trained Cosmos3-Nano model, with
a freshly initialized action encoder, action-decoding MLP, and action embedding tokens. We apply a 5�
learning-rate multiplier to the action-related parameters to facilitate faster adaptation. The policy input consists
of the current proprioceptive robot state and a three-view visual observation. Speci�cally, the wrist-view image,
with a raw resolution of 360 � 640, is placed above two external-view images, each with a raw resolution of
180� 320, which are concatenated side by side on the bottom left and bottom right. The resulting canvas is
540� 640. The policy is trained to predict 32 future absolute joint-position actions, along with auxiliary RGB
video frames as additional outputs, operating at 15Hz. We use the o�cial DROID short task instructions as
the prompts during this post-training study. We use a learning rate of 2 � 10 �4 with other hyperparameters
following the mid-training setup.

At inference time, we sample the model using 4 di�usion steps with a shifted noise schedule of 5. We also
apply classi�er-free guidance with CFG parallelism at a guidance scale of 3, and skip video-latent decoding
to further reduce inference overhead. Together, these optimizations provide a signi�cant inference speedup,
enabling policy server deployment on 2 NVIDIA RTX Pro 6000 GPUs. The downstream joint-position controller
is implemented using Franky (Schneider, 2023) and executes the predicted 32 actions at 15Hz.

Overall, Cosmos3-Nano-Policy-DROID achieves strong results in robotic policy tasks. As detailed in Sec. 6.2.5,
it ranks �rst on both RoboLab (Yang et al., 2026a) and RoboArena (Atreya et al., 2025), demonstrating the
e�ectiveness of Cosmos3 as a foundation model backbone for robot policy learning.

5. Infrastructure

In this section, we describe the integrated infrastructure stack designed to support the end-to-end lifecycle of
Cosmos 3. As illustrated in Fig. 11, the platform uni�ed 4 core pillars:

ˆ Data engineering. Ingests raw multimodal data and transforms it into curated datasets in the WebDataset
format, optimized for scalable, distributed training.

ˆ Large-scale training. Maximizes NVIDIA GPU cluster utilization through highly e�cient parallelization
strategies, optimized data loading, rapid checkpointing, and collective communication primitives.

ˆ Model serving. Enables e�cient, low-latency deployment and inference execution across both generative
and reasoning workloads.

ˆ Benchmarking & validation. Provides a uni�ed evaluation framework to assess model capabilities across
diverse tasks, enabling automated regression tracking and systematic model comparison.

5.1. Data Infrastructure
The Cosmos 3 training corpus is drawn from tens of billions of image and video candidates spanning diverse
modalities, domains, and tasks. Operating at this scale demands a data infrastructure that can simultaneously
(1) transform raw multimodal data into training-ready samples through large-scale distributed processing, (2)
support embedding-based retrieval, clustering, and deduplication, and (3) enable interactive dataset visualiza-
tion, inspection, and debugging. To meet these requirements, we developed SILA (Scalable Infrastructure for
Large-scale data processing and Annotation), a scalable multimodal data infrastructure platform that consoli-
dates storage, metadata management, distributed processing, semantic retrieval, and dataset visualization into
a single extensible framework for large-scale data curation and management.

SILA is built around a clean separation between pipeline logic and infrastructure mechanics. Researchers declare
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Figure 11: Overview of the Cosmos 3 infrastructure stack. The platform spans four pillars. Data
Infrastructure ingests raw multimodal streams and curates them into WebDataset-format training shards.
Training Infrastructure consumes those shards on NVIDIA GPU clusters with e�cient parallelization, data
loading, and checkpointing. The resulting checkpoints feed two parallel paths (separated by the dashed
divider): Serving Infrastructure deploys them for low-latency generation and reasoning inference, while
Benchmark Infrastructure evaluates the same checkpoints against standardized benchmark datasets to track
regressions and enable systematic validation.

typed processing stages�specifying the columns each stage consumes and the outputs it produces�while
the platform transparently handles dataset sharding, distributed execution, fault tolerance, checkpointing,
metadata updates, and asset registration. This abstraction makes it straightforward to incorporate new data
sources, foundation models, and processing stages, including �ltering, captioning, embedding generation,
scoring, and tagging, without requiring researchers to develop distributed-systems expertise. The result is a
platform that lets curation evolve at the pace of research: new signals can be added, recomputed, or replaced
incrementally as models, quality criteria, and training recipes change.

5.1.1. Large-Scale Data Processing

Multimodal data curation is an iterative enrichment process rather than a single o�ine preprocessing pass.
Raw text, image, and video samples are repeatedly transformed, �ltered, annotated, and reprocessed as models,
quality criteria, labels, and training recipes evolve. Scaling this work�ow is challenging because the pipeline is
both low-yield and highly iterative: only a small fraction of raw candidates ultimately survive into training,
meaning that ine�cient scans, copies, or model inference are disproportionately spent on samples that are
later discarded. At the same time, stages such as ingestion, splitting and transcoding, embedding generation,
deduplication, �ltering, taxonomy tagging, captioning, and sharding repeatedly operate over the same samples.
Supporting this work�ow therefore requires e�cient mechanisms for repeated transformations and incremental
recomputation across billions of multimodal samples.

These challenges become even more pronounced under distributed execution. Curation workloads must run
continuously on shared clusters with fragmented and dynamically changing GPU availability rather than
assuming a single monolithic allocation. The infrastructure must coordinate many distributed workers, avoid
duplicate computation, recover from failures, manage heterogeneous CPU- and GPU-bound stages, and continue
processing un�nished work as resources become available. To support this execution model, SILA combines a
uni�ed data layer with fragment-level coordination and fault recovery, staged distributed execution, node-local
model serving, opportunistic cluster utilization, and agent-friendly operational interfaces.

Uni�ed data layer. SILA organizes data curation as a uni�ed columnar Lance dataset (Pace et al., 2025),
where each row represents a data sample and each typed column represents a curation signal such as a
caption, tag, quality score, or annotation. This replaces the legacy table-per-pipeline architecture used in
earlier infrastructure, Cosmos-Predict 1.0 (NVIDIA, 2025d) and 2.5 (NVIDIA, 2025b), where each pipeline
wrote to its own Postgres table and outputs were later synchronized into Databricks through Change Data
Capture (CDC). As the number of pipelines and metadata �elds grew, the table-per-pipeline design required
increasingly complex joins across large tables to reconstruct the state of a single sample. These joins became
expensive at scale and made even simple operational queries di�cult to express without detailed knowledge
of join keys, table relationships, and pipeline-speci�c schemas. In contrast, SILA incrementally enriches the
same logical sample by appending new typed columns to a shared Lance table. This uni�ed representation
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naturally matches multimodal curation workloads, where most stages augment existing samples with additional
metadata rather than creating new entities. By co-locating dataset contents, metadata, and processing state,
the system can e�ciently support large-scale scans, point lookups, incremental recomputation, and discovery
of un�nished work directly from Lance fragment metadata without expensive startup joins.

Fragment-level coordination and fault recovery. Curation at this scale runs at high concurrency: many
distributed workers within a single job, and many independent jobs in parallel, read from and write to the same
continuously evolving Lance dataset. Without explicit coordination, workers must rely on expensive startup
queries, randomized sampling, or post-hoc �ltering of already processed samples to avoid overlap. These
approaches delay job startup, permit duplicate work, and complicate recovery when long-running jobs are
preempted or interrupted. SILA instead coordinates distributed curation directly at the Lance-fragment level.
Workers discover un�nished fragments from Lance metadata and acquire time-limited leases before processing
them, while the Lance dataset itself remains the source of truth for completion state. Lease ownership is
maintained through periodic heartbeats; when heartbeats stop, the lease expires and another worker can
reclaim the fragment, enabling automatic recovery from failures, preemption, or endpoint crashes without
manual cleanup. Because a single fragment may contain many samples and require hours of model inference,
SILA further partitions claimed fragments into smaller processing segments, writes completed segments as
durable checkpoints, and atomically commits the full fragment back into the Lance through a single metadata
update once all segments �nish. This decouples the recovery unit from the visibility unit: interrupted jobs
resume from completed segments while downstream readers observe only fully committed fragment outputs.

Staged Ray execution. Curation pipelines combine heterogeneous operations with very di�erent resource
pro�les, including data loading, decoding, model inference, postprocessing, writing, and committing. If these
operations are executed through a single undi�erentiated control loop, fast upstream stages can accumulate
intermediate outputs while slower inference or commit stages become bottlenecks. SILA instead executes each
claimed fragment through a staged Ray pipeline engine (Moritz et al., 2018). Framework-managed stages
handle loading, writing, and committing, while user-de�ned preprocess, compute, and postprocess stages
execute in separate Ray actor pools with independently con�gured worker counts and resource requirements.
Backpressure limits in-�ight work across stage boundaries, preventing fast I/O-heavy stages from overwhelming
slower downstream stages and forcing Ray object-store spill to disk.

Node-local model endpoints. Foundation-model curation workloads often require serving large captioning,
embedding, tagging, or scoring models while many pipeline workers concurrently process data. Centralized
inference services can become bottlenecks at scale, while requiring one large contiguous GPU allocation reduces
the ability to exploit fragmented cluster availability. SILA instead launches node-local model-serving endpoints
using systems such as vLLM (Kwon et al., 2023) and passes local endpoint information directly to stage workers.
Workers then invoke node-local services for inference, allowing model-heavy curation stages to scale across
available nodes while decoupling data-parallel pipeline execution from model-serving placement.

Opportunistic cluster utilization. Large-scale curation must run continuously alongside training workloads
on shared clusters, where GPU availability is often fragmented and dynamically changing. Instead of requiring
one large monolithic allocation, SILA decomposes curation into �ne-grained distributed jobs that can execute
incrementally as resources become available. The system supports execution backends such as DGX Cloud
Lepton (NVIDIA, 2026a) and Slurm (Jette and Wickberg, 2023), allowing pipelines to opportunistically utilize
idle or partially available GPU capacity. This improves cluster utilization and enables continuous data processing
without requiring large contiguous GPU reservations.

Agentic job orchestration. As AI agents become increasingly capable at tool use and long-horizon execution,
SILA exposes large-scale curation work�ows through agent-friendly operational interfaces, including reusable
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skills, command-line interfaces (CLIs), and structured job metadata. Long-running orchestration agents
periodically monitor curation jobs, inspect logs and execution metadata, relaunch failed stages, and coordinate
operational recovery automatically. Through this continuous monitoring loop, the agents can track pipeline
progress, identify stalled or unhealthy workers, verify dataset coverage, trigger incremental recomputation
when new models or �ltering criteria are introduced, and notify engineers about failures, recoveries, and
execution status as distributed jobs evolve over time.

Together, these design choices substantially improved the e�ciency of large-scale curation. By eliminating
expensive startup table joins and replacing randomized work selection with fragment-level discovery and
coordination, SILA reduced job startup latency from 30�60 minutes to roughly 5 minutes, depending on
the stage and model con�guration. Combined with staged execution, checkpointing, and improved cluster
utilization, the new infrastructure achieved a 10� throughput increase over the previous architecture. In peak
production windows, individual SILA stages processed billions of row-level annotations per day, reducing large
captioning and curation campaigns from month-scale operations to week-scale iteration cycles.

Beyond improving scalability and throughput, SILA also simpli�es pipeline development by hiding much of the
operational complexity behind a dataset-centric interface. Pipeline authors specify only the input columns
they consume and the output �elds they produce, while the framework handles schema registration, column
creation, fragment discovery, work coordination, checkpointing, and committing results back to the shared
dataset. As a result, adding new captioning, scoring, tagging, or �ltering stages no longer requires creating
new storage tables, writing synchronization logic, or manually coordinating distributed workers. Researchers
can instead iterate by incrementally adding new typed columns, reusing previously computed outputs, and
recomputing only samples whose required �elds are missing.

5.1.2. Embedding Storage and Semantic Retrieval

Semantic retrieval workloads require both vector similarity search and metadata-aware �ltering over billions
of multimodal data. In the previous architecture, storing high-dimensional embeddings directly in SQL tables
signi�cantly in�ated table size, increasing I/O overhead for joins, scans, and operational queries. As a result,
embeddings were exported into a separate vector database, while metadata used for pre-�ltering, post-�ltering,
and result interpretation remained in relational storage. However, embeddings, metadata, and �ltering criteria
evolve continuously during curation, requiring frequent synchronization and migration between two systems
whenever new embedding models, metadata �elds, or search �lters are introduced.

SILA instead stores embeddings directly alongside sample metadata in Lance, allowing LanceDB to build vector
indexes over the primary dataset rather than requiring a separate vector database (LanceDB, 2026). Because
embeddings are stored in Lance data �les rather than inline relational rows, large embedding payloads do not
in�ate metadata tables or slow operational queries. By co-locating embeddings, metadata, and vector indexes
within the same storage layer, SILA supports semantic retrieval, clustering, and deduplication directly over the
curated dataset while keeping search results consistent with the latest curation state.

In production, SILA performs semantic retrieval, clustering, and deduplication over a 4096-dimensional
embedding column covering tens of billions of rows using LanceDB IVF_PQ indexes with cosine similarity.
The deployed Approximate Nearest Neighbor (ANN) con�guration uses 64K IVF partitions together with
PQ-compressed embeddings to support billion-scale retrieval workloads e�ciently. Because the vector indexes
are built directly over the primary Lance datasets, semantic retrieval operates over the same storage layer
that maintains the latest curation metadata and �ltering state. This allows metadata-aware �ltering, nearest-
neighbor retrieval, and downstream dataset analysis to remain synchronized with continuously evolving
embeddings, annotations, and curation outputs without requiring synchronization between separate vector
and metadata systems.
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5.1.3. Dataset Visualization, Inspection, and Debugging

At production scale, data curation must be observable as well as scalable: researchers need to understand
pipeline coverage, track how curation outputs evolve over time, and diagnose why individual samples pass or
fail quality criteria. SILA therefore treats visualization, inspection, and debugging as �rst-class components of
the data infrastructure. Its tools operate directly over Lance tables, connecting aggregate pipeline progress,
representative development subsets, sample-level inspection, and downstream analytical views within the same
shared curation substrate.

ˆ Development and pipeline validation. SILA provides utilities for constructing small development Lance
tables from production datasets while preserving the schema and representative operational characteristics
of the full corpus. Because these development tables closely mirror production data, the same pipelines
can run unchanged in both environments, allowing researchers to validate correctness and execution
behavior before launching large-scale production jobs.

ˆ Dataset inspection and progress analysis. To support large-scale curation monitoring, SILA exposes both
aggregate progress analyzers and interactive inspection tools directly over Lance tables. Fragment-level
metadata is used to estimate per-column coverage and pipeline completion without requiring full table
scans, while interactive viewers allow researchers to sample rows, render media, and inspect the associated
captions, scores, annotations, and schema metadata. Because Lance supports e�cient random row-level
access, these inspection work�ows can operate directly over the primary curation tables, avoiding the
expensive scans and limited row-level retrieval patterns common in traditional Parquet-based data lakes.
This allows researchers to move quickly from pipeline-level progress monitoring to sample-level debugging
within the same dataset.

ˆ Analytical querying integration. For large analytical workloads, SILA supports Online Analytical Processing
(OLAP) queries used for large-scale aggregation, reporting, and dashboarding over the curated corpus.
These queries are simpler to express because SILA stores each sample and its curation signals in a wide
Lance table: captions, tags, scores, embeddings, �ltering decisions, and processing state can be selected
and �ltered from one logical dataset rather than reconstructed through joins across pipeline-speci�c
tables. After selecting the relevant columns and cohorts, analytical backends can compute the required
aggregations for coverage reports, quality dashboards, dataset audits, and training-set analysis. SILA
keeps the Lance table as the source of truth for curation state, media, metadata, embeddings, vector
indexes, and row-level inspection, while treating downstream analytical execution as a deployment
choice. In practice, SILA can scan the authoritative Lance tables to materialize query-ready snapshots or
projections, including Parquet �les (Le Dem, 2013), and execute OLAP workloads using the available
compute backend, such as Databricks, Spark clusters (Zaharia et al., 2016), or Slurm-backed batch jobs.

Across processing, retrieval, and inspection, SILA closes the loop on the three objectives that de�ne the Cosmos
3 data infrastructure: transforming raw multimodal corpora into training-ready samples, organizing them
for semantic retrieval and deduplication, and keeping them inspectable throughout the curation lifecycle. By
unifying assets, curation signals, embeddings, vector indexes, and execution state within a single Lance-backed
substrate, SILA turns data curation from a sequence of one-o� preprocessing jobs into a continuously evolving
production work�ow. New models and quality criteria can be applied incrementally, distributed enrichment
stages can recover and scale across shared heterogeneous clusters, and researchers can move seamlessly from
corpus-level progress monitoring to sample-level debugging. This integrated work�ow enables the Cosmos 3
training corpus to scale to tens of billions of multimodal candidates while remaining searchable, auditable, and
continuously improvable.

5.2. Training Infrastructure
Cosmos 3 leverages a custom infrastructure platform engineered for scaling multimodal foundation-model
training. This uni�ed stack coordinates the end-to-end lifecycle for the Reasoner and Generator training. This

36



Cosmos 3: Omnimodal World Models for Physical AI

lifecycle spans raw multimodal sample ingestion, training computation, and persistent checkpointing, and is
structured around the stages described below.

ˆ Data loader. The data loader ingests multimodal samples�images, videos, action, audio, text�at arbitrary
native resolutions and aspect ratios. It applies on-the-�y augmentation (e.g., resizing, spatial cropping,
color jitter, and temporal video sub-sampling), tokenizes text conditions, and packs variable-length
samples into batches. To hide I/O and pre-processing latency, the loader runs asynchronously in parallel
worker processes and prefetches batches onto the device via a pinned-memory staging bu�er.

ˆ Distributed training. Training is parallelized using a combination of Hybrid Sharded Data Parallelism
(HSDP) and Context Parallelism (CP). This approach enables scaling to large model sizes and extended
input sequence lengths. HSDP shards optimizer states, gradients, and model parameters within each
replica group while replicating across groups. CP shards the sequence dimension across devices to handle
massive context windows that would otherwise over�ow a single GPU's memory capacity. These two
strategies compose orthogonally and are dynamically con�gured per experiment to optimize for the
target model size, sequence length, and cluster topology.

ˆ Training loop. Orchestrated in the style of TorchTitan (Liang et al., 2024b), the training loop executes
standard forward, backward, optimization, and learning-rate-scheduling cycles. It natively supports
various optimizers (e.g., AdamW and fused variants), schedulers (e.g., cosine with warmup, constant
with warmup), and loss functions (cross-entropy loss for Reasoner text and EDM loss for Generator). Also
incorporating on-the-�y variational encoders (e.g., the Wan2.2 VAE), the pipeline operates end-to-end
on raw multimodal inputs. This design eliminates o�ine latent-extraction phases and ensures that
augmentation, encoding, and training remain in lockstep across runs.

ˆ Checkpoint saving. Checkpoints are recorded at a con�gurable cadence and use an asynchronous, o�-
critical-path persistence mechanism to prevent disk and network I/O from stalling the training loop.
Model parameters, optimizer states, and RNG/data-loader state are snapshotted on-device, handed o�
to a background writer, and serialized to remote storage while training continues uninterrupted.

Both Reasoner and Generator are trained with this uni�ed framework, sharing a common trainer, parallelization
architecture, optimizers, learning rate schedulers, tokenizers, data loaders, and monitoring utilities.

5.2.1. Data Loader

The data loader bridges persistent storage and the training loop: it ingests raw multimodal training data,
applies on-the-�y augmentation, and forms the batches consumed by each training step. In Cosmos 3, the data
loader is required to satisfy three concurrent requirements:

ˆ Pipeline saturation. It must stream batches asynchronously to prevent the training loop from stalling or
blocking on data I/O.

ˆ Distributed load balancing. It must emit balanced batches across distributed ranks to minimize cross-rank
synchronization stalls and maximize aggregate GPU utilization.

ˆ Distribution �delity. It must guarantee that the long-run modality and resolution mixtures strictly adhere
to the con�gured target distribution.

In conventional LLM training, all three requirements have well-established remedies.

ˆ Pipeline saturation. This is achieved by tuning the worker count, prefetch depth, and using pinned-memory
staging bu�ers to overlap host-to-device transfers with compute.

ˆ Load balancing. This becomes trivial because every sample contributes a �xed number of tokens. Main-
taining identical per-rank sample counts guarantees uniform per-rank compute and activation-memory
pro�les across ranks.

However, Cosmos 3 invalidates this recipe along all three axes. Since its joint training corpus spans highly
heterogeneous modalities, the per-sample token counts vary by over two orders of magnitude, making token
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Figure 12: Overview of the Joint Data-Loader. Stream-speci�c data-loaders feed local per-stream bu�ers on
each rank. At each global iteration, a rank-synchronous selector chooses the same streamki across distributed
ranks. Each rank then greedily packs samples from its selected local bu�er into B(�)

i under token and
sample-count budgets, using bounded look-ahead to reduce unused token capacity.

volume the primary driver of compute and memory costs. For example, a single 720p two-second video clip
produces more tokens than dozens of short text captions combined. Under this asymmetric workload, allocating
equal per-rank sample counts introduces critical systemic ine�ciencies: it incurs (a) substantial padding waste
due to �xed batch shapes; (b) severe workload imbalance across ranks when modality assignments di�er; and
(c) at scale NCCL collective timeouts caused by extreme step-time variance.

To address these challenges, the Cosmos 3 data loader is built around four coordinated mechanisms: (i)
token-budgeted packed sequences, which bound each rank's per-step workload by a token budget rather than a
�xed sample count; (ii) a joint data loader, which multiplexes per-stream loaders into a single uni�ed training
batch; (iii) rank-synchronous stream selection, which uses a globally seeded selector to keep all ranks aligned on
the same data stream at every step; and (iv) look-ahead packing, which raises the average utilization of the
token budget Tmax .

Token-budgeted packed sequences. Rather than �xing the per-step sample count, each rank's workload
is bounded by a strict token budget Tmax . The loader greedily concatenates samples into a single packed
sequence�each contributing exactly as many tokens as its serialized form requires, with no padding inserted
between samples�until appending the next candidate would exceed Tmax . By eliminating cross-sample
padding, this design bounds the per-step compute cost as a direct and predictable function ofTmax , isolating the
hardware from execution variance induced by a �uctuating modality mix. As a defensive secondary constraint,
the per-step sample count is also capped at Nmax .

Joint data loader. Each modality, dataset, or �ner-grained data stream is encapsulated in its own loader with
a private prefetch bu�er that hides storage latency. A joint data loader (illustrated in Fig. 12) multiplexes across
these per-stream loaders to assemble a single uni�ed training batch per step, while fully preserving per-stream
bu�ering, prefetching, and observability.

Rank-synchronous stream selection. Foundation-model training typically draws from datasets containing
both images and videos at multiple spatial resolutions. Per-sample token counts di�er by orders of magnitude
across these streams. For example, video samples often carry over100� more tokens than images, and 720p
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Figure 13: Look-ahead packing in the JointDataLoader. The loader greedily scans samples from the selected
stream and packs those that �t within the remaining token budget into the current mini-batch (Mint). Samples
that exceed the budget are temporarily set aside in a lookaside bu�er (Rose), allowing later smaller samples to
�ll the remaining capacity. At the end of the iteration, skipped samples are returned to the head of the stream
bu�er in their original arrival order, reducing padding while preserving stream order across iterations.

videos over 10� more than 256p videos. Allowing each rank to choose its stream independently would
induce severe workload imbalance under FSDP, with widely divergent attention FLOPs (due to its quadratic
complexity) across ranks within a single step. We mitigate this by selecting the active stream via a globally
seeded selector keyed on the iteration index, ensuring that all ranks process samples drawn from the same
modality and resolution bucket at every step. This eliminates cross-rank variance in compute time and activation
memory, while the deterministic, seed-derived selection sequence is bit-exactly reproducible across checkpoints
and restarts. Rank-synchronous stream selection improves end-to-end training throughput by54%over the
unsynchronized baseline.

Look-ahead packing. Given the stream ki selected for iteration i , the Joint Data-Loader constructs the local
batch greedily, appending samples from the head of the stream's bu�er until the next candidate would exceed
the token budget Tmax . Pure greedy packing, however, can leave a non-trivial fraction of the budget unused
whenever the next candidate is large enough to over�ow but smaller candidates remain available deeper in the
bu�er�residual capacity that is functionally equivalent to padding and directly proportional to lost throughput.
We address this with a bounded look-ahead policy. When a candidate sample exceeds the total token budget
Tmax , the sample is unpackable under the current con�guration and is dropped (with a logged warning). When
a candidate merely exceeds the remaining budget but the batch is already non-empty, the candidate is moved
temporarily into a look-aside bu�er, and the loader continues scanning further into the stream bu�er for a
smaller sample that �ts the residual capacity.

The mechanism is illustrated in Fig. 13. In the example, samplesa1 and a2 �t into the current batch; a3

exceeds the remaining budget and is diverted to the look-aside bu�er; the loader then continues scanning and
packs subsequent smaller samples such asa4 and a6. At the end of the iteration, all samples remaining in the
look-aside bu�er are restored to the head of the stream bu�er in their original arrival order, so that look-ahead
reduces padding without permanently reordering the stream. To bound the cost of pathological cases�e.g.,
a stream temporarily dominated by oversized samples�the number of consecutive look-ahead attempts per
iteration is capped by a con�gurable per-stream limit. In production, we use a cap of ten; beyond this value,
we observe negligible additional reduction in unused capacity, while the size of the look-aside bu�er (and its
memory footprint) continues to grow. Overall, look-ahead packing increases the e�ective sequence length by
8% over the baseline, yielding a corresponding improvement in training throughput.

Cold-start handling. Several of our data streams incur substantial �rst-batch latency, dominated by worker-
process spawning, �lesystem metadata caching for newly opened shards, and stream-speci�c deserialization
warm-up. If this latency were paid at the �rst training step, it would race against the NCCL collective on
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that step, with a high probability of triggering a watchdog timeout on the slowest rank�particularly at scale,
where the maximum over ranks is the relevant statistic. To eliminate this failure mode, the Joint Data-Loader
performs an explicit pre-warm stage during construction: it fetches one batch from every stream so that worker
pools, �le handles, and deserialization caches are fully primed, and then issues a distributed barrier before
returning control to the training loop. This guarantees that every rank has paid the cold-start cost before the
�rst forward pass and that the �rst iteration runs against fully warmed streams.

Observability and integration. At every iteration, the Joint Data-Loader emits a structured record of packing
statistics to a training-side monitoring callback, which aggregates the per-rank records across the distributed
group and logs the result to Weights & Biases. The reported metrics include the empirical per-stream sampling
ratio (compared against the con�gured target mixture), the number of samples packed per iteration, per-stream
bu�er occupancy and wait time, the look-ahead saturation rate, and per-iteration token-budget utilization.
These metrics expose the failure modes most likely to degrade large-scale training without crashing it so that
such issues are surfaced in the training dashboard within minutes of onset rather than discovered later from
model behavior.

5.2.2. Attention Implementation

As discussed in Sec. 2.3.1, the Mixture-of-Transformers architecture in Cosmos 3 imposes two distinct attention
requirements that must coexist within a single forward pass: the Reasoner pathway employs causal attention over
the Reasoner tokens only, while the Generator pathway employs bidirectional attention over the concatenation
of the Reasoner and the Generator tokens, so that each Generator token can condition on the full context.
Naively expressing these heterogeneous masking patterns with general-purpose operators such as FlexAttention
produces correct results but underutilizes the hardware: the masking structure is opaque to the kernel, and
padding-equivalent work is performed inside otherwise-skipped attention blocks. This degrades tensor-core
utilization and in�ates memory-bandwidth pressure.

To address this, we co-designed a custom two-way �at attention mechanism that exposes the cross-pathway
masking structure directly to a high-performance variable-length attention kernel. Fig. 14 illustrates the design.
The computation is decomposed into two separate kernel invocations. The �rst handles the Reasoner pathway
and is a standard variable-length scaled dot-product attention (SDPA) (PyTorch Contributors, 2026b) call with
a causal mask, operating only on the Reasoner queries, keys, and values. The second handles the Generator
pathway and requires the Reasoner and Generator key/value streams to be visible to each Generator query
within the same sample, but strictly separated across samples in a packed batch. We achieve this by �attening
and interleaving the two token streams at the sample granularity in the order

[R0; G0; R1; G1; : : : ; Rn ; Gn ]

where Ri and Gi denote the Reasoner and Generator key/value tokens of samplei , respectively. Each Generator
query attends bidirectionally over its own sample's [Ri ; Gi ] block. This formulation expresses the full cross-
pathway attention with two variable-length kernel launches per layer, supports both causal and bidirectional
masking within one packed representation, eliminates the padding overhead inherent to �xed-length imple-
mentations, and yields 22%improvement in end-to-end training throughput compared to a FlexAttention-based
baseline for the Cosmos3-Nano model.

The variable-length attention backend is selected per platform to match the most performant and numerically
validated implementation available on the target hardware. On Hopper-class GPUs (H100, H200), we use
FlashAttention-3 (Shah et al., 2024), which exploits the WGMMA instructions and TMA-based asynchronous
data movement of the Hopper architecture to deliver near-peak attention throughput. On Blackwell-class GPUs
(GB200), we use NATTEN (Hassani et al., 2023), whose variable-length kernels are built on the CUTLASS
template library and are speci�cally tuned for the �fth-generation tensor cores and updated memory hierarchy
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(a) Reasoner pathway: causal varlen SDPA over fR i g

Q = K = V :
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cu_seqlens: [0; 3; 5; 9]
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(b) Generator pathway: bidirectional varlen SDPA over interleaved [R i ; Gi ] keys/values
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Figure 14: Two-way �at attention. Each pathway is implemented as a single variable-length SDPA call.
(a) The Reasoner pathway uses a standard causal varlen call on the packed Reasoner tokens, producing a
block-diagonal causal mask. (b) The Generator pathway packs Generator queries separately from the
interleaved key/value stream [R0; G0; R1; G1; : : : ; Rn ; Gn ]. The resulting mask is block-diagonal but
rectangular within each block, so that each Generator query attends bidirectionally over its own sample's
[Ri ; Gi ] context without crossing sample boundaries. The example uses three packed samples with
(jR i j; jG i j) = (3; 2); (2; 3); (4; 1).

of Blackwell (SM100/SM103). Both backends are accessed through a common dispatch interface, so the choice
of kernel is transparent to the rest of the training stack and can be revisited as new backends mature.

5.2.3. Distributed Training

Cosmos 3 Reasoner and Generator are trained separately with a distributed-training stack that combines Hybrid
Sharded Data Parallelism (HSDP) with Context Parallelism (CP). HSDP shards model parameters, gradients,
and optimizer states within each replica group while replicating across groups, which trades a modest amount
of intra-group communication for the memory headroom required to train multi-billion-parameter models
on commodity per-GPU memory budgets. CP, in contrast, addresses a di�erent bottleneck: per-sequence
activation memory, which scales linearly with context length and would otherwise force a hard upper bound
on the trainable sequence size. The two strategies compose orthogonally, and the (HSDP-degree, CP-degree)
con�guration is chosen per experiment to �t the target model size, sequence length, and cluster topology.

Context parallelism via the Ulysses scheme. For CP, we adopt the Ulysses scheme (Jacobs et al., 2023),
which partitions the input sequence along the token dimension across CP-rank devices outside of attention and
employs two all-to-all collectives per attention layer to transition between sharding axes. The �rst collective
redistributes the Q/K/V activations from the sequence dimension to the attention-head dimension, so that
each rank holds the complete sequence for a disjoint subset of heads and can execute attention locally without
further cross-rank communication; the second collective restores the original sequence-sharded layout on the
attention output.
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The scheme integrates cleanly with sequence packing (described in Sec. 5.2.1) and the two-way attention
mechanism. The �attening and interleaving of the Reasoner and Generator key/value streams for the bidi-
rectional attention operation is deferred until after the head-axis redistribution, at which point each rank
already holds the full sequence for its assigned heads and can perform the concatenation locally. The same
variable-length attention kernels are therefore reused unchanged inside CP, with no need for CP-speci�c kernel
variants. The maximum CP degree supported by this implementation is bounded by the number of query heads
in the model�32 for Cosmos3-Nano and 64 for Cosmos3-Super�which we �nd to be a non-restrictive limit in
practice given the context lengths and per-GPU memory budgets targeted by Cosmos 3.

Why not ring attention? We considered implementing CP via ring attention as an alternative, but found it
substantially less attractive in our setting. Ring attention would require materializing a single packed sequence
containing the interleaved Reasoner and Generator tokens before sharding it across CP ranks, in order to expose
a contiguous K/V stream to the ring schedule. This precludes the independent sharding of the two pathways that
Ulysses naturally permits, and complicates the construction of the per-sample bidirectional/causal masks under
the rotating ring schedule. Combined with the favorable bandwidth pro�le of all-to-all on NVLink-connected
nodes, these factors led us to adopt Ulysses as the CP strategy for Cosmos 3.

5.2.4. Selective Activation Checkpointing

Computing the backward pass of a transformer requires the intermediate activations produced during the
forward pass to be available, but materializing all of them simultaneously in GPU memory is prohibitive at the
model sizes and context lengths targeted by Cosmos 3. The standard mitigation is activation checkpointing (Chen
et al., 2016): the forward pass stores only a sparse set of �anchor� activations and discards the rest, and the
discarded tensors are recomputed during the backward pass by re-running the corresponding forward subgraph
from the nearest saved anchor. The default policy stores only the inputs of each transformer block and
recomputes everything inside the block on demand; this minimizes activation memory but introduces an
additional forward pass during backward, in�ating per-step FLOPs by roughly 33%and reducing end-to-end
training throughput accordingly.

To reduce this recomputation overhead while staying within the activation-memory budget, we apply Selective
Activation Checkpointing (SAC), in which a curated subset of intermediate tensors is additionally retained in
memory rather than recomputed. The selection is guided by a simple cost-bene�t heuristic: rank candidate
operations by their FLOPs-to-memory ratio�i.e., the recomputation cost saved per byte of activation memory
committed�and materialize those with the highest ratio �rst, until the activation-memory budget is exhausted.
For Cosmos 3, attention outputs are by far the dominant bene�ciary of this policy. Attention recomputation
is expensive because its cost scales quadratically with sequence length, yet the attention output tensor itself
is comparatively small (linear in sequence length and hidden size), making it the operation with the highest
FLOPs-to-memory ratio. Users can additionally con�gure custom save sets through regular-expression patterns
over operation names, which we use to retain a small number of secondary tensors when the residual activation-
memory headroom permits.

In our measurements, applying SAC with attention outputs materialized yields a 13%improvement in end-to-
end training throughput for Cosmos3-Nano at a per-batch token budget of74;000tokens, with no change in
numerical results.

5.2.5. Torch Compile for Transformer Blocks

We apply torch.compile with fullgraph=True and dynamic=True across the training graph. Thefullgraph
mode eliminates CPU overheads and enables operator fusion, whiledynamic=Truehandles the variable sequence
lengths arising from mixed-modality batches�where, for example, Generator pathway tokens are substantially
longer than those of image batches across iterations. Torch compile improves training throughput by41%for
Cosmos3-Nano Generator training.
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5.2.6. Video Tokenizer

Cosmos 3 training requires decoded video frames to be tokenized on-the-�y into latent representations by
a video VAE: Wan2.2 (Wan et al., 2025b) in our con�gurations. In the initial implementation, we observed
that the tokenizer occupied a disproportionate fraction of each training step�dominating the forward pass
for the smaller Cosmos3-Edge and Cosmos3-Nano models. In such models, the transformer compute is small
enough that the VAE is not amortized by the rest of the step. Because the tokenizer sits on the critical path
between the data loader and the training loop, any latency it introduces directly degrades training throughput.
We therefore implemented a series of targeted optimizations that, together, reduce the tokenizer's wall-clock
contribution signi�cantly.

Chunked encoding. The Wan2.2 causal tokenizer encodes a 1-frame �prime� chunk followed by groups of
4 pixel frames per latent chunk; the default per-call granularity is one latent chunk (i.e., 4 frames after the
prime). This default leaves the GPU substantially under-utilized for the spatial resolutions used in training,
because each kernel launch operates on too little work to saturate the tensor cores. We instead invoke the
encoder on a con�gurable number of pixel frames per call, trading additional activation memory for higher
arithmetic intensity per launch. The optimal chunk size is resolution-dependent. At higher spatial resolutions,
each frame already consumes substantial memory, so fewer frames per call are admissible before triggering
OOMs, whereas at lower resolutions, much larger chunks are feasible and bene�cial. We empirically determined
the following operating points on our training hardware: 68 frames for 256p, 24 frames for 480p, and 12
frames for 720p. These con�gurations push the encoder onto the compute-bound side of the roo�ine curve
while staying well under per-GPU memory budgets, yielding the bulk of the per-step speedup.

Ahead-of-time compilation. On top of chunked encoding, we use torch.compile on the tokenizer, which
delivers an additional 52%reduction in encode latency by fusing pointwise operations and selecting optimized
kernel schedules for the encoder's convolution and attention blocks. Maximizing throughput requires static
input shapes, so the encoder is compiled separately for each shape it may be invoked with. Cosmos 3 training
spans three spatial resolutions (256p, 480p, 720p) and �ve aspect ratios per resolution. Within each (resolution,
aspect-ratio) combination, the causal tokenizer is called in two modes: prime-chunk encoding and chunked
encoding with cache sizes of1 and 2. This yields 3 � 5 � 3 = 45 distinct graphs that must be compiled before
training can begin. Compiling all 45graphs serially on every rank in�ated trainer startup by roughly 15minutes.

To eliminate this overhead, we shard the compilation across data-parallel ranks using AOTInductor (PyTorch
Contributors, 2026a) as shown in Fig. 15, which performs ahead-of-time compilation and serializes the resulting
kernels and host code to disk. With at least45 ranks (which is satis�ed by all of our training con�gurations),
each rank compiles exactly one graph; the compiled artifacts are written to a shared �lesystem, after which
every rank loads the full set of 45graphs from disk. This reduces the warm-up overhead to under one minute. To
accommodate videos with arbitrary frame counts under static-shape compilation, each input clip is right-padded
to the next multiple of the con�gured encode-chunk size prior to encoding, and the resulting latent tensor is
cropped along the temporal axis to the exact expected sequence length before being consumed by the model.

Specialization to known frame counts. For datasets in which the per-clip frame count is �xed and known
a priori�for example, robot action datasets, where every episode contributes a clip of identical length�we
specialize the compilation to the exact tensor shapes that arise at runtime, bypassing the padding-and-crop
fallback used in the general case. This eliminates the padded-tail compute, removes the corresponding
latent-cropping step, and yields a small but consistent additional throughput improvement on such datasets.

5.2.7. Checkpointing

To eliminate save-induced stalls, checkpointing is fully overlapped with training. Following Torchtitan (Liang
et al., 2024b), checkpoint writes are routed through a dedicated Gloo process group rather than the NCCL com-
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compile g0
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parallel

Figure 15: Sharded AOT compilation of the Wan2.2 tokenizer. The 45 static-shape graphs arising from
f3 resolutionsg � f5 aspect ratiosg � f3 tokenizer call modesg are partitioned across ranks; each rank
performs compilation on its assigned graph(s), writes the compiled artifact to a shared �lesystem, and loads
the full set of artifacts before training begins. Warm-up time drops from �15 min (serial) to <1 min (sharded).

municator carrying training collectives, isolating I/O tra�c from GPU-side communication. This asynchronous
design hides the highly variable object-store write latencies and removes nearly all save-time overhead, at
the cost of a modest increase in host memory. Tab. 7 quanti�es the resulting bene�t: relative to synchronous
checkpointing at a 30-minute interval, asynchronous checkpointing reduces end-to-end training time by4% for
Cosmos3-Nano and 9% for Cosmos3-Super.

Asynchronous save mechanism. At construction time, the checkpointer launches a long-lived child process
using the spawnstart method and communicates with it through multiprocessing queues. The child process
joins a Gloo process group and performs CPU-side reductions needed to construct the save plan, leaving GPUs
available for training. It then blocks on an inbound queue until it receives either a checkpoint save request or a
termination sentinel.

Save plan memorization. To further reduce overheads, checkpoint save plans are computed during the �rst
checkpoint saving operation, and reused for subsequent saves. This is possible because the save plan is a
deterministic function of the state-dict topology. Reusing the plan avoids repeated metadata communication
across ranks and reduces checkpointing overhead by approximately 60%, further decreasing the likelihood
that asynchronous checkpointing becomes a training bottleneck.
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Table 7: Bene�ts of asynchronous checkpointing. Compared with synchronous checkpointing at a 30-minute
interval, asynchronous checkpointing reduces end-to-end training time by4% and 9% for Cosmos3-Nano and
Cosmos3-Super, respectively. The larger savings on Cosmos3-Super re�ect its longer checkpoint save times.

Model
Checkpoint Save Time (s)

Speedup over Synchronous
Mean Min Max

Cosmos3-Nano 72 43 250 4%
Cosmos3-Super 167 40 736 9%

Optimizing for object storage. During checkpoint saving, each rank writes its local shard of the state dictionary
to object storage. Replicated tensors, which may be present on multiple ranks, are deduplicated before writing.
In the default round-robin assignment, replicated tensors may be written by di�erent ranks, requiring each
rank to read all checkpoint �les during loading in order to recover the replicated state. This introduces
signi�cant overhead because full �les must be loaded even when only a subset of their contents is required.
To reduce this overhead, we setdedup_to_lowest_rank = True , which stores replicated tensors only on the
lowest-numbered rank in the corresponding submesh, typically rank 0. During loading, each rank then reads
only its own shard and the rank-0 shard. This substantially reduces checkpoint load time, particularly for
optimizer state dictionaries, which contain many small replicated tensors.

Random state restoration. The trainer restores random number generator (RNG) state in a rank-aware
manner. Since RNG state is keyed by rank, a resumed job �rst checks the checkpoint metadata for the key
corresponding to its own rank and requests that state only if it is present. This preserves compatibility with
older checkpoints that predate the rank-keyed RNG format. If the rank-speci�c key is absent, the rank retains
its current RNG state.

5.2.8. Throughput Summary

Tab. 8 reports steady-state, per-GPU training throughput for the Cosmos 3 dense con�gurations measured
on NVIDIA GB200 systems. Although Cosmos 3 supports multiple training modes across heterogeneous
modalities and tasks, these measurements were obtained using a joint text-to-image and text-to-video training
con�guration to enable a standardized throughput comparison. Fig. 10 illustrates the pre-training data
mixture used. Cosmos3-Nano was benchmarked using 1024 NVIDIA GB200 GPUs, while Cosmos3-Super was
benchmarked using 2048 NVIDIA GB200 GPUs.

The Nano model achieves the highest raw token throughput, processing 507 iterations per hour and reaching
4.56M image tokens and 16.23M video tokens per GPU-hour. In contrast, the larger Super model performs
substantially more computation per iteration, reducing its iteration rate to 185 iterations per hour and its
throughput to 1.66M image tokens and 5.91M video tokens per GPU-hour.

Despite its lower token throughput, Cosmos3-Super achieves higher arithmetic utilization, increasing per-GPU
throughput from 520 to 673 TFLOPS and improving MFU from 0.23 to 0.30. This re�ects the expected trade-o�
between model scale and training throughput: Cosmos3-Nano is optimized for maximizing token processing
throughput, whereas Cosmos3-Super more e�ectively saturates GPU compute resources through increased
model capacity and computation per token.

5.3. Serving Infrastructure
Cosmos 3 is integrated with multiple production-grade serving frameworks to support a broad range of
deployment scenarios. Reasoner is supported by TensorRT-LLM (NVIDIA Corporation, 2026) and vLLM (Kwon
et al., 2023), both of which provide highly optimized autoregressive decoding through paged KV-cache
management, continuous batching, and fused attention kernels. Generator inference is supported by vLLM-
Omni (multimodal extension of vLLM for di�usion-based generation) (Yin et al., 2026), which provides
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Table 8: Steady-state training throughput for Cosmos 3 dense model con�gurations. TFLOPS and MFU are
reported per GPU. Image and video token throughput are reported separately in millions of tokens per
GPU-hour. The experiments were conducted with NVIDIA GB200 GPUs, where the Nano and Super runs took
2048 and 4096 GPUs, respectively.

Model Iter (s) TFLOPS MFU Iter/hr Img Tok/hr/GPU (M) Vid Tok/hr/GPU (M)

Cosmos3-Nano 7.1 520 0.23 507 4.56 16.23
Cosmos3-Super 19.5 673 0.30 185 1.66 5.91

complementary trade-o�s between peak throughput and multi-tenant scheduling e�ciency. In addition to these
production backends, we provide a reference implementation in native PyTorch that prioritizes readability
and modi�ability, serving as both a faithful speci�cation of the inference algorithm and a starting point for
downstream adaptation, research extensions, and integration into custom application pipelines.

5.3.1. Plain PyTorch

The plain PyTorch serving path executes the model and the surrounding inference procedure directly in
eager-mode PyTorch�without dependence on specialized serving runtimes�and is designed to mirror the
training-time computation as faithfully as possible. This path is responsible for the complete end-to-end
inference work�ow, comprising the stages described below:

ˆ Input preparation. Parses the text prompt, loads any image, video, or action conditioning, constructs the
modality-speci�c conditioning dictionaries consumed by the model, and assembles the corresponding
input tensors and metadata.

ˆ Autoregressive loop. In the Cosmos 3 Reasoner, output tokens are produced autoregressively, with each step
conditioned on the previously generated tokens and on the cached key/value states of the conditioning
context.

ˆ Di�usion loop. In the Cosmos 3 Generator, the PyTorch path constructs the timestep schedule, invokes
the denoiser at each step, applies classi�er-free guidance (CFG), updates the latent state according to the
sampler, and manages the request-level control �ow around the denoising process.

ˆ Decoding and post-processing. Once denoising completes, the resulting latent representation is decoded
into the target modality�text, image, video, audio, or action�post-processed as required, and returned
to the caller through the serving interface.

Because the native PyTorch backend preserves the model's original PyTorch structure, it serves as the primary
target for landing new model features, sampler modi�cations, KV-cache and activation-cache policies, and
debugging instrumentation. New capabilities are validated in this backend �rst and only subsequently ported
to the production runtimes (TensorRT-LLM and vLLM), ensuring that the reference implementation remains
the authoritative speci�cation of the inference algorithm. The PyTorch backend exposes the following features
and optimizations.

Torch compile with CUDA graphs. Since the PyTorch native inference path keeps request orchestration and
sampling logic in Python, a major serving bottleneck is host-side kernel launch overhead during repeated
denoising steps. We therefore optimize the PyTorch path using torch.compile and CUDA graph replay. CUDA
graph optimization is implemented at transformer-layer granularity, capturing repeated transformer block
executions. Each block is compiled with torch.compile in reduce-overhead mode, which allows PyTorch
Inductor to lower the block and use CUDA graph replay when the block is invoked with compatible tensor
shapes and memory layouts. The outer inference loop remains in ordinary PyTorch, i.e., prompt handling,
timestep scheduling, sampler updates, CFG orchestration, decoding are not part of the captured graph. The
graph contains the numerically heavy and frequently repeated per-layer computation, while dynamic serving
logic remains outside the graph. The bene�t of CUDA graphs is most visible for T2I-style generation, where
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shorter generation workloads and smaller kernels make CPU launch overhead a larger fraction of end-to-end
latency. CUDA Graphs on T2I generation yielded 30% to 60% speedups on di�erent hardware backends.

Distributed inference. We employ context parallelism (CP) at inference time to support generations exceeding
per-GPU memory capacity constraints. We retain the Ulysses scheme (Jacobs et al., 2023) used during training,
ensuring consistency between the two regimes. Beyond enabling long-context inference, CP also serves as a
latency-reduction mechanism by distributing the forward pass across multiple GPUs; this bene�t is realized even
in regimes where a single device's memory is su�cient to hold the full context, making CP a general-purpose
tool for accelerating inference.

In addition to context parallelism, we exploit classi�er-free guidance (CFG) parallelism to further reduce
end-to-end inference latency. Di�usion sampling with CFG requires, at every denoising step, two forward passes
through the model�one conditioned on the input prompt and one unconditional�whose noise predictions are
linearly combined to produce the guided update. Because the conditional and unconditional passes operate on
independent inputs and only need to synchronize once per step to form the guided prediction, they are an ideal
target for parallelization across two GPUs. In practice, we dispatch the conditional and unconditional batches
concurrently, and perform a single lightweight point-to-point exchange to combine the two predictions before
advancing the sampler. This nearly halves the per-step latency, and composes cleanly with context parallelism
to deliver multiplicative latency reductions on multi-GPU nodes.

Reasoner tower caching. For tasks such as text-to-image (T2I), text-to-video (T2V), image-to-video (I2V),
and video-to-video (V2V) generation, the conditioning inputs to the Reasoner tower�text prompts and, where
applicable, conditioning images or videos�are �xed for the duration of the sampling trajectory. As a result,
the Reasoner's outputs are invariant across di�usion steps and depend only on the conditioning, not on the
current noise level or partially denoised sample. We exploit this property by computing the Reasoner forward
pass once at the start of inference and caching its outputs for reuse across all subsequent denoising steps.
Because the cached activations are mathematically identical to those that would be recomputed at each step,
this optimization yields a substantial reduction in per-step latency without any impact on generation quality.

Batching. Inference throughput can be further improved by batching multiple samples into a single forward
pass, amortizing per-step overheads (kernel launches, weight reads, and collective communication) across a
larger volume of useful work. Our inference batcher reuses the variable-length sequence-packing mechanism
developed for training: rather than padding shorter sequences to a common length�which wastes both compute
and memory on padding tokens�it concatenates samples of heterogeneous shapes into a single packed tensor
and supplies the corresponding cumulative sequence-length metadata to attention and other shape-sensitive
operators. The user speci�es one of two budgeting modes: a total token budget (the maximum number of
tokens allowed within a batch) or a �xed sample count. Given the chosen budget, the batcher greedily packs
incoming samples until the budget is exhausted while respecting any per-device memory constraints. This
design improves GPU utilization in throughput-oriented deployments such as o�ine corpus generation and
large-scale evaluation, but provides no bene�t in latency-bound settings (e.g., robotics workloads) where a
single sample must be processed in isolation; in those regimes, the batcher is con�gured with a sample count
of one and e�ectively disabled.

Tab. 9 reports the inference throughput obtained by request batching on the text-to-video (T2V) task with
189-frame outputs. At 256p, batching yields throughput gains of 8% to 55%. The bene�ts diminish at 480p,
where each sample already provides su�cient work to saturate the GPU and leaves limited headroom for
additional parallelism. At 720p, the 74;000context window admits only B=1 , precluding any batching speedup.

Generation with prompt upsampling. Inference additionally supports a prompt-upsampling mode (see more
details in Sec. 6.3.2) in which a short, free-form user prompt is expanded by the Reasoner into a richer,
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Table 9: Inference speedup from batching. The Cosmos3-Nano and Cosmos3-Super are evaluated on the
text-to-video (T2V) task with 189-frame outputs. We report results at 256p and 480p, using maximum
admissible batch sizes ofB = 6 and B = 3 , respectively, under the 74k-token context limit. 720p is omitted, as
it admits only B = 1 within the same budget.

HW Backend Cosmos3-Nano Cosmos3-Super

T2V-256 T2V-480 T2V-256 T2V-480

H100 80GB 8% 2% 55% 5%
GB200 40% 2% 9% 1%

structured JSON description of the desired output (covering, for example, scene composition, subject attributes,
camera and motion speci�cations, lighting, and style). The upsampled description is generated autoregressively
by the Reasoner and is then supplied to the Generator as an additional conditioning input, alongside any
image, video, or action conditioning provided by the user, to synthesize the �nal output. This pipeline serves
two purposes: it o�oads the burden of detailed prompt engineering from the end user to the model itself,
consistently improving downstream generation quality, and it exercises the full omnimodal end-to-end across
both Reasoner and Generator pathways within a single inference invocation�demonstrating that two pathways
can be composed seamlessly to produce high-�delity multimodal outputs from a minimal user speci�cation.

Throughput vs serving considerations. Inference workloads generally optimize for one of two competing
objectives: throughput or latency. Batch inference, in which a large set of outputs is generated for a �xed
corpus of inputs, is typically optimized for throughput, since end-to-end wall-clock time and aggregate cost
are the metrics of interest. In contrast, latency-sensitive applications such as robotics�where actions must
be produced from a speci�c starting context with tight per-step deadlines�prioritize responsiveness, and the
relevant metric is time-to-�rst-token (or time-to-�rst-action) and per-step latency. The optimizations described
above target these regimes di�erentially: distributed inference (context parallelism and CFG parallelism)
primarily reduces latency by parallelizing a single request across multiple devices, whereas batching primarily
improves throughput by amortizing per-step overheads across multiple concurrent requests. The remaining
optimizations�torch compile, and reasoner-output caching�bene�t both regimes simultaneously.

5.3.2. Inference Frameworks for Reasoner: vLLM and TensorRT-LLM

Because the Nano and Super Reasoners are built on the Qwen3-VL (Bai et al., 2025b) backbone, their integration
into vLLM and TensorRT-LLM reuses the upstream Qwen3-VL support already present in both frameworks. This
allows us to inherit, out of the box, the optimized attention kernels, paged KV-cache management, continuous
batching, and multimodal input handling that the two backends already provided for the Qwen3-VL family,
requiring only minimal con�guration changes to bind the Cosmos 3 model weights and tokenizer to the existing
execution paths.

The Edge Reasoner, in contrast, is built on a custom Nemotron backbone (NVIDIA, 2025), which is not natively
supported in vLLM. We therefore implemented a dedicated integration that follows the vLLM model-contributor
conventions. This integration is structured to be upstreamable, easing future maintenance and enabling
community contributions.

5.3.3. Inference Frameworks for Generator: vLLM-Omni

Cosmos 3 Generator is integrated into vLLM-Omni to leverage its optimized serving stack for di�usion-based
multimodal generation. The integration implements Cosmos 3 Generator as a �rst-class vLLM-Omni model and
supports the full set of Generator modalities, including image, video, audio, and action-conditioned generation.
It follows the model-contributor conventions and coding style of the vLLM-Omni framework, making the
implementation compatible with the framework's existing scheduling, distributed execution, memory-reduction,
and quantization features.
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This integration is particularly important for Generator serving because di�usion-based generation requires
many repeated transformer evaluations over large image, video, or multimodal token sequences. The vLLM-
Omni backend therefore focuses on reducing per-step latency, lowering peak memory usage, and improving
throughput while preserving generation quality. The Cosmos 3 Generator integration supports the following
vLLM-Omni features:

ˆ Cache-DiT. A training-free acceleration method that reuses cached transformer-block outputs across
adjacent denoising steps, allowing redundant computation to be skipped with negligible impact on
generation quality.

ˆ Ulysses context parallelism. A context-parallel execution scheme that shards long image and video token
sequences across multiple GPUs and uses all-to-all attention communication to reduce per-device memory
usage and improve latency.

ˆ CFG-Parallel. A parallelization strategy for classi�er-free guidance that dispatches the conditional and
unconditional forward passes to separate GPU ranks. The two predictions are synchronized once per
denoising step to form the guided update, reducing the latency of CFG-based sampling.

ˆ HSDP. A memory-e�cient distributed inference mode that shards transformer weights across GPUs
using FSDP2 and gathers parameters on demand during the forward pass, reducing peak GPU memory
requirements for large Generator models.

ˆ CPU o�oad. A layer-wise o�oading mechanism that moves model parameters between CPU and GPU
memory during inference, trading additional data-transfer overhead for substantially lower peak GPU
memory usage.

ˆ VAE-Patch-Parallel. A parallel VAE execution mode that partitions latent or pixel tensors into spatial tiles
and encodes or decodes them across multiple ranks, reducing both per-device memory consumption and
VAE latency.

ˆ Quantization. A dynamic FP8 quantization path that lowers the precision of dominant compute operations
to reduce inference latency and peak GPU memory usage while maintaining acceptable generation quality.

Together, these features allow Cosmos 3 Generator to scale from memory-constrained single-GPU deployments
to high-throughput multi-GPU serving. Cache-DiT and quantization reduce the cost of repeated denoising
computation, context parallelism and CFG-Parallel improve latency by distributing a single request across GPUs,
and HSDP, CPU o�oad, and VAE-Patch-Parallel reduce memory pressure for large-resolution or long-duration
generation tasks. Figure 16 summarizes Cosmos3 serving performance by comparing single-GPU runs on
di�erent hardware backends as well as comparing multi-GPU runs on B200s. The evaluation is done for
PyTorch-OSS and vLLM-Omni frameworks.

5.4. Benchmark Infrastructure
The Cosmos benchmark system manages evaluation jobs for Cosmos models and stores both generated artifacts
and evaluation results. An orchestration layer schedules generation, scoring, and endpoint evaluation jobs
on Lepton or Slurm clusters and tracks the execution status of each stage. For every run, the system records
metadata including the model checkpoint, code version, selected benchmarks, generation settings, benchmark-
speci�c parameters, and associated datasets. Together, these records establish full traceability between each
reported score and the exact model weights, inputs, parameter con�gurations, and evaluation code used to
produce it.

The system supports the heterogeneous benchmark suite described in Sec. 6 without requiring all benchmarks
to share a common implementation. Benchmarks evaluate generated video, audio, action trajectories, and
text responses from reasoner models across a diverse set of criteria, including visual �delity, audio quality,
audio-visual synchronization, prompt and control adherence, action or trajectory accuracy, task completion,
physical plausibility, and reasoning correctness. Evaluators include integrations with open-source libraries and
public benchmark suites, as well as custom evaluators developed speci�cally for Cosmos. Scoring methods
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(a) Nano T2V, 1-GPU
H100 NVL/B200 backend latency

(b) Nano T2I, 1-GPU
H100 NVL/B200 backend latency

(c) T2V on B200, 1�8 GPUs
Nano/Super scaling

Figure 16: Cosmos 3 serving performance. (a) Cosmos3-Nano 720p T2V 1-GPU latency on H100 NVL and
B200, to observe performance on di�erent hardware backends. (b) Cosmos3-Nano 720p T2I 1-GPU latency on
H100 NVL and B200, to observe performance on di�erent hardware backends. (c) 720p T2V latency scaling on
B200 from 1 to 8 GPUs for Cosmos3-Nano and Cosmos3-Super. Lower is better throughout.

span reference-based error metrics, perceptual and temporal consistency measures, audio-video alignment
metrics, VLM-based judges, human annotations, and exact-match or numeric-answer evaluation.

For Generator evaluation, benchmarking is separated into generation and scoring stages. Generation jobs
execute models using either the PyTorch inference pipeline or one of the serving frameworks described in
Sec. 5.3, and write generated outputs to object storage. Scoring jobs subsequently consume these stored
artifacts, compute per-sample and aggregate metrics, and record results together with run metadata. This
decoupled design allows outputs to be rescored with new metrics or evaluators without rerunning generation.

For Reasoner evaluation, we use the VLMEvalKit (Duan et al., 2024) framework together with vLLM. These
jobs send prompts and multimodal inputs to deployed model endpoints, process model responses, and record
benchmark scores and associated metadata.

Evaluation scores and run metadata are stored in a relational database, while generated artifacts are stored in
object storage. Human-evaluation annotations are stored together with the evaluated artifacts and question sets,
and aggregate human-evaluation results are tracked alongside automated metrics. A benchmark portal provides
access to these records through dashboards, leaderboards, example-level inspection tools, and model-to-model
or checkpoint-to-checkpoint comparisons.

6. Results

We evaluate Cosmos 3 across a broad spectrum of understanding and generation tasks that are central to Physical
AI. Unlike prior systems that focus on a single modality or capability, Cosmos 3 is designed as a uni�ed omnimodal
world model that jointly supports reasoning, perception, simulation, and action generation. Our evaluation
therefore spans both the Reasoner and Generator components, covering multimodal understanding, spatial
and temporal reasoning, image and video generation, audio-visual generation, transfer generation, forward
and inverse dynamics, and robot policy learning. Across these diverse benchmarks, Cosmos 3 consistently
demonstrates strong results relative to both specialized open-source models and leading proprietary systems,
highlighting the bene�ts of a uni�ed world-model architecture for Physical AI. The following sections present
detailed results for the Reasoner and Generator, together with analyses of their capabilities across robotics,
autonomous driving, smart infrastructure, and general multimodal domains.
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Table 10: Reasoner benchmark results for Cosmos 3 variants and comparison models across general
multimodal understanding, robotics, smart-infrastructure, and autonomous-driving benchmarks. Rows report
individual benchmarks or group averages, and columns report model scores. Within each separated model
block, best and second-best scores per row are shown in bold and underlined. y denotes a closed model.
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MMBench-Dev 87.4 87.8 86.3 86.7 93.2 85.1 85.3 82.2 66.2 85.5 81.4 76.6 77.2 73.6 60.2 81.9
RealWorldQA 79.2 80.3 76.1 71.8 81.8 72.2 73.2 68.2 61.0 72.5 72.0 73.3 67.3 61.4 57.1 65.9
CVBench 88.0 86.8 88.1 84.1 88.6 86.5 85.2 85.6 68.1 87.5 87.8 84.9 78.7 78.7 56.1 85.7
VideoPhy2 47.4 36.8 43.3 33.1 28.7 45.6 28.2 37.1 13.8 10.5 20.8 40.3 7.9 12.8 8.4 7.3
CausalVQA 77.0 81.0 74.5 76.5 92.0 70.0 72.0 71.5 38.0 68.5 63.0 37.0 57.0 53.5 29.5 51.0
MVPBench 70.3 58.6 62.2 27.0 59.4 66.9 51.6 54.2 32.8 50.1 43.3 53.3 43.6 43.7 31.9 44.9
CountBenchQA 89.1 93.6 87.5 79.1 95.3 84.8 89.5 79.9 55.4 90.5 84.6 89.9 87.5 79.7 56.9 86.0
AI2D 87.8 88.2 87.5 88.9 93.8 85.0 84.8 83.6 78.2 85.7 83.2 75.4 76.7 75.4 73.0 79.8
DocVQA 90.4 96.0 95.1 89.6 95.8 94.2 95.6 94.3 78.1 95.4 93.9 86.8 92.8 89.9 73.4 91.8
InfoVQA 82.4 87.6 85.1 66.5 85.0 81.8 83.4 79.8 46.1 81.8 84.2 60.1 71.7 65.0 37.8 70.5
OCRBench-v2 66.7 65.9 57.4 61.8 64.5 60.1 64.1 56.6 42.4 58.6 41.2 43.7 54.2 50.1 37.8 41.0
LogicVista 55.9 47.9 46.1 57.0 81.9 43.2 41.8 37.4 31.5 40.3 39.6 34.7 39.4 34.0 29.5 34.9
MMMU-Pro 48.1 49.0 45.6 70.6 76.7 41.1 41.1 38.6 46.9 42.0 37.3 26.4 32.3 26.9 39.9 30.3
MVBench 74.5 72.6 72.5 64.4 72.8 73.2 69.1 70.1 48.9 69.5 56.1 58.2 60.3 60.5 41.2 64.7
BlinkSpatial 88.8 88.1 87.4 90.9 92.3 81.8 87.4 83.9 76.9 76.9 83.2 72.0 77.6 75.5 62.9 79.7
BlinkDepth 91.9 82.3 85.5 87.1 79.8 92.7 87.1 87.9 77.4 91.1 81.5 79.8 74.2 83.1 70.2 87.9
RefCOCO 89.5 90.6 70.7 81.8 84.3 84.3 87.3 81.1 71.5 75.9 74.3 80.1 84.5 80.8 66.3 71.2
HallusionBench 49.0 52.8 50.8 57.8 64.2 45.3 50.5 42.0 42.0 45.7 40.2 40.7 42.6 28.6 36.0 45.0
IFBench 37.0 37.0 28.2 52.3 42.5 28.5 32.0 26.0 34.2 22.8 25.8 20.8 20.0 19.8 29.0 17.8

General Avg. 73.7 72.8 70.0 69.8 77.5 69.6 68.9 66.3 53.1 65.8 62.8 59.7 60.3 57.5 47.2 59.9
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Cosmos-ER 74.1 61.3 74.9 54.3 61.1 69.7 56.9 71.2 44.3 54.9 55.6 56.6 48.9 59.0 38.0 48.0
Cosmos-CS 66.4 63.4 65.2 61.1 69.5 63.9 58.4 63.1 43.2 54.1 53.8 51.5 49.7 54.8 35.3 49.0
RefSpatial 57.0 52.7 48.0 46.6 70.0 53.1 47.6 41.1 24.6 46.6 41.3 48.4 27.1 30.7 16.2 39.0
VSI-Bench 60.9 59.5 58.0 47.6 47.5 54.9 55.1 52.0 28.4 63.0 46.7 59.2 49.8 45.0 27.3 62.5
SparBench 54.9 48.0 42.9 46.6 51.5 54.8 40.1 38.0 28.5 49.5 41.2 52.8 34.5 35.5 30.6 47.8
RynnBrain-Area 53.0 53.1 50.4 58.7 65.4 52.0 33.2 43.4 35.7 56.6 47.1 39.1 24.4 31.9 31.2 58.1
RynnBrain-Spatial 34.5 16.8 42.2 32.4 36.8 26.1 37.5 35.5 33.9 59.0 37.2 22.6 29.7 33.9 19.7 55.7
RynnBrain-Trajectory 69.3 61.6 64.6 64.4 71.3 67.9 54.8 64.4 63.5 61.1 61.1 58.7 54.7 61.1 60.9 53.5
RynnBrain-A�ordance 84.6 84.2 86.8 87.8 86.8 85.1 82.6 84.6 84.4 85.3 85.7 77.6 70.5 80.0 77.0 90.4
RynnBrain-Object 48.3 57.0 44.9 47.2 51.5 39.8 49.2 42.0 35.2 71.6 33.5 24.0 41.2 30.1 26.7 70.7
RynnBrain-Grounding 74.4 77.0 76.7 72.4 82.8 72.9 68.8 72.5 59.3 74.2 57.8 51.6 33.1 54.3 31.1 45.5
MMSIBench 41.8 33.0 31.4 32.3 40.8 36.2 26.3 29.5 37.6 38.4 30.1 32.3 28.5 28.9 33.7 33.2
MMSIVideoBench 26.1 33.8 29.6 33.6 38.6 27.2 28.8 29.4 39.4 28.2 30.0 24.9 25.5 23.9 32.5 24.5
HealthSurgiBench 44.5 24.4 53.9 19.1 24.6 56.1 23.0 46.9 20.7 23.3 24.0 62.1 26.0 31.3 17.3 18.3
ERQA 51.2 46.5 42.8 47.8 65.2 46.0 44.0 44.2 30.2 43.0 42.0 42.0 37.8 37.2 32.5 38.8
RoboSpatialHome 70.0 65.1 64.3 63.0 65.1 66.3 64.8 64.5 42.0 71.4 66.1 63.4 44.6 52.0 36.3 62.9
Where2Place 71.0 56.0 59.0 52.0 61.0 64.0 53.0 50.0 17.0 11.0 58.0 55.0 32.0 33.0 15.0 11.0

Robotics Avg. 57.8 52.6 55.0 51.0 58.2 55.1 48.5 51.3 39.3 52.4 47.7 48.3 38.7 42.5 33.0 47.6
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VANTAGE-2DGrounding 76.2 72.4 45.7 45.1 46.9 75.6 73.3 66.9 10.1 67.6 59.4 49.8 65.1 56.3 5.5 49.2
VANTAGE-Astro2D 81.5 76.8 22.6 68.7 77.7 78.3 69.2 81.1 58.8 10.5 57.8 76.7 56.6 72.5 48.4 0.0
VANTAGE-2DPointing 72.9 75.6 74.0 76.8 85.6 74.8 68.6 68.7 43.4 64.9 55.0 63.0 53.1 59.7 31.7 60.3
VANTAGE-DVC 29.5 29.4 30.1 29.6 30.2 31.4 29.6 32.5 14.3 28.4 2.2 20.9 0.8 28.5 9.3 0.0
VANTAGE-EventVerif 71.3 60.0 73.6 55.2 67.5 68.9 59.4 64.1 40.6 58.9 58.0 64.8 44.7 55.3 27.6 41.6
VANTAGE-SOT 62.2 44.2 33.1 54.7 72.7 59.2 33.1 37.7 16.0 4.8 9.2 18.7 29.8 26.7 11.5 4.8
VANTAGE-Temporal 51.9 46.8 50.5 33.0 41.7 48.0 43.3 47.3 16.9 20.1 5.9 39.1 35.2 39.0 9.0 25.9
VANTAGE-VQA 69.5 71.3 70.3 67.0 71.2 69.0 66.4 68.0 51.5 65.4 67.5 64.4 63.9 64.7 46.2 62.9
TARBench 48.4 28.1 36.6 31.9 33.6 43.6 31.5 34.1 12.8 34.8 32.6 34.1 32.7 26.6 8.5 34.2

Smart Infra. Avg. 62.6 56.1 48.5 51.3 58.6 61.0 52.7 55.6 29.4 39.5 38.6 47.9 42.4 47.7 22.0 31.0
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ks LingoQA 76.8 66.4 70.0 57.2 71.2 71.4 68.4 71.6 24.2 60.4 70.4 58.4 59.2 58.2 19.0 50.2

AVSpecialCollision 79.3 37.3 77.3 32.3 54.0 79.0 34.0 74.0 33.3 33.7 37.3 66.7 36.3 74.3 33.7 33.3
AVSpecialStopBehavior 81.6 18.4 69.4 20.4 16.3 77.5 36.7 59.2 20.4 36.7 42.9 53.1 32.6 34.7 20.4 36.7

Driving Avg. 79.3 40.7 72.2 36.6 47.2 76.0 46.4 68.3 26.0 43.6 50.2 59.4 42.7 55.7 24.4 40.1
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6.1. Reasoner Evaluation
Cosmos 3 Reasoner is evaluated on a total of 48 benchmarks. The results are aggregated into four categories:
general, robotics, smart infrastructure, and driving. Tab. 10 reports results for the Edge, Nano, and Super
models and their comparisons to existing open-source and closed-source models. The numbers are evaluated
using VLMEvalKit Duan et al. (2024), which is integrated into our benchmark infrastructure.

General. We select 19 benchmarks, listed below, to assess the model's general capabilities.

ˆ Broad visual question answering and multimodal understanding is measured by MMBench_DEV (Liu et al.,
2024d), RealWorldQA (xAI, 2024), and AI2D (Kembhavi et al., 2016), which test whether the model
can interpret natural images, diagrams, and real-world scenes while answering diverse semantic and
compositional questions.

ˆ Spatial, grounding, and quantitative reasoning. is evaluated by CVBench (Tong et al., 2024), BlinkSpatial,
BlinkDepth (Fu et al., 2024), RefCOCO (Yu et al., 2016), and CountBenchQA (Paiss et al., 2023), covering
2D/3D spatial relations, depth perception, referring-expression localization, and object counting.

ˆ Text-rich visual understanding is covered by DocVQA (Mathew et al., 2021), InfoVQA (Mathew et al., 2022),
and OCRBench-v2 (Fu et al., 2026), which require reading and reasoning over documents, infographics,
scene text, and structured visual layouts.

ˆ Video, physical, and causal reasoning is assessed by MVBench (Li et al., 2024c), VideoPhy2 (Bansal et al.,
2025b), MVPBench (Krojer et al., 2025), and CausalVQA (Foss et al., 2025), testing temporal event
understanding, physical plausibility, and cause�e�ect reasoning across frames.

ˆ Advanced reasoning, robustness, and instruction following is measured by LogicVista (Xiao et al., 2024b),
MMMU_Pro (Yue et al., 2025), HallusionBench (Guan et al., 2024), and IFBench (Pyatkin et al., 2025b),
which probe visual logic, expert-level multimodal problem solving, hallucination resistance, and adherence
to user instructions.

Together, these benchmarks provide a broad view of model's general reasoning ability across perception,
localization, text recognition, temporal understanding, and reliable instruction-conditioned response generation.

Robotics. We group 17 robotics and embodied reasoning benchmarks into several capability families.

ˆ Embodied commonsense and task reasoning is measured by Embodied Reasoning, CommonSense in Cosmos
Reason (NVIDIA, 2025), ERQA (Gemini Robotics Team et al., 2025), and Where2Place (Yuan et al.,
2024), which test whether the model can reason about object a�ordances, feasible actions, placement
decisions, and physical commonsense in embodied environments.

ˆ Spatial grounding and scene geometry is evaluated by RefSpatial (Zhou et al., 2025b), VSI-Bench (Yang
et al., 2025b), SparBench (Zhang et al., 2025b), and RoboSpatialHome(Song et al., 2025), covering
referring-expression grounding, metric and relational spatial understanding, indoor layout reasoning,
free-space awareness, and robot-relevant localization.

ˆ Robotics-oriented perception and action understanding is captured by RynnBrain (Dang et al., 2026)
and ERQA (Gemini Robotics Team et al., 2025), which probe manipulation-relevant perception, ac-
tion feasibility, trajectory reasoning, and object-centric decision making over real robot episodes. And
MMSIVideoBench (Lin et al., 2025c) requires reasoning across multiple views or frames to infer object cor-
respondences, spatial relations, temporal changes, and scene-level structure. We curate HealthSurgiBench,
an in-house benchmark for operating-room understanding with 23 question types. It combines rule-based
scoring for structured outputs such as counts, tools, roles, boxes, coordinates, time/distance estimates,
ordered lists, scene graphs, and monitor text, with a local Qwen3-4B judge for six free-form answer types.
The �nal score uses the applicable evaluator for each sample and then reports the unweighted mean
across all samples.
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Together, these benchmarks evaluate whether the model can move beyond static visual recognition toward
embodied reasoning: understanding where objects are, how they relate, what actions are possible, and how
spatial evidence evolves across views and time.

Smart infrastructure. We evaluate on VANTAGE-Bench (NVIDIA, 2026c) and Tra�c Anomaly Reasoning
(TAR) (NVIDIA, 2026b), covering warehouse logistics, transportation, and smart-infrastructure �xed-camera
settings. VANTAGE-Bench measures semantic, spatial, temporal, and spatiotemporal understanding through
event veri�cation, VQA, referring, pointing, localization, temporal localization, dense captioning, and VLM-
native single-object tracking, with 3;346assets and35;027expert annotations, including synthetic anomaly
footage. TAR, the AI City Challenge 2026 Track 3 suite, evaluates anomaly veri�cation, temporal localization,
scene description, causality, summarization, and out-of-domain generalization with heterogeneous QA, temporal
IoU, and text-generation metrics.

Driving. We evaluate the driving capabilities with LingoQA (Marcu et al., 2024) and two in-house benchmarks
for safety-critical driving event classi�cation. AVSpecialCollisionBench measures whether the model correctly
classi�es each video into one of three event categories: collision, near collision, or no collision. The benchmark
contains 100 videos per category and the per-category accuracy is computed. Finally, the mean accuracy across
the three categories is reported as the �nal score. AVSpecialStopBehaviorBench evaluates stop-sign behavior
classi�cation across �ve categories: full stop, rolling stop, no stop, not relevant, and false sign. This benchmark
contains 10 videos per category, and its �nal score is the mean of the �ve per-category accuracies.

Cosmos 3 is competitive with open-source models on general benchmarks, while still trailing Gemini 3.1
Pro (Google DeepMind, 2025a). Compared with Cosmos-Reason2, Cosmos 3 shows stronger general capabilities,
bene�ting from the additional 20% pre-training data that increases data diversity. In the robotics, smart
infrastructure, and driving domains, Cosmos 3 outperforms both open-source and closed-source models
including RynnBrain (Dang et al., 2026), Mimo-Embodied (Hao et al., 2026), and Gemma-4 (Google DeepMind,
2026b), with the exception of a small gap to Gemini 3.1 Pro in robotics. Overall, Cosmos 3 demonstrates strong
domain-speci�c reasoning across robotics, smart infrastructure, and autonomous driving, supporting a broad
range of Physical AI applications.

6.2. Generator Evaluation
The Generator component of Cosmos 3 is evaluated across a diverse set of tasks that collectively measure its
ability to simulate and generate multimodal worlds for Physical AI. Unlike conventional generative models
that focus on a single modality, Cosmos 3 jointly models images, videos, audio, and actions within a uni�ed
framework, enabling evaluation across image generation, video generation, audio-visual generation, transfer
generation, forward and inverse dynamics, and robot policy learning. We further evaluate specialized post-
trained variants, including Cosmos3-Super-Text2Image, Cosmos3-Super-Image2Video, and Cosmos3-Nano-
Policy-DROID, to assess the e�ectiveness of downstream adaptation from a shared omnimodal foundation model.
Our benchmark suite combines automated metrics, human evaluation, domain-speci�c Physical AI benchmarks,
and real-world robotics evaluations, covering critical capabilities such as prompt following, physical plausibility,
temporal consistency, audio-video synchronization, controllability, action prediction, and task completion.

6.2.1. Image Generation Evaluation

We evaluate Cosmos 3 image generation as single-frame visual generation, focusing on four complementary
axes: broad semantic prompt following, exact scene-text rendering, human-preference alignment, and visual
aesthetics. UniGenBench is the primary prompt-following metric because it exposes failures at the testpoint
level. We enhance UniGenBench by adding a Physical-AI subset. CVTG isolates a frequent failure mode of
image generators�misspelled, omitted, blurred, or duplicated scene text�through OCR-based GNED and
PNED scores. HPSv3 and LAION aesthetic complement those targeted checks by measuring overall human
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