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Abstract

We present a shared framework that adapts Cosmos world foundation models for real-time interactive
world simulation in Physical Al By streaming visual observations in response to actions and scene controls,
the framework enables users and embodied agents to interact with evolving virtual environments. It
supports both predicting the visual consequences of actions and generating observations from physical
state maintained by an external simulator. We demonstrate this approach across camera navigation and
robot manipulation, controllable video transfer, and multi-view autonomous vehicle (AV) simulation.
These examples provide a shared foundation for developing interactive virtual environments for Physical
Al training and evaluation. Our code and model checkpoints are available at github.com/nvidia/cosmos
and huggingface.co/collections/nvidia/cosmos3-examples. The project website is available at research.
nvidia.com/labs/cosmos-lab/cosmos-simulation.

Open-Source Code

Cosmos github.com/nvidia/cosmos

Cosmos-Framework github.com/nvidia/cosmos-framework
Open-Weight Model Checkpoint

Cosmos3-Nano-Sim-Bimanual huggingface.co/nvidia/Cosmos3-Nano-Sim-Bimanual
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Cosmos3-Nano-Sim-Auto huggingface.co/nvidia/Cosmos3-Nano-Sim-Auto
Cosmos3-Nano-Transfer-Auto huggingface.co/nvidia/Cosmos3-Nano- Transfer- Auto
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1. Introduction

Physical Al enables autonomous machines, such as robots and vehicles, to extend perception and reasoning
into the physical world ( s ). Since their actions influence future observations, these systems must
continually adapt to changing contexts: a robot adjusts its manipulation strategy for different object poses,
while a vehicle responds to road and traffic conditions. This continuous feedback makes perception, prediction,
and action interdependent ( , ), making Physical Al consequential for tasks like object handling,
spatial navigation, and vehicle operation. Building these capabilities requires exposing systems to diverse
environments and interventions, while also testing how they respond when conditions change.

Gathering all such experience solely in the real world is costly and can entail risks to people and equip-
ment ( s ). Simulation offers a safe and controllable environment for training, testing, and de-
bugging before deployment. Cosmos world foundation models provide synthetic training data and generate
observations for learning in virtual environments ( , , ). Learned visual priors expand the
range of appearances and scene conditions in these environments, while structured controls retain grounding
in the external physical state. As a result, world simulation bridges the gap between data available for learning
and the environments needed to evaluate policy behavior.

Interactive simulation generates observations incrementally as new controls arrive from a user, a policy, or
an external simulator ( , ; , ). Evaluating this behavior requires testing how
changed controls affect subsequent observations and how well scene changes persist over time. To enable
live policy or human interaction at real-world timescales, observations must be returned within the required
response time. Achieving this in neural world simulation demands coupling visual generation with control
fidelity, retention of state changes, and responsive execution. These requirements motivate transforming a
world foundation model into an interactive simulator, while showing that it meets downstream needs still
requires independent validation.

We introduce a shared post-training framework for converting Cosmos world foundation models into interactive
simulators. Built on Cosmos 3 ( , ), the framework adapts broad visual knowledge to predicting
how scenes evolve under supplied actions or scene controls. Its purpose is to make that knowledge usable
throughout an ongoing interaction, so a user, policy, or external simulator can shape the experience as it unfolds.
This supports both learning visual dynamics from recorded experience and generating observations guided by
an external simulator’s physical state.

The framework combines causal training and distillation with streaming execution in a shared recipe for
interactive simulation ( , ). Post-training teaches the model to follow domain-specific controls
and continue from its own generated observations ( s ). Distillation reduces the computation
needed to produce those observations, while streaming execution supports repeated interaction as new inputs
become available. Together, these components address visual quality, control fidelity, and timely responses
within a common framework. The shared recipe provides a reusable starting point for specialized simulators,
with each domain contributing its own controls, data, and evaluation requirements.

We ground this approach in three post-trained Cosmos3-Nano model examples:

1. Cosmos3-Nano-Sim-Bimanual predicts future visual dynamics from a streaming sequence of camera
navigation and robot manipulation actions.

2. Cosmos3-Nano-Sim-Transfer supports single-view video transfer based on spatial controls, while the state
can be maintained externally by a simulator.

3. Cosmos3-Nano-Sim-Auto supports synchronized multi-view AV simulation with LiDAR.

All three examples follow the shared procedure, each adapting control representations, data preparation, and
modeling choices for its domain. They connect robot interaction, simulator-guided video transfer, and AV scene
generation through one post-training framework. Quality, control fidelity, and runtime are evaluated under
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Figure 1: From Cosmos 3 to interactive world simulation. A shared post-training recipe adapts Cosmos3-
Nano from the Cosmos 3 family (NVIDIA, 2026) into three example models for camera navigation and robot
manipulation, single-view video transfer, and multi-view autonomous vehicle (AV) simulation. Each specialized
model incorporates domain-specific controls tailored to its application and trained on datasets reflecting the
types of interactions and physical dynamics relevant to that domain.

each example’s stated protocols, with policy-driven simulator utility requiring separate closed-loop validation.
Fig. 1 summarizes this shared foundation and its three post-trained specializations.

The technical report is organized as follows. Sec. 2 introduces the shared model architecture and its support
for simulation controls and causal generation. Sec. 3 presents the post-training recipe for causal training and
distillation on the foundation model. Sec. 4 describes streaming inference optimizations for efficient execution.
Sec. 5 to 7 describe the three model examples, covering their respective architectures, data preparation, training
procedures, and evaluation results. Sec. 8 discusses related work and Sec. 9 concludes the paper.

2. Model Architecture

Our framework builds directly on Cosmos 3, retaining its reasoner and generator towers, unified represen-
tation space, and positional embedding formulation (NVIDIA, 2026). To support interactive simulation, the
architecture must generate observations incrementally as conditioning inputs arrive. The primary shared archi-
tectural modification is the introduction of temporal-causal attention across video chunks. This temporal-causal
attention ensures that, as each new control becomes available, the simulator predicts subsequent observations
autoregressively, without access to future target chunks. During generation, each chunk is produced through
iterative denoising, conditioned on both the available observation history and any provided control signals,
including language, actions, source video, or structured visual controls.

2.1. Cosmos 3 Backbone

All three example models build directly on Cosmos 3 checkpoints, preserving their multimodal backbone,
representation space, and architectural foundations. At the core of Cosmos 3 is a Mixture-of-Transformers (MoT)
design, which organizes processing into two complementary towers: the reasoner and the generator (Deng et al.,
2025; NVIDIA, 2026). Modality-specific encoders and projections first embed each input type (e.g. language,
videos, actions) into a shared representation space. Within this architecture, the reasoner tower specializes in
autoregressive next-token prediction for language, while the generator tower handles non-language modalities
through iterative denoising.
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MoT towers and joint attention. In each MoT layer, the reasoner and generator towers maintain separate sets
of parameters for layer normalization, query/key/value projections, and feed-forward networks. The simulator
architecture routes the text prompt into the reasoner tower as the autoregressive subsequence. Visual, control,
and denoising-related tokens (including clean conditions, denoised history, and noisy prediction targets) are
routed into the generator tower as the diffusion subsequence. Generator queries attend to the entire diffusion
subsequence and, via dual-stream joint attention, can also attend to keys and values from the reasoner, while
language tokens in the reasoner retain standard causal self-attention. During causal conversion, the generator
tower replaces full temporal visibility with temporal-causal attention masking, governed by token role, physical
time, and the availability of conditions ( and 2.3).

Visual encoding and generation. Visual features are extracted by a vision transformer (ViT) (

, ) and fed to the reasoner tower, while the generator tower receives latent representations from a
causal video variational autoencoder (VAE) ( s ). A causal RGB tokenizer achieves 4x temporal
compression, mapping 1+4n input frames to 1+n latent time steps ( . ). The tokenizer’s first latent
time step represents the initial RGB frame, and each subsequent step adds 4 RGB frames. Learned projections
merge latent patches into the unified representation space. Sampling integrates the output projection’s rectified
flow velocities into the latents ( s ), and the tokenizer decoder reconstructs RGB observations.
For autonomous driving, we extend this design to jointly generate synchronized multi-view RGB videos and
LiDAR; see for details.

Multimodal positional embedding. Cosmos 3 applies 3D multimodal RoPE (MRoPE) ( , ) to
its embeddings, dividing the rotary channels of each attention head among temporal, height, and width
coordinates (tP°, h, w) ( , ). Within each latent time, both source and target visual tokens share the
temporal coordinate ¢P°, with their spatial coordinates tiling a grid that resets at every frame. Language tokens
are encoded with increasing, identical values along all three axes, while action tokens carry temporal positional
information and set h = w = 0. A large temporal gap (15,000) separates the autoregressive and diffusion
subsequences, and both conditioning and generated visual streams initiate from a common temporal origin.
These instantiations inherit the foundation model’s MRoPE formulation and maintain the same coordinate
offsets throughout causal conversion.

Conditioning and control. Cosmos 3 accommodates both language and control streams as direct conditions
for video generation ( , ). Control tokens are concatenated alongside noisy target video tokens and
remain clean throughout the denoising of targets. For video transfer, the video tokenizer can process source
video or structured visual controls (e.g. depth, segmentation, edges, or blurred videos) to steer generation.
In action-conditioned video generation, action tokens express relative camera, end-effector motions, or other
transformations. Domain-specific projections adapt action representations of varying dimension into the unified
representation ( s ).

2.2. Multimodal Token Arrangement

The framework groups visual targets and aligned clean controls into chunks for temporal-causal attention and
autoregressive video generation. A chunk contains the spatial tokens at one or more consecutive latent video
time steps together with their corresponding control tokens. For multi-view generation, it includes the aligned
visual groups from the participating views. This prediction unit is distinct from the tokenizer’s internal units
for encoding or decoding video.

Each prediction uses generation history and the provided control streams. For action-conditioned video
generation, controls specify the desired actions and transformations that determine the upcoming predicted
visual outcomes. For video transfer tasks, observations for the target interval are guided by either a source
video or structured visual controls. Both configurations may include language tokens as conditions, follow the
same next-chunk prediction structure, and maintain distinct token roles and attention rules.




Interactive World Simulation with Cosmos for Physical Al

Multimodal inputs for chunk prediction. Partition the L target latent time steps into ordered, disjoint,
contiguous index sets By, ..., B;. Chunk j spans N; = |B,| > 1 target latent time steps, with ijl N; = L.
After the initial tokenizer step, these N; latent time steps correspond to 4N, new RGB frames per view. Its
visual part V; = Vg, contains all spatial tokens at those latent time steps, and all of its target visual tokens are
jointly denoised. At diffusion step 7, the noisy tokens for chunk j are denoted ]7;2 The aligned controls U,
belong to the same chunk, and their token types and lengths depend on the post-trained model. The current
generator chunk and its logical prediction input are

g‘r = [Z/{, i}"r]a
J J J . (1)
S;(r) =T | 15,951,
where 7 denotes available language tokens and #; denotes retained clean generator history. Only 17; is noisy
and predicted. The controls remain clean and are excluded from the target loss, even though they are processed
inside the same chunk.

Autoregression between video chunks routes visual history and targets through the generator, with new chunks
produced by denoising. The notation describes which token sets are included in prediction, but not their
memory layout. At inference, the clean history #; retained before predicting chunk j is represented by its K/V
cache 7—[?" These history tokens do not need to be physically concatenated with the current input.

Within the input, only the current target chunk is noisy. The clean generator history #; may include an initial
prefix 7o, previously used clean control groups Uj,, and denoised vision chunks Vj, for k < j. When sampling
starts from provided controls, the initial prefix can be empty or may contain initial observations from the target
sequence. Cached controls remain as conditioning information, not part of the generative targets.

Once denoising produces 17j, the completed clean chunk is QAJ = [U;, ﬁj}. The runtime constructs its clean
layerwise K/V and commits the completed history before predicting the next chunk ( ). If language
tokens are unchanged and no history eviction or reselection occurs, the next logical prediction input is given by

Sj1(r) = [T | Hj+17uj+1717j7+1]
= [T | Hj,U;, Vi, U1, V4] 2
——

Hj+1

With a limited-size K/V cache, adding new entries may require evicting older history tokens to keep the retained
history within capacity. For the single-view action-conditioned path, clean K/V are refreshed in latent-time
order within the completed chunk. Multi-view execution follows the clean-history visibility rules configured
in

Streaming control inputs. In autoregressive video generation, each target chunk j pairs with a group of
clean control tokens ¢/; matched to the chlink’s physical interval. Each generator chunk g7 contains both its
clean controls /; and noisy visual targets V] . The next control group belongs to the following chunk and is
introduced for that prediction. Within a chunk, controls remain fixed and clean while denoising proceeds,
and they continue serving as conditions once committed to history. All required controls must be available
before sampling the chunk starts. During deployment, a policy or external simulator must therefore supply the
corresponding action or control group before the model jointly denoises its visual part. If these inputs arrive
incrementally, larger chunks can require a longer wait to collect the controls for their physical interval. The
logical meaning of token roles and temporal association is unaffected by how data is laid out in memory.

Figure 2 illustrates the control-group arrangement for both actions and source video. For action-conditioned

2plain letters denote scalars and indices. Bold lowercase letters are vectors, bold uppercase letters are matrices, and calligraphic
uppercase letters are collections. Token sequences are ordered and may include repeated entries. Discrete token IDs use scalar labels.
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Figure 2: Autoregressive video generation with streaming controls. (a) Each generator chunk groups clean
controls U, with the corresponding visual tokens. The history 7; comprises previously denoised chunks V

and the retained controls. The current chunk 17; is progressively denoised with clean controls held constant.
(b) The action-based example shows 4 individual clean action tokens per latent interval. For video transfer,
aligned source latent frames form the clean control group /; for the target chunk’s interval. Source tokens
entering the cache keep their conditioning role for future predictions.

generation, U/; contains the transition actions corresponding to the current predicted chunk. For video transfer,
clean source tokens V¢ supply observations or structured controls, with alignment to the target’s timestamp
enforced, even if source and target use the same tokenizer and projection. This scheme can be extended to
extra input signals, such as audio. Source tokens may be pre-encoded or provided incrementally, as long as all
tokens for the interval are available before target denoising. After each prediction, the corresponding generated
chunk and any new control tokens are appended to the history for subsequent predictions. Section 3 details
the specific training targets and roles for each group.

Temporal alignment. Each control group is temporally aligned with its associated target chunk: actions carry
their transition times, source video matches target timestamps, and spatial controls are matched to their target
frames. FPS modulation transforms physical time to rotary temporal coordinates. For video transfer, source
video is encoded at the target’s frame rate and temporal compression, ensuring matched temporal increments.
Since actions are recorded at 1 per RGB frame with a 4x temporal compression, every step between latent
vision frames covers 4 transition actions. Actions thus use 1/4 of the rotary temporal increment used for vision
tokens, resulting in the last action sample sharing a temporal coordinate with the corresponding vision latent
frame. Action groups for chunks spanning multiple latent frames are collected accordingly. The first observation
in the sequence lacks a preceding real action transition.
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Figure 3: Temporal-causal attention for action-conditioned video generation. Rows represent queries and
columns stand for keys/values. Each generator chunk contains clean controls I/, and visual tokens V;, with
chunk indices starting at k¥ = 0. When conditioning on actions, U is a null group and the first vision group is
the clean frame V). Language uses causal self-attention, while generator queries access reasoner keys/values,
but not vice versa. Token counts are schematic only. (a) In Cosmos 3, every generator chunk can read from
every other. (b) After causal conversion, reads are allowed only within the current block and to earlier ones.
Video-transfer and multi-view layouts can further restrict token-role visibility.

Sequence packing. Cosmos 3 reduces padding by packing recordings with different durations and resolutions
into shared token buffers ( , ). Each recording always retains its own temporal origin, token roles,
and attention domain, regardless of where tokens are packed within shared buffers. To ensure recording
isolation, a boolean attention mask is applied for every query and key index. This mask ensures that only
tokens belonging to the same recording session, at valid (non-padding) positions, and allowed by cross-tower,
temporal, and token-role rules are able to attend to each other. Padding is excluded from both attention and
loss computation. Device partitions do not define attention boundaries: tokens from the same recording may
exchange information across devices, and tokens from different recordings remain isolated—even if packed on
the same device. A retained prefix must preserve its source recording’s identity and temporal coordinates.

2.3. Temporal-causal Attention

Cosmos 3 uses full self-attention in the generator tower to denoise entire video clips. Our post-training recipe
replaces the generator’s bidirectional temporal attention with a block-causal pattern to enable autoregressive
video generation. Each attention block corresponds to one generator chunk G7, containing aligned clean
controls and the visual targets for V; > 1 latent time steps. The temporal mask operates on chunks, and the
visual targets within the current chunk are jointly denoised. The action-conditioned layout permits mutual
attention between the current clean actions and visual targets. Video-transfer layouts can impose additional
restrictions on control queries while retaining the controls inside the same logical chunk. Teacher forcing
additionally separates the clean-reference and noisy-target branches as described in
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Generator visibility. The generator’s attention mask specifies which tokens each query is allowed to access
while generating video. Within the current noisy target chunk 17;, queries may attend to all tokens in that
chunk, enabling joint denoising. Queries can also attend to the retained clean history #;, which contains
previously denoised frames and other finalized context. No attention is allowed to tokens from future target
chunks. Supplied source video that coincides with the current interval remains accessible, but captions and
cached conditioning must restrict visibility to prevent leaking information from future targets. visually
outlines which reads are allowed and which are blocked. In some cases, more specialized token-role masks
are enforced, such as for cross-view attention ( ). Details on constructing these masks during training,
particularly for teacher forcing, are given in

Next-chunk factorization. Let z;.; represent the L target latents for generated vision frames, omitting the
initial supplied observations. Divide the frame indices into J prediction chunk sets B;,...,B;. Define 7;
as the conditioning accepted before generation begins for chunk ;. Only this conditioning is exposed to its
queries via the attention mask. The conditioning Z; comprises the accepted control groups, any supplied initial
observations, initialization metadata, physical timestamps, and available language. With a predetermined
sequence of such conditions, autoregressive generation factorizes as:

J
pe(Z1:L |Il:J) = Hpe (sz | zB<j7Ij) : ®)
j=1

Here, zp_; indicates all previously generated targets. The initial observed frame establishes the clean history
Ho and counts as a conditioning input, not a generated output. If new inputs arrive during denoising, they
only impact subsequent chunks unless the current prediction is interrupted or redone. Once a chunk prediction
completes, its observations are appended to the clean history for the prediction of chunks that follow ( ).
Temporal causality is thus enforced between chunks, but the frames within a chunk interact freely in joint
denoising. The chunk size sets the granularity of this interaction: smaller chunks permit the model to respond
to new interactive controls more often, while larger chunks capture longer visual intervals during joint modeling
and may enable higher visual quality.

This generative factorization assumes conditioning inputs are predetermined and presented from outside the
system, not arising from closed-loop feedback. Under closed-loop simulation, a policy would select new controls
based on the model’s previous outputs, so the conditioning sequence would depend on the simulated rollout.
Running with a prerecorded sequence of controls covers conditional generation but does not exercise feedback
from policy-driven interaction.

3. Post-training Recipe

Our post-training recipe converts the base Cosmos 3 architecture into a generator capable of continuing from
its own predictions. This post-training process unfolds in four sequential stages, summarized in

* Stage 0: Bidirectional adaptation trains on reference clips with full temporal visibility to improve domain
and control fidelity over long contexts. The adapted teacher initializes causal conversion and remains the
frozen bidirectional reference for stage 3.

» Stage 1: Teacher Forcing (TF) learns causal chunk prediction from clean reference history. Its multi-step
checkpoint initializes the stage-2 student and supplies its frozen causal teacher.

* Stage 2: Teacher Forcing with discrete-time Consistency Models (TF-dCM) retains clean reference history
while training a few-step student to reduce denoising evaluations and preserve conditional behavior.

» Stage 3: Self Forcing with Distribution Matching Distillation (SF-DMD) trains on autoregressive student
rollouts to address exposure bias and refine perceptual quality. The stage-0 bidirectional teacher and a
trainable auxiliary score model evaluate the generated clips.

10
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Figure 4: Shared post-training stages for interactive world simulation. Stages follow Causal-rCM (

, ) from top to bottom, with context and purpose alongside. Solid arrows initialize the next stage.
Dashed paths supply the frozen stage-1 causal teacher for TF-dCM and the frozen stage-0 bidirectional teacher
for SE-DMD. SF-DMD also uses a trainable auxiliary score model to evaluate student rollouts.

The causal distillation curriculum employs the same recipe as Causal-rCM ( , ). Conditioning
tokens, such as actions, source video tokens, structured visual controls, and initial observations, are treated as
clean conditions and are excluded from the loss.

3.1. Bidirectional Adaptation

Stage 0 adapts the bidirectional Cosmos 3 generator to the observation domain and conditioning interface used
by each example. Action-conditioned records pair transition actions with the observations they affect, while
video-transfer records align source controls and target observations over the same physical interval. The teacher
retains full temporal attention while learning these domain-specific relationships. Long-context adaptation
extends the temporal span of contiguous condition/observation records presented with their aligned captions. It
exposes the teacher to longer visual histories before the subsequent stages restrict temporal visibility and train
autoregressive generation. The adapted weights initialize causal conversion and supply the frozen bidirectional
teacher for SF-DMD. to 7 describe the example-specific data, sequence lengths, and adaptation schedules.

For one generated stream, let z stack the clean latent targets over the complete training clip, excluding supplied
target observations. The conditioning C contains language, aligned controls, and any supplied observations, all
held clean during denoising. We train the bidirectional predictor with rectified flow ( , ):

x, = (1 —7)z+ 7€, e ~N(0,1),
4)

L 2
Lyigir = Ezcer {wbidir(T) vald”(xn 7:C) — (€ — z)HJ .

The expectation jointly samples each clip and its conditions, independent Gaussian noise, and a diffusion time
7 € [0, 1] shared across the clip’s generated targets. The nonnegative effective weight wyg;(7) includes the
configured time weighting and coordinate reduction, which can depend on the clip’s layout. Full temporal
attention lets each target location read all noisy target times and the supplied clean conditions. Only generated

11
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target coordinates are noised and contribute to the loss.

3.2. Causal Training with Teacher Forcing

The number of latent time steps in each chunk defines both the prediction unit and the temporal context
available for modeling. Each example selects a nominal prediction chunk size for its causal training stages.
Chunks also contain the aligned clean controls, which are held fixed while their visual targets are denoised.
Example-specific choices for chunk size are summarized in to 7. The RGB tokenizer processes 1 + 4n
input frames and produces 1 + n latent time steps ( , ). The initial latent time step is a singleton
at startup, followed by chunks of at least 1 latent time step representing 4 new RGB frames per step. An
observed initial frame provides clean conditioning and is excluded from the generated targets. When no initial
frame is supplied, the model also generates that startup singleton.

A sampled training example specifies its target latents, supplied conditions, and chunk partition. Using the
latent-time partition B; from , let z7 flatten the generated visual coordinates at those times, excluding
controls and supplied observations. The noisy target x/ and noise €’ are the corresponding chunk restrictions of
the rectified flow variables in . Chunks without generated coordinates contribute no loss. Under teacher
forcing, the retained clean generator history #; contains reference targets, previously supplied controls, and
any initial target observations ( ). The additional conditioning C; = (7,U;) comprises the available
language and the clean controls grouped with the current visual targets. A single diffusion time 7 is sampled
per training example and shared across its noisy target chunks. Physical-time chunk indices and diffusion times
remain distinct even when several targets are evaluated together.

Causal denoising objective. Let v;F denote the velocity prediction for the noisy target chunk, conditioned on
the clean reference history #; and supplied inputs C;. The denoising loss is

Lre = Epcer y_w)'(7) [VEF (L 7 H;,C5) = (€ = 2)] ®)
J

The expectation samples each example jointly with its conditions, independent standard Gaussian target noise,
and a diffusion time from the configured training distribution. The nonnegative effective weight wJT-F(T) includes
time weighting and the configured coordinate reduction, which can depend on the example’s layout. The
losses below are written for one generated stream, with additional streams combined using their configured
reductions and weights. Clean reference history and supplied conditions, including any initial image, provide
context and are excluded from the supervised coordinates.

Clean and noisy teacher forcing masks. Teacher forcing separates clean reference inputs from noisy prediction
targets, as illustrated in (a). Clean-reference queries attend only to causally available clean inputs. Noisy
queries read clean history from strictly earlier chunks and attend jointly to controls and noisy visual tokens
within their own prediction chunk. Controls remain clean throughout denoising. The masks prevent noisy
queries from accessing the current clean visual target or future visual tokens, including indirectly through
conditioning states or cached K/V.

Replay-based teacher forcing. Replay-based teacher forcing implements this visibility pattern in two passes,
avoiding the complexity of a single attention mask that jointly handles clean and noisy tokens. The first pass
processes clean references with the selected clean-history mask and stores their layerwise K/V. The second
pass evaluates noisy targets in parallel using joint attention within each prediction chunk and cached clean
history from strictly earlier chunks. Action controls are reevaluated with their branch’s visual tokens, while the
transfer path routes the clean control K/V directly to its noisy target queries. Matching a packed forward also
requires retaining or recomputing gradients through the clean cache. illustrates the action-conditioned
layout with 1 latent time step per schematic chunk.
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Figure 5: Packed and replay-based teacher forcing. (a) The action-conditioned schematic shows 1 latent
time step per chunk, with the same clean controls in both branches. Color identifies the clean-reference or
noisy-target branch, while controls remain clean in both. The mask permits clean-to-clean attention, strictly
earlier clean history for noisy queries, and joint reads within each noisy chunk. For larger single-view chunks,
clean queries can read only their own latent interval and earlier clean intervals. (b) The replay noisy pass reads
language 7, an available prefix # sy from earlier segments, and strictly earlier clean chunks. (c) The clean
pass supplies layerwise K/V for parallel noisy-target evaluation, with shared parameters and a single optimizer
update. The dashed arrow marks the retained or recomputed gradient path through the cache.

3.3. Causal Consistency Distillation With Teacher Forcing

Stage 2 distills the causal flow model into a few-step generator to reduce denoising evaluations per chunk.
With the clean reference history and controls fixed, the student learns a consistency map ( , )
that predicts the same clean endpoint from different states along a teacher denoising trajectory:

fo(xq, 73 H;,C5) = xL — v (x5, 7 H;.C)), (6)

fg(X,O;Hj,Cj) = X. (7)

The velocity-parameterized network is retrained by the consistency objective, so fy estimates a trajectory
endpoint rather than the posterior mean implied by an optimal RF regression model. The boundary condition
holds by construction for finite network outputs.

The configured training distribution samples diffusion-time pairs (7, s) with 0 < s < 7 < 1, shared across target
chunks in an example. The initial x/ is drawn from the rectified flow corruption in , restricted to chunk
j. The frozen causal teacher 1ag numerically advances this state toward lower noise:

%xJ = ODESolve (vgig, xL, 17— 8,H,, Cj) . (8)
Here ODESolve approximates the flow of dx,, /du = v{}¥(x,, u; H;, C;) while keeping history and controls fixed.
The field viig includes the configured classifier-free guidance (CFG) ( i ). For conditional
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and reference-branch velocities vo,q and vpase, our guidance convention is ve¥S = vyase +7(Veond — Vpase )» With

~ = 1 giving the conditional field. The training configuration specifies the time-pair law, numerical integration
rule, guidance scale, and reference-branch conditioning.

The student matches endpoint predictions at the two noise levels:

Lreaom = Eacers Y wi™(T) || fo(xd, 71y, Ch) — sg[fo(R, 55H5,C))] |- ©)

J

The expectation samples training examples, target noise, and the diffusion-time pairs defined above. As in TF,
the nonnegative effective weight wdCM( ) includes the stage’s time weighting and coordinate reduction. Both
evaluations use the current student parameters, with gradients stopped through the entire target evaluation,
including its clean-history cache. The teacher and student branches share the same reference history and
controls, with targets constructed online.

TF-dCM evaluates the consistency map using the two-pass replay layout in . A clean-reference pass
constructs layerwise K/V, followed by a noisy-target pass that reads strictly earlier clean prefixes to predict the
endpoint at each noise level. Each network and teacher CFG branch constructs its own clean K/V using its own
parameters and conditioning. The student reuses its clean-reference cache for its two endpoint evaluations
within the same update. Gradients through that cache are retained or recomputed for the online prediction,
while the complete target branch is detached. The student learns the guided teacher trajectories and uses only
a conditional forward pass per denoising step at inference.

3.4. Distribution Matching Distillation with Self Forcing
Stage 2 learns few-step denoising with clean reference history, whereas autoregressive inference conditions
on previously generated chunks. Starting from the stage-2 student, stage 3 applies Self Forcing Distribution
Matching Distillation (SF-DMD) to optimize rollouts conditioned on the student’s own generated history (

s ; s ). The retained cache HKV represents the history 7{; before chunk j, including
previous control tokens and generated visual chunks. Within chunk j, K; denoising evaluations follow the
selected schedule 1 = 7; i, > ... > 7,0 = 0, alternating endpoint prediction and Gaussian re-noising:

§Z’j,n—1 = (1 Tj,n— 1)f(9( Tjn » Ti,ms Hﬁvvcj) + Tjn—1€5n, (10)

%~ N(OT). an

The transition is applied for n = Kj, ..., 1, with independent standard Gaussian draws €;,. The selected
schedule depends on the exit budget K;. The recurrence specifies forward sample values, with completed
endpoint z7 = ig corresponding to visual chunk ]7]-. Before advancing, the runtime completes the configured
clean-history refresh and retention operations from , with gradients detached. The single-view action

path refreshes latent frames in temporal order within the completed chunk.

Training differentiates only the final denoising evaluation of each chunk:
% = fo(sel®], ] miasselHV1,C; ) (12)

This expression has the same forward value as the rollout endpoint, but stops gradients through earlier denoising
evaluations and generated history ( s ).

Teacher and auxiliary score model. The frozen stage-0 teacher 4 Supplies a reference score estimate,
while a trainable auxiliary model ¢ estimates the score of the current student distribution ( s ;
, ). Both score models use bidirectional temporal attention over the rollout during training.

Let z; stack the nonempty set of generated target coordinates of rollout 7, excluding supplied observations
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and controls. Here C; denotes the full supplied conditioning sequence, initial observations, and target layout,
rather than the local chunk conditioning C;. Let &; collect the student rollout’s sampling noise and exit-policy
choices. For fixed C;, let p) be the conditional law of these outputs under draws of ¢;. For either the student
law or a fixed reference law p®, define p] as the law of (1 — 7)Z + 7€ with Z ~ p? and independent standard
Gaussian e. The ideal distribution-matching objective is the noisy reverse KL ( s ):

Lowp,raw = Ec, - [Du(pg (- | Co)|l preg(- [ Ci))] - (13)

The expectation samples conditioning examples and a configured score time with 0 < 7 < 1, with finite
expected KL assumed. The rollout law includes the selected exit and history-retention policies, which need not
coincide with those used for evaluation.

To estimate the student score, the auxiliary model is trained on re-noised, detached student outputs:
yir = (1= 7)sg[zi] + 7€, €; ~N(0,1), (14)

Lawx(6) = Ee, g,,m.e, [Are(7) mean] [V (3., 7:Ci) — (i — sgla])I*] ] (15)

The expectation samples conditioning examples, student rollouts, score times, and corruption noise. The
positive factor Agp(7) denotes the configured RF time weighting. Here and below, mean averages over all
generated coordinates of the scored stream, including its temporal extent, with absolute values and squares
applied elementwise. For 7 > 0, the squared velocity error equals squared clean-endpoint error divided by 72,
using fo(y,7) =y — 7vu(y, 7) for each score model a.

For a clean law p?, let m, ,(y;C) = E,[Z | Y, = y,C] be its posterior endpoint mean. Gaussian corruption
relates this mean to the exact score ( s ):

(1—-7)m, (y;C) —y
7—2

, 0<7T<1. (16)

Sar(y | C) = Vylogp,(y |C) =

An exact RF regression model satisfies f, = m, .. The teacher and auxiliary networks approximate these
posterior means, whereas the consistency student’s endpoint map has a different training objective.

With fixed reference, conditioning and sampling laws, exact scores, and the regularity needed to interchange
differentiation and expectation, the ideal pathwise gradient is

95\ (1 1)
((9Z9> (7'727-)(1“9,7(}’1',7;61‘)_mref,'r(Yi,TQCi» : a7

VGLDMD,raw = Eci,gi,T,Ei [(
The expectation uses the same draws as the auxiliary loss. The derivative follows the full rollout with sampled
noise and exit choices held fixed, before the truncation in . One factor of 1 — 7 comes from the RF
corruption Jacobian and the other from the score-to-endpoint conversion.

The practical update replaces exact posterior means by score-model predictions and uses adaptive normaliza-
tion ( , ; , ):

pi,r = mean(|sg(zi] — fyyg, (Vi 73 Gl

_ fd)(yi,TaT;Ci) - fwbidir(yi,ryT;Ci)’ §>0. (18)
Pi,r + 1)

i,

The positive stabilizer § keeps the direction defined when the teacher residual vanishes. The generator fits a
detached endpoint offset:

1 . ~
LDMD(e) = Eci,ﬁi,‘ﬂéz‘ % ”zl - Sg[zi - gi,‘r]”g . (19
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The expectation uses the same conditioning, rollout, time, and noise sampling as the auxiliary loss. Here a; > 0
specifies the loss reduction separately from the adaptive normalizer p; .. Auxiliary updates optimize L,ux over
¢ using detached student outputs. Generator updates optimize Lpyp over 6 through , with both score
models and the complete pseudo-target held fixed.

The single-view RGB path uses the number of channel/spatial coordinates in one latent frame for a;, giving a
sum of per-frame means over the rollout. Holding the entire pseudo-target fixed gives derivative g; . /a; with
respect to the generated endpoint. Adaptive normalization replaces the ideal diffusion-time factor, and final-call
differentiation replaces the full rollout Jacobian by its truncated counterpart. Together with approximate score
models, these choices define a practical surrogate motivated by reverse-KL matching, rather than an exact
gradient of Lpyp raw- Teacher CFG, when used, also replaces the reference prediction by a guided prediction,
which need not correspond to the Gaussian corruption of one fixed clean reference law. Teacher guidance and
the alternating update schedule are specified for each example in to

Replayed backpropagation. Even with gradient truncation, differentiating the full rollout together retains
final-step activations for every chunk. Replayed backpropagation reduces this peak activation memory. A rollout
generated without gradients stores each chunk’s final noisy input, diffusion time, detached cached prefix,
and detached DMD target. We then recompute and backpropagate the final prediction one chunk at a time,
accumulating gradients before a single optimizer update. With model parameters, saved inputs, pseudo-targets,
conditioning, and stochastic choices fixed, replay preserves the selected truncated gradient estimator at the
cost of recomputation. Each chunk retains the same rollout-level loss reduction, so gradient accumulation
differentiates the same sum of losses. This equivalence does not restore gradients through earlier denoising
evaluations or generated history.

Exit policy. The exit policy selects the number of student denoising evaluations for each chunk. The max rule
uses the configured per-chunk maximum, matching inference with the same sampling budget. Under final-step
gradient truncation, this concentrates direct supervision at the schedule’s last, lowest-noise input. The cycle
rule cycles through the available counts across updates, subject to each chunk’s maximum. Changing the exit
depth allows different denoising evaluations to receive direct DMD supervision. Cycling reduces the average
rollout computation and broadens gradient coverage, but spreads updates across exit depths. For fixed 6, p{
under a cycle denotes the mixture of rollout laws induced by the cycle’s frequencies, which the auxiliary model
is trained to estimate. That mixture generally differs from the fixed-budget law used by max, even when their
history policies agree.

4. Streaming Inference

Few-step distillation reduces the number of generator evaluations per chunk, but each prediction still requires
condition preparation, history access and updates, and decoding. Streaming inference seeks to optimize
per-chunk work by reusing valid state from earlier computations. We describe the generation loop and its
memory requirements, the runtime methods that this state enables, and the timing boundaries used to evaluate
performance. The examples in to 7 apply these methods to their conditioning interfaces.

4.1. Streaming State and Memory

Streaming inference organizes execution into discrete chunks, each dictated by the temporal-causal attention
described in . The initialization step establishes any available clean history from provided target
observations. As the model progresses from one chunk to the next, it continually reuses language representations,
clean generator keys and values (K/V), and the causal decoder state between predictions.

Next-chunk prediction. Autoregressive inference samples one chunk at a time, using generated observations
in the history rather than the clean reference targets used by TF training ( ). For chunk j, the supplied
conditions ¢; encode the available actions, source video, or spatial controls. The sampler processes GT = [U;, V7],
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jointly denoising its visual targets with language and retained clean history as context. During sampling, the
conditions are fixed and history remains unchanged across the denoising steps. New conditions can influence
the following unsampled chunk. Sampling requires all controls for the current chunk to be available. Larger
chunks can amortize execution overhead, but also extend the physical interval covered before the next condition
update is accepted. Once sampling is complete, the resulting latents ]7]- feed into two branches: the K/V cache
update prepares for the next prediction, and causal decoding reconstructs observations ( ). Decoder state
maintains temporal information across chunks. Both branches can execute concurrently on separate GPUs.

Append clean K/V to history. History 7{; tracks clean conditions and completed observations. After denoising,
the runtime refreshes clean K/V from the completed chunk, including its controls and generated latents:

AHKY = RefreshKV,(G;; HYY, THY), (20)
The generator appends the resulting layerwise K/V and applies the configured history-retention rule:
HiY, = Retain; 1 (K @ AHYY). (21)

Here, éj = [U;, 9]] is the completed clean chunk, and A#}" contains its new clean K/V. The operator
RefreshKVy denotes the complete history-refresh procedure for the chunk and can contain several internal
forward passes. The cache 7}KV represents the available language 7. The operation @ appends entries with their
associated token roles and timestamps. The operator Retain;; selects the entries kept for the next prediction,
and is the identity when full history is retained. The resulting #%Y

11 represents the retained history #;, for
the subsequent prediction.

Chunk progression waits until the history refresh is complete. The runtime processes the completed latent
frames in temporal order, each with its aligned clean actions and allowed earlier history. Therefore, later
clean frames in the chunk can read refreshed earlier frames, matching the frame-causal clean branch of TF
( ). Joint denoising within the prediction chunk and ordered clean-history construction serve different
roles. Multi-view backends can instead construct clean K/V with their configured chunk-causal mask.

For K; denoising evaluations and R; clean-history evaluations, the continuing chunk costs K; + R; generator
evaluations. The reference single-view path can refresh all N; latent frames separately. A backend that batches
the required refresh into one forward pass has R; = 1.

Lifetime of context in the K/V caches. State in this loop persists for different durations depending on its type.
Language representations can be reused as long as their inputs and attention dependencies remain unchanged.
Generator history is stable within each target block and only updates when new entries are committed, enabling
all denoising steps for a block to share the same clean K/V ( , ). Supplied conditions retain their
representations if they are independent of noisy targets. During denoising, the read path leverages attention
buffers until history updates, avoiding extra concatenation, allocation, or padding in each iteration.

Bounded history with initial sinks. Reusing history avoids redundant computation, but retaining all past
observations would still increase storage and attention cost as the rollout grows. To bound history, the
cache maintains a fixed initial sink region together with a rolling window of recent clean entries, as in
StreamingL.LM ( , ). Sink entries keep initial visual context, while the rolling window retains
recent motion. When new history is committed, the cache replaces older non-sink entries. Storage locations
keep logical timestamps and token roles, so eviction does not renumber observations. Valid-length or role
metadata can exclude unused capacity from attention. After the rolling window fills, both the stored K/V
and active attention context stay bounded. This limits access to older observations but ensures a fixed history
capacity for the runtime methods described below.

History retention is a separate choice from whether history is recorded or generated. A model may retain the
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Figure 6: State and dependencies in one streaming generation step. Initial context supplies language and
any available observed history, while streaming inputs provide the current conditions ¢{;. Denoising reads
these inputs without modifying retained K/V. Completed latents feed the cache update and stateful decoding,
which can overlap on separate GPUs. The generator refreshes clean K/V for the completed chunk and appends
the retained entries before the next prediction ( and ). For single-view action conditioning, this
refresh processes latent frames in temporal order within the chunk.

full history during causal training, but employ a fixed-size window with an attention sink during evaluation
( and ). SF-DMD exposes the student to its own generated observations, but this alone does not
remove a difference between training and evaluation retention policies. The selected history policy therefore
remains part of the evaluated operating point.

4.2. Runtime Optimization

We optimize autoregressive inference by reducing the cost of each generator call and scheduling work across
the available GPUs. The objective is to minimize control-to-observation latency while sustaining the required
throughput. Communication, synchronization, and duplicated work can offset the savings from parallelism.

Optimization metrics and execution cost. Let ¢;, be the time the runtime receives an input control assigned
to a future chunk, and ¢, the time its first affected generated observation is ready after decoding. The
control-to-observation latency is defined as

Tcontrol—mbs = tobs — tin, (22)

This interval includes waiting for the rest of the chunk’s required controls, condition preparation, generation,
decoding, and any synchronization or bookkeeping that delays the corresponding output. Conditions remain
fixed during denoising, so a newly received control can affect only a subsequent unsampled chunk ( ).
Let teontrols,; De the time all required inputs for chunk j are available and tpigory,; the time its clean-history
cache is ready. The start of denoising satisfies

tstart,j = maX(tcontrols,ja thistory,j) . (23)

Collecting inputs over a longer chunk interval can therefore increase response latency even when the model
sustains the required output throughput. Controls supplied as a complete plan or prerecorded stream need
not incur this input-collection delay. The timing boundary here is decoded-output readiness, with display or
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transport delay counted separately when relevant to deployment.
Let F' count output timestamps produced in elapsed generation time 7', with physical duration D. We use

F T
— TF = —. 2
7 R 24

FPSsync = D

The measurement states the execution boundary for 7'. At a fixed rate r, a sequence including its initial
frame spans D = (F' — 1)/r, while F' new steady-state outputs span D = F'/r. Real-time throughput requires
RTF < 1 for the specified workload and timing boundary. Throughput measures generation capacity, while
control-to-observation latency measures responsiveness.

To identify optimization targets, the sequential per-chunk execution budget is

Tehunk = Tondition + Tdenoise + Tcache + Tdecode + Tbookkeepinga (25)

where T¢,che is the duration of the clean K/V update required before the next prediction. With overlap, measured
wall time follows the schedule’s dependency critical path, including transfer and synchronization costs. The
methods below reduce repeated execution overhead, distribute transformer work, and overlap independent
reconstruction and history updates.

Minimizing compilation and launch overhead. Every denoising pass reuses the same transformer layers.

Reusing the compilation artifacts and reducing the launch overhead improves total efficiency. Once the rolling

attention window reaches its configured capacity, the generation component operates with a fixed history

context size even as new entries are committed ( ). Padding the language tokens to a fixed capacity

further stabilizes the cache shapes, while valid-length metadata avoids attending to unused rows. Fixed shapes,

preallocated metadata, and persistent storage allow static transformer compilation ( ,
) and CUDA-graph replay ( , ).

Maskless attention implementation. Each generator call involves attention over the language, cached history,
and the current chunk, following the temporal-causal structure in . Constructing large pairwise masks
adds computation overhead. Maskless attention partitions the allowed attention targets into groups and
computes each group separately, reducing the computational overhead. Furthermore, log-sum-exp statistics
merge these outputs to ensure that every valid key is counted just once ( , ).

Context parallelism. Dividing the transformer computation across multiple GPUs allows for parallel workloads
but introduces communication at each attention stage. The design is based on the Ulysses-style context-parallel
approach from Cosmos 3 ( , ; , ). Tokens are distributed across the GPUs. During
each attention layer, the first all-to-all exchange groups tokens by attention head for local computation. The
second exchange restores the original token order.

The system can also use replicated input and output to change the communication pattern. Each GPU keeps a
full copy of the current chunk’s hidden state while only splitting the cached K/V among attention heads. Every
GPU computes local projections and then combines results using all-reduce. This replaces the corresponding
all-to-all exchanges with an all-reduce while repeating projection and feed-forward computation. The resulting
communication volume and runtime depend on the tensor layout, collective implementation, and GPU count.
Replicated computation trades against communication, so this layout does not guarantee lower latency than
the original layout.

Distribute camera work. Multi-view execution additionally distributes camera loading, eligible encoding,
decoding, and saving across the inference replica. Decoded outputs are collected for continuation, which retains
communication and host-storage costs. This reduces redundant media processing around the transformer
without changing the model’s attention visibility. As camera count grows, distributing sensor processing
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becomes useful when loading, encoding, or decoding limits throughput. Joint RGB and LiDAR generation uses
modality-specific reconstruction and returns temporally aligned sensor observations.

Compiled encoding and decoding. Compilation also applies to repeated condition-encoding and observation-
decoding operations. Stable input shapes allow these operations to reuse compiled execution while preserving
any temporal state carried between chunks. These operations have compilation requirements independent of
whether the generator history window is full.

Decoder performance-quality tradeoff. The pipeline supports compiled Wan 2.2 VAE ( , )
and TAEHV Super ( , ) as selectable RGB decoders. TAEHV Super uses a lighter reconstruction
network while retaining the Wan encoder and generator latent representation. Users can select either decoder
according to their application’s reconstruction quality and performance requirements.

Asynchronous decoding. Once a chunk’s denoising is complete, the latents are sent to a decoder that runs
on a separate GPU. The decoder transforms these latents into RGB observations, producing the outputs seen
by downstream tasks or users. At the same time, the generator remains active on its original GPU, using the
just-completed latents and conditions to compute and append clean K/V to history. Performing decoding and
history updates in parallel allows the system to overlap the two computation branches. The overlap can shorten
the critical path relative to sequential execution when its savings exceed the added transfer and synchronization
costs. The next prediction waits for its clean-history update, while downstream consumers wait for the required
decoded observations. Measured throughput and control-to-observation latency must account for these distinct
dependencies under the selected schedule.

5. Post-training Example: Cosmos3-Nano-Sim-Bimanual

We demonstrate three models that use the shared causal and distillation recipe, each initialized from Cosmos3-
Nano ( , ). Cosmos3-Nano-Sim-Bimanual predicts visual dynamics for camera navigation and
manipulation action streams. Cosmos3-Nano-Sim-Transfer generates single-view observations from spatial
control streams. Cosmos3-Nano-Sim-Auto extends video transfer to multiple views with synchronized cameras
and LiDAR streams for AV simulation. All three examples use the same training recipe described in with
different interfaces, supervision, and temporal layouts. For each example model, we explain the architectural
choices, data preparation, post-training steps, inference optimization, and results.

Cosmos3-Nano-Sim-Bimanual uses a shared action interface to predict observations for camera navigation
and robot manipulation. Camera motion changes which parts of a scene are visible, while manipulation also
changes the configuration of the robot and nearby objects. Both require a generator that follows supplied
actions while preserving a coherent scene as its own predictions become history. We specialize Cosmos3-Nano
with a common action representation and a mixture of camera, robot, and human videos, then apply the
shared causal and distillation curriculum. We evaluate the 4-step student’s visual quality, action-conditioned
observation agreement, and streaming cost across these domains.

5.1. Architecture

Cosmos3-Nano-Sim-Bimanual predicts RGB observations from an initial image, language description, and a
sequence of time-indexed actions. A single generator covers camera navigation and robot manipulation through
the shared action space inherited from Cosmos 3 ( , ). Domain-specific preprocessing and learned
projections accommodate differences in coordinates and effectors, while the visual generator models their
consequences. The generator predicts each observation using the projected command and shared scene history.

Action representation. A single 59-dimensional action vector unifies all control commands. This vector
includes a 9D ego pose, a 24D right wrist and fingertip encoding along with right gripper width, and a 24D left
wrist and fingertip encoding along with left gripper width. Each pose representation consists of 3 translation
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One pose anchor spans 16 RGB frames
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Figure 7: Cosmos3-Nano-Sim-Bimanual temporal alignment. The leftmost clean latent encodes the initial
RGB frame, before any physical action. After startup, 4 per-frame actions align with each latent visual interval,
and 2 latent frames form an 8-RGB-frame prediction chunk. The 16-RGB-frame pose-anchor interval spans the
4 subsequent latent frames and excludes the initial observation.

values and a 6D rotation code ( s ). Each 24D hand structure combines a 9D wrist pose with
positions of 5 fingertips, each specified by a 3D coordinate relative to the wrist.

The action pipeline first maps each source’s native fields into this 59D layout, converting coordinates, units, and
gripper conventions as required. A validity mask records which fields are observed, so missing measurements
can be identified during preprocessing rather than interpreted as physical commands. The domain-specific
normalization applies an inverse hyperbolic sine transform before a learned projection maps the vector into the
model’s feature space. The embedded action at time ¢ is

h{® = Proj,, (m; © Normyg, (a;)) , e

where a, is the unified action vector, d; specifies its domain, m; is the validity mask, and Norm,, encodes
coordinate conversion and normalization. The domain selects the appropriate projection after the common
layout has been constructed.

Temporal alignment. Pose actions use anchors that update every 16 RGB frames. For an observed pose T,
in anchor interval j, the action encodes T;&.)Tt, where b(j) is the observation immediately preceding that
interval. The corresponding global and frame-relative alternatives encode T, 'T; and T, ', T;, respectively.
The interval anchor expresses motion in a common local frame without allowing its displacement to grow
over the entire trajectory. Its 16-frame span defines the pose reference and is independent of the generator’s

prediction chunk size. An anchor ablation is needed to measure its effect on control.

Groups of 4 consecutive per-frame actions are paired with each latent visual interval ( ). The causal model
predicts chunks of 2 latent frames, corresponding to 8 new RGB frames after startup. Thus an anchor interval
spans 4 latent intervals, or 2 prediction chunks, rather than a single model step. Actions remain supplied
conditions, and the prediction loss applies only to RGB targets. The initial observation precedes physical motion
and is paired with null actions. This startup condition is semantically different from a later valid zero-motion
command, which asks the model to preserve the commanded pose.

Mixed-action sequences. The interface also permits contiguous navigation and manipulation spans in one
action sequence. Each transition retains its domain tag and validity mask, and the corresponding preprocessing
and projection map it into the shared generator’s input space. When the domain changes, generation continues
from the retained visual history without loading another model or restarting the rollout. This implements a
persistent session across control modes.

21



Interactive World Simulation with Cosmos for Physical Al

Table 1: Cosmos3-Nano-Sim-Bimanual data sources and conditioning roles. All records pair RGB observa-
tions with aligned actions and language. The inventory describes source roles rather than accepted training
quantities or measured contributions to performance.

Source Action information Language condition
Camera videos, mostly drone Camera poses, supplied or estimated Environment description independent of
and egocentric camera motion
AgiBot ( , ) and Embodiment-specific robot fields Rewritten initial-state description
YAM ( s )
Mecka ( , ) Human wrist/fingertip and available ego  Rewritten initial-state description
fields
Behavior-1K ( , ) Simulated embodiment actions Supplied task description

5.2. Data Preparation

Sources and sampling. Training combines camera trajectories, recorded robot demonstrations, and human
egocentric interactions ( ). Camera videos expose the generator to scene changes caused by viewpoint
motion, while robot and human videos show effectors interacting with objects. Egocentric human interaction
data broadens the interaction coverage and contributes to robot generalization. We match RGB observations,
actions, and captions by their source video and physical interval. Each training window aligns the observed
motion with the commands supplied for prediction.

Filtering and alignment. For in-the-wild videos without raw pose labels, we use ViPE ( , )
to estimate camera trajectories. We filter out trajectories with low confidence or high jitter by checking pose
continuity and smoothness with an empirical threshold. For robot and human egocentric sequences, we extract
long continuous episodes and normalize embodiment-specific fields. This normalization covers coordinates,
moving-base states, and gripper conventions, transforming them into standard actions and validity masks.
Unavailable fields are masked or excluded from the corresponding task. These checks address whether the
action describes the observed transition, which visual plausibility alone cannot establish.

Captioning. Language describes the scene in which an action takes place, while the action stream specifies
the controlled motion. Captions should supply appearance, spatial relationships, and relevant context without
giving a second, potentially conflicting account of the commanded trajectory. A teacher model first generates a
structured scene breakdown and a detailed general caption, then rewrites the caption for the control domain.
The prompts prioritize accuracy and coverage of visible content, instructing the model to generalize or omit
uncertain details. The scene breakdowns and rewritten captions supervise separate in-house captioners for
camera navigation, robotics, and human egocentric video. These captioners annotate the corresponding
collections at scale.

For camera navigation, the caption describes the environment independently of the camera trajectory. It may
describe scene content outside the initial view, but excludes camera motion and apparent scene motion caused
by viewpoint changes. Object appearance, spatial relationships, and independently moving subjects remain
useful conditions. This provides a description of the scene without duplicating the camera trajectory supplied
through the action stream.

For robot and human egocentric training clips, captions must avoid revealing the consequences of future actions.
Removing a sentence about the agent’s motion is insufficient if the remaining description gives an object’s
eventual location or state. We therefore rewrite the first temporal segment as an initial-state description,
retaining the setting, appearance, configuration, and existing contacts while removing controlled actions and
their outcomes. An object already held at the start may be described, while its later displacement or placement
is excluded. The rewrite receives neither later segments nor the video and must not infer an initial state from a
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Source caption (excerpt)

“...a white pair with rounded fronts, white soles, tan interiors,
and busy multicolored floral or illustrated uppers sits near the
right cabinet wall. ...”

“The right gripper moves inward from frame-right, closes on
the patterned pair near their upper openings, lifts both
together from the tile, ...”

Final caption (excerpt)

“...a white pair with rounded fronts, white soles, tan interiors,
and busy multicolored floral or illustrated uppers sits near the

Initial frame (¢ = 0) right cabinet wall. ...”

Figure 8: Initial-state caption rewriting on an AgiBot-GEAR example. The initial frame shows the patterned
slippers on the floor beside the right cabinet wall. The excerpts compare the first caption segment with its
final rewrite. Pink shading marks the removed grasp and lift, while the initial location is retained. Ellipses
omit other caption text. The image is shown for comparison only: the rewriter receives the first-segment text,
without the video or later segments.

removed outcome. Because the source description was generated from video, this procedure does not by itself
establish that every retained fact is visible in the initial frame. Fig. 8 illustrates this rewrite on an AgiBot-GEAR
benchmark example: it retains the slippers’ initial location but removes their subsequent grasp and lift.

The generator receives the final caption without the intermediate structured scene breakdown. All four stages
use the same final captions for camera, robot, and human videos, preserving the language condition through
causal conversion and distillation. Robot benchmark captions use the training initial-state rewrite (Sec. 5.5).
Behavior-1K uses separately supplied task descriptions, which are available before rollout and express the
intended activity without summarizing future observations. We retain this source-native condition because the
caption rewrite is calibrated for recorded robot and human egocentric video.

5.3. Post-training

Training setup. All four stages sample camera, robot, and human interaction data at a 2 : 2 : 1 ratio. Source-
specific microbatches preserve the appropriate action preprocessing, and gradient accumulation combines their
gradients into an update of the shared generator. The first three stages sample 256p and 480p clipsata 2: 1
ratio, whereas SE-DMD uses only 480p clips. Cosmos3-Nano-Sim-Bimanual training clips contain at most 901
RGB frames. These settings expose the same model to both viewpoint motion and object interaction throughout
the curriculum, while the final stage concentrates on the higher resolution tier.

The causal stages predict 2 latent frames per chunk and retain the full available sequence history without
attention sinks. This chunk size matches the final student’s prediction unit, but training history is longer than
the bounded K/V window used in the reported streaming benchmarks. Consequently, the curriculum and final
inference configuration differ in both the source of visual history and how much of that history remains visible.
Tab. 2 summarizes the selected stage checkpoints.

Training curriculum. Stage O initializes the bidirectional teacher from the public Cosmos3-Nano model and
adapts it to the action-conditioned data before imposing causal attention (Sec. 3.1). The action projection and
action-modality embedding use 5x the base learning rate, allowing these action-specific parameters to adapt
at a different rate from the inherited generator. The teacher provides the domain-adapted starting point for
causal conversion. Its selected checkpoint is iteration 35,000.

Stage 1 applies causal teacher forcing with the shared replay procedure (Sec. 3.2 and Eq. (5)). Each prediction
uses the supplied actions and earlier recorded RGB history, and the rectified flow loss supervises RGB targets
rather than actions. This establishes the causal prediction problem while keeping the visual context clean. It
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Table 2: Cosmos3-Nano-Sim-Bimanual post-training settings. Iterations identify selected stage checkpoints
rather than a shared cumulative counter. RGB frame limits include the initial frame. The first three stages mix
256p/480p at 2 : 1, and SF-DMD uses 480p only. SF-DMD learning rates are student / auxiliary score model.
Teacher CFG lists the distillation guidance scale, with scale 1 denoting no CFG.

Stage Checkpoint iteration RGB frame limit = Learning rate Resolution  Teacher CFG
Teacher 35,000 901 1075 256p / 480p —

TF 8,000 901 107° 256p / 480p —
TF-dCM 4,000 901 2x 107 256p / 480p

SF-DMD 1,380 901 107 /2x 1077 480p 1

does not yet expose the model to errors in its own preceding observations, so good predictions from recorded
history need not imply equally stable autoregressive rollouts.

Stage 2 uses TF-dCM to distill the causal model to 4 denoising steps while retaining recorded history (

and ). The teacher uses classifier-free guidance (CFG) with scale 3. This stage reduces the denoising
work within each chunk without changing the source of its preceding RGB context. It therefore addresses
sampling cost separately from the mismatch between recorded training history and generated inference history.

Stage 3 applies SF-DMD so that the 4-step student learns while continuing from its own generated chunks
( ). Completed predictions become the visual history for subsequent chunks, exposing training to the
consequences of earlier prediction errors. We alternate 1 student update with 5 auxiliary score-model updates,
using a teacher with CFG disabled and only 480p training clips. Thus Stage 3 changes both the training history
and the optimization/data settings, which limits attributing its measured gains to a single factor.

5.4. Inference Optimization

Execution configuration. Cosmos3-Nano-Sim-Bimanual combines compiled denoising, CUDA-graph replay,
attention bounded by a fixed K/V history window, and TAEHV Super decoding using the mechanisms in

The measured configuration runs on 1 GB300 GPU with 4 denoising steps, a history window of 64 latent
frames, and chunks of 2 latent frames decoded into 8 RGB frames at 640 x 352 resolution. Bounding the
visible history controls the attention workload as the session grows, while the lightweight decoder reduces the
cost of turning completed latents into observations. These choices complement few-step sampling because
clean-history refresh and decoding remain necessary for continued generation.

Measured performance. compares two decoders while holding the recorded-action workload and
compiled execution preset fixed. TAEHV Super achieves 48.1 FPS with median and 95th-percentile chunk
times of 166 and 169 ms, compared with 35.0 FPS and 229/231 ms for Wan 2.2. The median reduction is 63
ms, or 27.5%, and the measured capacity increases by approximately 1.37x. At a 30-FPS playback rate, an
8-frame chunk represents 267 ms of physical time, so both rows have steady generation capacity above the
playback rate on this workload. These measurements include the recorded generation call through decoded
output and exclude the first 10 warm-up chunks of each run.

The separate instrumented run in attributes approximately 89 ms to denoising and 69 ms to clean-history
K/V updates, compared with 4.4 ms for TAEHV Super decoding. The substantial history-update cost explains
why reducing the number of denoising evaluations alone cannot determine the end-to-end speedup. This
profile has a 167-ms median chunk time and is separate from the pooled 166-ms result. Component medians
summarize timing attribution without establishing an execution timeline or quantifying overlap.

The decoder comparison shows faster reconstruction, but its quality cost is unmeasured on the same final-
checkpoint workload. A separate 80-sample Camera Easy test reports a PAI-Bench-G score of 71.8 with Wan
and 70.9 with TAEHV Super. The separate quality and runtime workloads do not establish a matched operating
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Table 3: Cosmos3-Nano-Sim-Bimanual decoder runtime on 1 GB300. Chunks are 8 decoded frames at 30
FPS (267 ms of physical time) from 2 latent frames with 4 denoising steps and a K/V window of 64 latent
frames. Chunk wall time covers the recorded generation call, and capacity is 8 frames divided by that time. All
rows use the same recorded-action workload. Counts pool steady-state chunks after 10 warm-up chunks across
the listed runs. Nsight runs are excluded.

Configuration Chunk wall time (ms) Capacity Chunks Runs
p50 p95 (FPS)

Compiled preset, TAEHV Super 166 169 48.1 720

Compiled preset, Wan 2.2 decoder 229 231 35.0 240 1

Cosmos3-Nano-Sim-Bimanual, one GB300

compiled + CUDA graphs | | [ ]]167
0 20 40 60 80 100 120 140 160
Per-chunk time (ms), p50 over steady-state chunks
[] Denoise [] K/V cache update [] Decode [] Other

Figure 9: Cosmos3-Nano-Sim-Bimanual compiled inference on 1 GB300. The bar shows denoising, clean-
history K/V updates, decoding, and residual time for the compiled configuration with CUDA graphs and TAEHV
Super on the recorded-action workload. Stage medians come from 1 instrumented run with a median chunk
time of 167 ms, separate from the pooled 166 ms result in Tab. 3. Host timers surround device synchronizations.
The stacked components summarize timing attribution rather than an execution timeline.

: Folloy;/ behind g

Figure 10: Cosmos3-Nano-Sim-Bimanual camera navigation from a shared initial image. The first column
shows the shared initial image. Each row then shows frames at 2.5, 5, 7.5, and 10 s from one rollout conditioned
on a different camera trajectory (follow behind, crane up follow, truck left, and truck right). Insets show the
supplied camera trajectory and the camera pose at the displayed frame.

point for the final student. Likewise, sustained throughput does not determine the delay from a newly supplied
action to its first affected displayed observation. Action collection, chunk scheduling, startup, and display add
delays outside steady generation.
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5.5. Results

Evaluation setup. We evaluate the final SF-DMD student on camera navigation and robot manipulation using
an initial image, a scene caption, and supplied actions. The student uses 4 denoising steps and a 64-latent-frame
K/V window with 8 latent frames retained as sinks. The benchmarks replay recorded or synthesized actions
and assess the generated observations as predicted history accumulates. They therefore test action-conditioned
video prediction without a policy choosing subsequent actions from the generated observations. Baselines
retain their native inference settings, so the comparisons characterize complete configured generators rather
than isolate the effect of the shared recipe.

Camera navigation benchmarks. The navigation suite contains 300 PAI-Bench-G ( , ) image-
to-video cases with synthesized camera trajectories, together with 80 simple and 80 hard Sana-WM-Bench (

, ) cases. The supplied PAI-Bench-G trajectories span 1 minute. The Sana-WM-Bench rollouts contain
961 frames at 16 FPS and span 60 seconds. Each case supplies an initial image, a scene caption independent
of camera motion, and the requested trajectory. We compare with LingBot-World 2.0 ( , ) and
Sana-WM ( , ), which use dedicated camera-conditioning pathways. The shared interface is
tested on sustained viewpoint control across all three navigation populations.

Video quality and camera metrics. Both benchmark tracks use PAI-Bench-G to assess video quality and its
change over a rollout. The quality column reports the designated PAI-Bench-G quality score. Quality drift is
the absolute start/end difference

AM(V) = |M(Vstart) - M(%nd” ) 27)

where M is the PAI-Bench-G overall score on equal-duration segments. Together, these measurements describe
quality level and quality drift within the same benchmark framework. Low drift alone is insufficient: a uniformly
poor sequence can also change little between its first and last segments.

Camera alignment compares ViPE-estimated poses ( , ) from generated videos with supplied
trajectories after Umeyama alignment ( , ). Absolute translation error (ATE) measures agreement
along the aligned trajectory. Relative translation error (RTE) and relative rotation error (RRE) measure
agreement between pose pairs. These measurements complement appearance scores by checking whether
viewpoint motion follows the supplied control.

Camera navigation results. The student’s quality scores exceed the strongest listed baseline by 8.55 points
on PAI-Bench-G, 11.23 on Sana-WM-Bench simple, and 10.83 on Sana-WM-Bench hard ( ). On both
Sana-WM-Bench sets, these gains coincide with lower quality drift and closer trajectory agreement, with
an RTE tie on the hard set. Thus the quality advantage on these cases is accompanied by stronger camera
following rather than obtained by ignoring the requested viewpoint motion. The same checkpoint supports
these camera-conditioned rollouts alongside the robot results below.

PAI-Bench-G exposes a more qualified tradeoff. The student has lower RTE and RRE than the listed baselines,
but its ATE is 4.7072 compared with LingBot-World 2.0’s 4.1698, and its quality drift is 0.0210 compared with
0.0209. Better appearance and local motion agreement therefore do not imply the smallest global trajectory
error or endpoint quality change. The aggregate scores do not identify whether this difference arises from
generated geometry, trajectory following, or pose estimation.

Robot manipulation benchmarks. The robot benchmarks use validation videos from AgiBot-World and AgiBot-
GEAR ( s ). AgiBot-World contributes 232 windows from 186 source episodes, and AgiBot-GEAR
contributes 100 windows from 30 episodes. Each window contains 901 observations at 30 FPS, spanning
30 seconds of transitions under supplied robot actions. The initial image, caption, and actions define the
observation-prediction problem. The DreamDojo ( , ) 2B and 14B bidirectional teachers provide
external comparisons with different backbones, training data, action adapters, and inference settings.
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Table 4: Camera navigation benchmark results. The benchmark contains 300 PAI-Bench-G (
) image-to-video cases and 80 cases each from the simple and hard Sana-WM-Bench sets (
). The reported Cosmos3-Nano-Sim-Bimanual checkpoint is the final SF-DMD student, evaluated w1th
4 denoising steps and a K/V window of 64 latent frames with sink 8. The Video quality columns report the
PAI-Bench-G quality score and start/end quality drift. Camera alignment compares ViPE-estimated poses with
supplied trajectories after Umeyama alignment. Bold and underlined values mark the best and second-best
distinct values within each benchmark group, with ties sharing the same emphasis.

>

Model Video quality Camera alignment

Quality 1 Drift | ATE | RTE | RRE |
PAI-Bench-G 12V
Cosmos3-Nano-Sim-Bimanual 73.9099 0.0210 4.7072 0.0545 0.1002
LingBot-World 2.0 ( s ) 65.3577 0.0209 4.1698 0.0596 0.1781
Sana-WM ( s ) 65.2090 0.0299 6.4823 0.1284 0.1601
Sana-WM-Bench simple
Cosmos3-Nano-Sim-Bimanual 77.2887 0.0118 1.0040 0.0124 0.0551
LingBot-World 2.0 ( s ) 65.9748 0.0371 1.4254 0.0185 0.2591
Sana-WM ( s ) 66.0599 0.0223 1.2159 0.0192 0.2356
Sana-WM-Bench hard
Cosmos3-Nano-Sim-Bimanual 76.3971 0.0161 1.3085 0.0161 0.1774
LingBot-World 2.0 ( R ) 64.5462 0.0372 1.3423 0.0161 0.3264
Sana-WM ( s ) 65.5699 0.0251 1.3165 0.0178 0.1826

Table 5: Robot manipulation benchmark results. The benchmark contains 232 AgiBot-World ( , )
windows from 186 source episodes and 100 AgiBot-GEAR windows from 30 source episodes. The reported
Cosmos3-Nano-Sim-Bimanual checkpoint is the final SE-DMD student, evaluated with 4 denoising steps and a
K/V window of 64 latent frames with sink 8. The Video quality group reports the PAI-Bench-G quality score
and its start/end quality-drift diagnostic. PSNR, SSIM, and LPIPS measure reference-frame agreement under
supplied actions. Bold marks the best and underlining the second-best value within each benchmark group.

Model Video quality Reference-frame agreement
Quality 1 Drift | PSNR (dB) SSIM 1 LPIPS |

AgiBot-World

Cosmos3-Nano-Sim-Bimanual 76.0884 0.0118 14.4138 0.6839 0.3454

DreamDojo 2B ( , ) 74.5327 0.0149 12.1016 0.6405 0.3766

DreamDojo 14B ( ) ) 74.9390 0.0133 12.3561 0.6635 0.3586

AgiBot-GEAR

Cosmos3-Nano-Sim-Bimanual 74.4912 0.0188 14.0158 0.6172 0.4057

DreamDojo 2B ( , ) 72.4586 0.0232 11.5709 0.5437 0.4638

DreamDojo 14B ( , ) 73.0033 0.0218 12.1113 0.5818 0.4326

Robot manipulation metrics. Video quality and drift use the same PAI-Bench-G definitions as the navigation
track. Reference-frame agreement measures whether the generated observations match recorded observations
under the supplied actions. Peak signal-to-noise ratio (PSNR, dB) measures pixel agreement, structural similarity
(SSIM) measures structural image agreement ( , ), and learned perceptual image patch similarity
(LPIPS) measures perceptual feature distance ( , ). These image metrics are proxies for action
following and do not independently verify contact mechanics or successful task completion.
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Ground truth

Figure 11: Robot manipulation comparison. Rows show the reference video, DreamDojo 2B, DreamDojo 14B,
and Cosmos3-Nano-Sim-Bimanual from the same initial image and robot actions. Columns show frames at 0,
10, 20, 25.9, and 28, progressing from the initial view through base motion, tissue grasp, motion over the bin,
and the final sampled view.

Conditioning trajectory
& - —— =

LingBot-World 2.0

Figure 12: Camera navigation comparison. The top row shows the supplied camera trajectory and the current
camera pose. The remaining rows show LingBot-World 2.0, Sana-WM, and Cosmos3-Nano-Sim-Bimanual from
the same initial image and trajectory. Columns show positions at 0.125, 10, 20, 40, and 59 s along the looping
trajectory, including a later revisit to the building and car.

Robot manipulation results. The student improves all five reported metrics on both AgiBot benchmarks
relative to the listed DreamDojo teachers (Tab. 5). Against DreamDojo 14B, PSNR increases by 2.06 dB on
World and 1.90 dB on GEAR, while LPIPS decreases by approximately 3.7% and 6.2%, respectively. The
agreement across quality, pixel, structural, and perceptual metrics supports more faithful observation prediction
under the supplied actions, rather than an appearance gain alone. The lower quality drift also indicates a
smaller difference between the beginning and end of these rollouts, although it does not locate transient
failures within the sequence.
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Table 6: Cosmos3-Nano-Sim-Bimanual stage ablation on an AgiBot-GEAR subset. All stages use the same
30 cases, initial images, actions, and source captions, separate from the full GEAR benchmark. Steps give each
stage’s denoising evaluations per prediction. Quality uses the designated PAI-Bench-G score, and PSNR, SSIM,
and LPIPS measure reference-frame agreement. Bold and underlined values mark the best and second-best
means within each metric. The table does not report confidence intervals.

Reference-frame agreement

Stage Steps  Quality 1

PSNR (dB) + SSIM{ LPIPS |
Bidirectional 35 73.385 13.452 0.591 0.454
Causal TF 35 72.367 12.482 0.502 0.516
TF-dCM 4 72.375 11.847 0.525 0.512
SF-DMD 4 74.251 13.479 0.589  0.447

These findings extend the navigation results to observations that depend on robot and object motion. A shared
checkpoint can cover both control domains without selecting a separate visual generator for each, which is the
evaluated benefit of the common interface. The comparison does not establish that joint training outperforms
domain-specific training, that adding human videos causes the observed gains, or that switching control
modes preserves state reliably. Likewise, reference-frame agreement measures similarity to one recorded
continuation and does not independently validate contact dynamics, grasp success, or policy behavior in
a generated environment.

Recipe-stage results. To examine where the final student’s behavior emerges, compares all four stages
on the same 30-case AgiBot-GEAR subset with matched initial images, actions, and source captions. This subset
is separate from the full 100-window GEAR evaluation. The teacher and causal TF use 35 denoising steps, while
TF-dCM and SF-DMD use 4, retaining each stage’s native inference configuration. Causal conversion reduces
the quality score from 73.385 to 72.367 and PSNR from 13.452 to 12.482 dB. TF-dCM with 4 denoising steps
retains a similar quality score of 72.375, but PSNR falls further to 11.847 dB. These differing trends show that
appearance alone does not capture the cost of causal conversion and distillation.

SF-DMD recovers much of this loss while retaining 4-step generation. Relative to TF-dCM, quality increases
by 1.876 points, PSNR by 1.632 dB, and SSIM by 0.064, while LPIPS decreases by 0.065. The final means
approach the bidirectional teacher’s reference agreement: PSNR is 13.479 versus 13.452 dB, SSIM is 0.589
versus 0.591, and LPIPS is 0.447 versus 0.454. The quality score is also higher, at 74.251 versus 73.385.
These results are consistent with the benefit of training on generated history after distillation, as in the shared
recipe. However, additional training, the switch to 480p-only clips, and other stage settings also change, so
the comparison does not isolate the self-forcing objective. The teacher and student have similar means on
these 30 cases, without paired uncertainty estimates to establish the small differences. Reducing 35 denoising
steps to 4 also does not imply an equivalent wall-time speedup because history refresh and decoding remain in
the inference path.

Qualitative results. shows rollouts from one initial image under four camera trajectories. The rollouts
diverge according to the supplied trajectory: the camera stays behind the puppy, rises and looks down at
the path and the ball, or moves laterally so that the puppy moves across the frame and the bench or railing
enters the view. This selected example illustrates trajectory-dependent viewpoint control, but does not quantify
trajectory accuracy. The robot comparison in follows a sequence from base motion to grasping a tissue
and moving it toward a bin. The third sampled column shows the tissue at the gripper in the reference and our
rollout, and the fourth shows the arm over the bin. The baselines change the floor and surrounding scene after
the base motion, while our rollout retains more of the reference layout through the subsequent manipulation.
These selected observations illustrate visual continuity across viewpoint and object changes, but do not verify
contact forces or a successful physical grasp.
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The looping camera example in complements the forward trajectory metrics by revisiting previously
visible content. At the last sampled view, our rollout retains the yellow car and wooden building, while
LingBot-World 2.0 shows a changed scene and Sana-WM contains substantial artifacts. This example illustrates
scene continuity during a revisit, but a selected success does not establish reliable spatial memory beyond the
active history window.

6. Post-training Example: Cosmos3-Nano-Sim-Transfer

Closed-loop simulation provides diverse scenarios for training robot policies through repeated interaction. The
simulator updates the physical state in response to policy actions, and rendered observations guide the next
action. Simplified simulator scenes lack the visual richness and diversity of real environments.

Cosmos3-Nano-Sim-Transfer converts simple simulator outputs into realistic RGB observations using language
and spatial controls. Depth maps, segmentation maps, edges, or blurred control videos encode scene structure,
while language specifies appearance. The generator synthesizes detailed textures, materials, lighting, and
backgrounds. This combination couples simulated physical interactions with realistic visual variation for
training robust, generalizable robot policies.

Autoregressive generation incorporates updated simulator controls and generated RGB history to render
successive chunks as the environment changes. Sampling with 4 denoising steps reduces the denoising work per
chunk. We combine these mechanisms for real-time closed-loop simulation and online robot policy learning.

6.1. Architecture

Cosmos3-Nano-Sim-Transfer uses the shared architecture ( ) to generate RGB observations from language
and spatial controls supplied by an external simulator. The simulator evolves the physical state, while the
generator determines the appearance of the observations. Each sample supplies 1 control modality: depth,
segmentation, edges, or blur. Depth constrains geometry, segmentation constrains region identity, edges
constrain contours, and blur retains coarse appearance and layout.

The reasoner (text) tower encodes the tokenized prompt into contextual language representations using causal
self-attention. The attention mask allows both control and RGB queries to attend to language keys and values
at every MoT layer throughout training and inference. During autoregressive inference, cached language keys
and values preserve this conditioning across denoising steps and output chunks.

The generator draws on language, spatial controls, and RGB history to render each new observation. The
prompt describes the scene and its desired appearance, while the controls specify the spatial structure that
the observation should follow. Clean RGB history gives the model a visual reference for carrying the scene’s
appearance forward as the controls change. Control videos and RGB targets pass through the same causal
Wan2.2 vision tokenizer and input projection. The tokenizer compresses time by 4 and each spatial dimension
by 16 ( , ), so the transformer operates on compact video latents.

To render each RGB chunk, the model uses its output projection to predict a rectified flow velocity vy (

, ). At normalized diffusion time 7, the sampler uses this velocity to form the clean prediction
Xo = X, — TV, Where x, stacks the noisy RGB latents. Control tokens guide this prediction and are excluded
from the generation loss.

shows how language, controls, and RGB interact through attention. The controls for a chunk describe
the simulator state that the generator should render. Control queries can attend to controls through the current
chunk, but their access to clean RGB history is restricted to strictly earlier chunks. This lets the model use the
current simulator controls without reading the clean RGB target through its control representations during
training. In the two-pass teacher-forcing procedure ( and ), the clean pass processes latent frames
causally, and the noisy pass reuses the clean control keys and values computed by that pass. The noisy queries
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Figure 13: Attention in Cosmos3-Nano-Sim-Transfer. Rows are queries and columns are keys/values, using
the visual conventions of . U;, V;, and V; denote spatial controls, clean RGB, and noisy RGB for latent-frame
chunk . (a) The clean pass preserves causal language attention and gives control and RGB queries access to all
language tokens. Control queries read controls through the current chunk and strictly earlier clean RGB, while
clean RGB queries also read their own clean chunk. (b) The noisy pass reuses the clean pass’s language, control,
and RGB keys and values. Each noisy RGB query reads controls through its current chunk, strictly earlier clean
RGB, and noisy RGB within its own chunk. Neither controls nor noisy RGB can read the current clean RGB
target. Each control or RGB chunk contains 1 latent frame and occupies one row or column, with spatial tokens
aggregated into a single block. Three chunks are shown, with the optional conditioning prefix omitted.

in (b) also read cached language keys and values, strictly earlier clean RGB history, and noisy tokens
within their own chunk.

To keep the renderer responsive to changes in the simulator, we use 1 latent frame per chunk throughout causal
training and generation. Following the tokenizer’s temporal compression, the first chunk corresponds to 1 RGB
frame, and each subsequent chunk corresponds to 4. Using this minimum chunk size reduces buffering delay
between updated controls and rendered observations during inference. In closed-loop operation, policy actions
advance the simulator, which supplies new controls for the renderer. The rendered observations then inform
the policy’s next decision. For offline benchmarking, the complete control sequence is available in advance,
allowing us to resize and encode it before autoregressive generation.

6.2. Data Preparation

Cosmos3-Nano-Sim-Transfer training pairs RGB videos with spatial controls and temporally aligned captions.
All four training stages apply aspect-ratio and source-FPS filtering and validate captions before sampling aligned
RGB and control clips. Our source dataset contains 2,153,548 RGB video entries. The Stage 3 index retains
1,996,602 videos with complete eligible caption windows.

Spatial and temporal alignment. RGB and controls use identical temporal indices and target geometry. We
replace reflection padding with direct resizing for RGB and control videos to prevent mirrored artifacts from
extending beyond the padded regions in generated outputs. To limit stretching when source and target aspect
ratios differ, we reject samples requiring more than 3% aspect-ratio distortion. We use bicubic antialiasing for
RGB, bilinear interpolation for depth, and nearest-neighbor interpolation for segmentation. Edge and blur
controls are computed from the resized RGB.
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Depth controls are precomputed with Video Depth Anything and normalized over each video ( , ).
Segmentation controls use colorized SAM2 masks ( , ). Edge controls use Canny detection with
randomized thresholds, while blur controls sample bilateral filtering, Gaussian filtering, or their composition.
The index checks RGB/control geometry and frame-rate compatibility and restricts caption windows to their
common available frame range. These checks establish metadata and caption eligibility.

Captioning. We generate training captions with a Qwen3-VL-8B ( , ) captioner adapted using
LoRA ( , ). To associate each description with a specific interval in the video, the captioner
processes nonoverlapping windows of up to 200 source frames. Each eligible annotation records the window’s
start and end frames alongside a structured JSON description, including a nonempty temporal_caption
field that describes how the scene unfolds over time. The loader selects the annotation together with the
corresponding RGB and control window, keeping the language and visual inputs tied to the same interval.

Temporal sampling and chunking. Across all four training stages, we use identical frame indices for RGB
and controls so that each control frame stays aligned with its RGB target. Each training clip contains 1 initial
RGB frame followed by complete groups of 4 frames. The causal tokenizer encodes the first RGB frame as 1
latent frame and each subsequent group of 4 as another.

In Stages 0-2, we randomly select a caption window and sample every frame, every second frame, or every third
frame within that window. We then trim the sampled clip to satisfy this tokenizer alignment. The clip-length
ranges depend on the training stage and resolution. Stage 0 uses 5-201 RGB frames at the 480 resolution tier
and 5-149 at the 720 tier. Stages 1 and 2 use 9-201 RGB frames at the 480 tier and divide these clips into
chunks of 1 latent frame, matching the chunk size used for autoregressive generation. In Stage 3, all video
clips within a training batch have the same number of frames.

6.3. Post-training

Training setup. All four training stages use the same transfer-video collection, pairing each RGB target with 1
spatial-control stream. We sample depth, segmentation, edges, and blur with equal weights so that training
covers each way of specifying the desired scene structure. Stage 0 mixes the 480 and 720 resolution tiers with
weights 2:1, while Stages 1-3 use only the 480 tier. Throughout the causal stages, the model predicts RGB in
chunks of 1 latent frame, matching the chunk size used during autoregressive generation. summarizes
the selected checkpoints, clip-length ranges, learning rates, and teacher guidance for each stage.

Training examples can also include a short recorded RGB prefix that establishes the scene’s initial appearance.
We sample prefix lengths of 0, 1, or 2 latent frames with probabilities 0.7, 0.2, and 0.1, exposing the model to
generation both with and without initial RGB observations. For short clips, we reduce the sampled prefix as
needed to leave at least 1 latent frame for the model to generate.

We vary how the accompanying language is presented while keeping the selected RGB/control window fixed.
The loader uses the full structured JSON with probability 0.93 and only the dense temporal caption with
probability 0.07, giving the model experience with both input formats. In Stages 0-2, we additionally drop
the text on 10% of samples so that the model learns to generate from visual conditions alone. Stage 3 retains
language conditioning on every sample, with text dropout set to 0. Spatial controls remain present in every
stage, with control dropout also set to 0.

The stages share a common optimization setup: fused AdamW with € = 1078, BF16 computation, FP32 master
parameters, and no gradient accumulation. We adjust the momentum and weight decay for each training
objective. Stage O uses (81, 82) = (0.9,0.99) with weight decay 0.05. Stage 1 uses (0.9,0.999), while Stage
2 and both Stage 3 optimizers use (0,0.999). All three causal stages use weight decay 0.01. We maintain
power-function exponential moving average (EMA) weights with relative width 0.1 in all stages.

Stage 0 packs variable-length clips into a budget of 74,000 tokens per GPU. The causal stages instead use 1 clip
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per GPU. Across the recorded runs and restarts, this gives global batches of 248 or 512 clips for Stage 1, 512
for Stage 2, and 248 for Stage 3.

Training curriculum. The curriculum first adapts a bidirectional teacher to the transfer data, then converts it
into a causal generator and distills it to use fewer denoising steps. The final stage trains this generator on its
own outputs, preparing it to continue from the history it will encounter during inference. Stages 2 and 3 both
use teacher guidance 3 during distillation.

Stage O: bidirectional adaptation. Before introducing causal attention, we adapt the bidirectional teacher
following . We fine-tune it on directly resized RGB videos and aligned spatial controls so that the
teacher uses the same image geometry as the later stages. This preprocessing also avoids the mirrored content
introduced by reflection padding. The teacher learns to denoise recorded RGB clips by predicting rectified flow
velocity from noisy RGB latents, language, and clean spatial controls. At this stage, bidirectional temporal
attention allows each RGB target to use noisy RGB tokens and supplied controls from both earlier and later
frames within the clip. The loss applies only to noisy RGB targets, excluding the spatial controls and any clean
RGB prefix. We use the adapted teacher at iteration 3,806 to initialize Stage 1.

Stage 1: causal teacher forcing (TF). With the adapted teacher as its starting point, Stage 1 learns to
predict each RGB chunk from the available controls and earlier recorded RGB history. We use the two-pass
teacher-forcing procedure in and . The clean pass processes recorded RGB tokens and supplied
controls to build a causal cache of attention keys and values (K/V). The noisy pass then reuses this cache to
predict each chunk from its noisy RGB tokens, strictly earlier clean RGB history, controls through the current
chunk, and language conditioning. The rectified flow velocity loss in supervises only RGB targets, with
gradients flowing through the clean K/V cache as well as the noisy pass. The resulting iteration-6,000 EMA
checkpoint provides both the initial student and the frozen causal teacher for Stage 2.

Stage 2: consistency distillation (TF-dCM). Once causal prediction is established, Stage 2 reduces the number
of denoising steps needed to generate each chunk through TF-dCM ( and ). Training continues to
use recorded RGB history and the same causal control attention as Stage 1. The frozen causal teacher connects
two noisy versions of a chunk at different diffusion times along its denoising trajectory. The student predicts the
clean chunk from both versions and learns to make these predictions agree, using identical history, controls, and
language in both evaluations. The current student’s prediction at the lower-noise input supplies the training
target and is computed with gradients stopped. This consistency objective prepares the student to recover a
clean chunk with fewer denoising evaluations. The iteration-2,250 EMA checkpoint initializes Stage 3.

Stage 3: self-forcing (SF-DMD). Stage 3 brings training closer to autoregressive inference by letting the
student learn from its own generated history, following SE-DMD in . After an optional recorded RGB
prefix, the student generates successive chunks of 1 latent frame using the aligned controls and the RGB history
it has produced so far. Each completed chunk and its supplied controls refresh the clean K/V cache, providing
the context for the next prediction. The student therefore trains on the consequences of its earlier outputs
throughout the rollout.

To train from these generated clips, we initialize two bidirectional score models from the Stage O teacher: a
frozen reference teacher and a trainable fake-score network. We add noise to the generated clips and ask both
models to denoise them. The teacher supplies the reference prediction, while the fake-score network learns
to denoise the student’s current outputs. The difference between their predictions defines the distribution-
matching target that guides the student ( ). We alternate 1 student update with both score models fixed
and 5 fake-score updates with the student fixed. Checkpoint iteration counts include both types of updates.

We use replayed backpropagation to train on a complete rollout without retaining all of its intermediate
activations. Training first constructs the rollout, then recomputes each chunk’s final denoising prediction
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Table 7: Cosmos3-Nano-Sim-Transfer post-training settings. Iterations identify the selected EMA checkpoints.
RGB ranges are configured sampling limits, while the SF range describes indexed eligible lengths. Stage 0
multiplies its base learning rate by 0.4(1 — i/100,000) at iteration i, starting at 4 x 10~> without warmup. The
other learning rates are constant. The SF learning rates are listed as student / fake score.

Stage Checkpoint RGB frames Base learning Teacher CFG
iteration rate

Teacher 3,806 5-201 (480p), 5-149 (720p) 107 —

TF 6,000 9-201 107° —

TE-dCM 2,250 9-201 2x1076 3

SF-DMD 1,500 9-197 107%/2x107" 3

from its saved noisy input, timestep, and detached cache prefix. Gradients pass through these recomputed
predictions but do not propagate through earlier denoising steps or historical K/V caches. This trains the model
to use generated history while treating that history as a fixed input for each gradient computation.

6.4. Inference Optimization

Inference. Cosmos3-Nano-Sim-Transfer follows the autoregressive inference loop in . For each chunk,
the sampler denoises 1 RGB latent frame using aligned spatial controls, cached language keys and values,
and retained clean control and RGB history. The controls and retained history remain fixed across denoising
steps. After sampling, the runtime refreshes clean control and RGB keys and values for the next prediction.
The streaming Wan2.2 VAE ( i ) decodes the completed latent chunk into RGB observations,
carrying temporal state across chunks so that output is available before the entire video is generated.

The history policy determines which control and RGB K/V entries remain available to subsequent chunks.
Full-history inference retains all entries throughout the rollout. Bounded inference retains initial sink entries
and a rolling window of recent history, replacing older entries outside this window while preserving token
roles and temporal positions. This bounds history storage and attention context during extended generation.

Compilation with preserved numerical behavior. We combine torch.compile with block CUDA Graphs
to reduce execution overhead in the single-view SF-DMD student, following the shared runtime design in
. The optimized path keeps normalization outside compilation and preserves the reduction order for
squared activations. It also preserves intermediate BF16 rounding in FP32-BF16-FP32 conversions and the
original K/V cache order. These choices retain the eager path’s numerical behavior at operations that can affect
autoregressive outputs. evaluates the runtime and output quality of these inference choices.

6.5. Results

Evaluation setup. We evaluate Cosmos3-Nano-Sim-Transfer from three complementary perspectives: the
quality and control fidelity of its videos, its behavior as an observation renderer in a robot policy loop, and
the runtime cost of sustained generation. We begin with TransferBench ( , ), which contains 600
source videos: 200 each from AgiBot ( s ), Ego-Ex04D ( , ), and OpenDV (

, ). For every source video, we generate an output conditioned on each of depth, segmentation, edges,
and blur. This produces 2,400 outputs per model, each with 121 aligned RGB frames. Outputs are 736 x 544
for AgiBot and 832 x 480 for the other domains, preserving source rates of approximately 23.98-60 FPS.

To show how the final model compares with both its reference and the stages that lead to it, we evaluate five
checkpoints on the same full benchmark. The iteration-1,500 SF-DMD EMA student uses 4 SDE steps, full-history
K/V without attention sinks, and student/control guidance 1. For this offline benchmark, the complete control
sequence is prepared and encoded before autoregressive generation. We compare it with the Cosmos 3 GA
iteration-6,000 EMA reference and the selected curriculum checkpoints: the bidirectional teacher at iteration
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3,806, TF at iteration 6,000, and TF-dCM at iteration 2,250. The bidirectional teacher and TF use 50-step
UniPC with guidance 3, while TF-dCM and SF-DMD use 4-step SDE sampling with guidance 1. Generation uses
upsampled captions, while language scoring uses the original benchmark captions. The comparison therefore
evaluates complete generation pipelines with their respective samplers and guidance settings.

Video quality and temporal metrics. We assess both the appearance of the generated videos and whether
that quality changes over time. DOVER measures technical video quality across all 2,400 outputs ( ,

). For a complementary assessment, Gemini 3.1 Pro Preview receives each generated video and its original
benchmark caption and assigns integer grades from 0 to 10. Its Quality grade evaluates visible artifacts, while
its Prompt grade evaluates whether the elements described in the caption appear in the video.

To measure changes between the beginning and end of a video, we report quality drift as the absolute difference
between the mean perceptual scores of its first and last 15% of frames. We evaluate each endpoint with PAI-
Bench-G, the video-generation component of PAI-Bench ( , ). The endpoint score averages six
perceptual-quality dimensions: aesthetic quality, background consistency, imaging quality, motion smoothness,
overall consistency, and subject consistency. We divide imaging-quality scores by 100 before averaging the
dimensions, then average the absolute endpoint differences across videos. Lower drift indicates a smaller
change in these perceptual scores between the beginning and end of the video.

Control, language, and geometry metrics. We next measure how closely the generated scene follows the
supplied spatial structure, using a separate metric for each control modality and its corresponding 600 outputs.
Segmentation IoU measures agreement between regions, and edge F1 measures agreement between contours.
Blur SSIM measures structural similarity ( , ), while depth SI-RMSE measures scale-aligned depth
error. The Prompt grade described above complements these spatial measurements by assessing agreement
with the language condition.

To examine temporal geometry, we measure Sampson error using SuperPoint features matched with LightGlue
between all frame pairs separated by approximately 1 second ( , ; , ). For
each pair, the evaluator estimates a fundamental matrix and retains the half of inlier correspondences with the
lowest Sampson errors. It then scales the square root of their mean Sampson error to a 960 x 540 reference
diagonal. The video score averages the valid pair scores and requires at least 90% pair coverage. This metric
checks the geometric consistency of correspondences across time, adding a diagnostic that appearance scores
alone do not provide. All five checkpoints have 2,400 valid scores for each video-level metric and 600 for each
control metric, with no invalid values in the final records.

Benchmark results. Relative to the Cosmos 3 GA reference, Cosmos3-Nano-Sim-Transfer improves all four
spatial-control metrics in . Segmentation IoU increases from 0.6433 to 0.7378 and blur SSIM from
0.8559 to 0.8867. Edge F1 rises from 0.2140 to 0.3407, a 59.2% increase, while depth SI-RMSE falls from
0.8423 to 0.6194, a 26.5% reduction. These results show that the final student follows the supplied regions,
contours, coarse image structure, and depth more closely across the four evaluated control modalities.

Alongside its stronger spatial control, Cosmos3-Nano-Sim-Transfer slightly improves the VLM Quality grade
from 4.9296 to 4.9508. DOVER and Prompt decrease slightly by 1.8% and 2.2%, respectively, while quality
drift and Sampson error increase relative to the GA reference.

The intermediate checkpoints show how the final student relates to the preceding training stages. SF-DMD
improves all nine reported metrics relative to TF-dCM. The Quality grade increases from 4.2588 to 4.9508, and
drift decreases from 0.011730 to 0.006504. The bidirectional teacher retains stronger scores across all nine
metrics than the final causal student. The final self-forcing stage thus improves on the selected consistency-
distilled checkpoint, while a gap to the bidirectional teacher remains. As in the reference comparison, these
results retain each checkpoint’s deployment sampler and guidance settings.
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Four spatial control modalities

Control (2 s) RGB (0 s) RGB (2 s) RGB (4 s)

(a) Girl dancing

- -' m m
2 | i
(b) Rock climbing
o -
- -
B vy
Blur
(c) Basketball
Segmentation
Edges
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Figure 14: RGB generation from four spatial control modalities. From top to bottom: girl dancing, rock
climbing, and basketball, each with depth, segmentation, edges, and blur. The first column shows each supplied
control at 2 seconds, while the remaining columns show generated RGB at 0, 2, and 4 seconds. Each output
contains 121 frames at 832 x 480 and 30 FPS. Generation uses 4 denoising evaluations per latent-frame chunk
and full K/V history without attention sinks.
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Table 8: Full TransferBench video quality, spatial control, and condition agreement. Each checkpoint
generates 2,400 videos from 600 TransferBench sources ( R ) and four control modalities. DOVER
uses all outputs, while each control metric uses its corresponding 600 outputs. Quality and Prompt retain
the recorded VLM grading scales. Drift compares the first and last 15% of frames, and Sampson error
uses normalized epipolar residuals at approximately 1-second intervals. Stage comparisons retain each
checkpoint’s deployment sampler and guidance. Bold and underlined entries mark the best and second-best
values within each metric.

(@) Video quality

Model DOVER 1 Quality 1 Drift |

Bidirectional teacher (3,806) 10.3955 5.0042 0.006370
TF (6,000) 10.2112 4.2200 0.008265
TF-dCM (2,250) 10.0403 4.2588 0.011730
Cosmos3-Nano-Sim-Transfer 10.1759 4.9508 0.006504
Cosmos 3 GA reference 10.3596 4.9296 0.006349

(b) Spatial control

Model Segm. IoU1 Blur SSIMt EdgeF11 Depth SI-RMSE |
Bidirectional teacher (3,806) 0.7465 0.9074 0.4692 0.5279
TF (6,000) 0.6948 0.8591 0.2973 0.7594
TF-dCM (2,250) 0.7070 0.8569 0.3051 0.7273
Cosmos3-Nano-Sim-Transfer 0.7378 0.8867 0.3407 0.6194
Cosmos 3 GA reference 0.6433 0.8559 0.2140 0.8423

(¢) Language and temporal geometry

Model Prompt T Sampson |
Bidirectional teacher (3,806) 7.1842 0.080947
TF (6,000) 6.7625 0.087848
TF-dCM (2,250) 6.7288 0.098861
Cosmos3-Nano-Sim-Transfer 7.0254 0.096544
Cosmos 3 GA reference 7.1846 0.081045

We also examine uncertainty in the smaller differences between TF and TF-dCM using a paired bootstrap over
source videos. We draw 10,000 resamples stratified by source domain and keep each source’s four control
modalities together. For TF-dCM relative to TF, the edge-F1 difference is +0.0078 with a 95% interval of
[0.0061, 0.0095], and the DOVER difference is —0.1708 with an interval of [—0.2369, —0.1067]. The Quality
difference is +0.0388, with an interval of [—0.0396,0.1188]. The edge-F1 and DOVER intervals preserve the
direction of their observed changes, whereas the Quality interval includes zero. These per-metric intervals
quantify uncertainty from sampling source videos while holding the recorded generations fixed.

Closed-loop evaluation in Isaac Lab. Cosmos3-Nano-Sim-Transfer increases apple pick-and-place completion
for a Unitree G1 humanoid from 68.8% with native Isaac RTX rendering ( s ) to 84.4% on the
calibrated baseline ( ). Both configurations use Isaac Lab 3.0.0b2 ( s ) and Isaac Sim
6.0.0.1 ( s ) for physics. We evaluate 32 matched starts with the same 15,000-step GROOT N1.7
policy ( s ) fine-tuned on 402 real robot demonstrations. Cosmos3-Nano-Sim-Transfer converts
the simulator’s depth controls into RGB observations that guide the policy’s next actions. At each decision,
the policy receives a 640 x 480 head-camera RGB image, the current 43-dimensional joint state, and the task
instruction, then predicts 16 actions. The simulator runs policy actions at 30 Hz and physics at 240 Hz.

As the actions advance the simulated scene, depth is sampled every 4 actions, corresponding to 7.5 Hz in
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Table 9: Cosmos3-Nano-Sim-Transfer improves task completion on the calibrated Isaac Lab baseline.
Entries are completed episodes out of 32 matched starts per condition. Both configurations use Isaac Lab
for physics. The same GROOT policy receives either native Isaac RTX RGB or Cosmos3-Nano-Sim-Transfer
RGB. Panel (a) fixes the policy at 15,000 training steps. Panel (b) fixes the baseline appearance and reports
success-rate differences (Cosmos3-Nano-Sim-Transfer minus RTX) in percentage points (pp). The scene prompt
was calibrated at 15,000 steps on these starts, so the table reports calibration-set outcomes.

(@) Appearance changes

Appearance Isaac RTX Cosmos3-Nano-Sim-Transfer
Calibrated baseline 22/32 27/32
Green apple 20/32 24/32
Red plate 22/32 19/32
Green apple, red plate, white cloth 16/32 17/32

(b) Policy checkpoints

Policy training steps Isaac RTX Cosmos3-Nano-Sim-Transfer Difference (pp)

5,000 17/32 20/32 +9.4
10,000 16/32 12/32 —12.5
15,000 22/32 27/32 +15.6
20,000 24/32 21/32 -94
30,000 18/32 18/32 0.0

40,000 17/32 19/32 +6.3

simulated time. After a 1-frame bootstrap, the renderer uses these controls to generate 4 RGB observations
per update. The final image becomes the input to the next policy decision, closing the loop between action,
simulation, and rendering. This schedule gives a policy decision rate of 1.875 Hz in simulated time.

The renderer uses the iteration-1,500 SF-DMD EMA student with 4 SDE steps, guidance 1, a 30-latent-frame
K/V window, and 3 attention-sink frames. A scene prompt fixes the requested appearance before the rollout,
while depth from the simulator describes how the geometry changes as the robot acts. We normalize depth over
0.15-0.90 m, resize it from 640 x 480 to 736 x 552, and center-crop it to 736 x 544. We then resize generated
RGB back to the policy’s camera resolution. This streaming preprocessing differs from the direct resizing used
in the offline benchmark. The model’s FPS condition is 12.5, distinct from the simulator’s observation cadence.

Each episode runs until the task terminates or reaches 600 actions, corresponding to 20 simulated seconds.
Success is determined from simulator state using placement, contact, support, settling, and hand-release condi-
tions. For every appearance condition, we evaluate 32 matched initial states in 2 batches of 16 environments.
Each matched comparison holds the policy checkpoint, initial states, and simulator physics fixed, changing the
policy’s RGB input between native Isaac RTX and Cosmos3-Nano-Sim-Transfer.

With the 15,000-step policy, Cosmos3-Nano-Sim-Transfer achieves higher completion than native Isaac RTX in
3 of the 4 tested appearance conditions. The calibrated baseline improves from 22/32 to 27/32 completed
episodes, a gain of 15.6 percentage points. The green-apple condition improves from 20/32 to 24/32, and
the combined green-apple, red-plate, and white-cloth condition improves from 16/32 to 17/32. The red-plate
condition yields 19/32 completions with Cosmos3-Nano-Sim-Transfer and 22/32 with RTX. Across the six
evaluated policy checkpoints, the highest observed completion is 27/32 (84.4%) with Cosmos3-Nano-Sim-
Transfer at 15,000 steps, compared with 24/32 (75.0%) with RTX at 20,000 steps.

Qualitative results. We first illustrate control-to-RGB generation with depth, segmentation, edges, and blur
( ). Each of the three examples uses the same source video and prompt across its four control modalities.
The control images and generated frames show how each modality supplies scene structure for the model to
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Long-rollout rendering

Control (10 s) RGB (0s) RGB (10 s) RGB (19.97 s)

(a) env_0000
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Figure 15: Long-rollout RGB generation from depth and segmentation. From top to bottom: VisDex episodes
env_0000, env_0015, and env_0091, each sharing its text prompt across both control modalities. The first
column shows the supplied control at 10 seconds, while the remaining columns show generated RGB at 0,
10, and 19.97 seconds. The selected SE-DMD student uses 4 denoising evaluations per latent-frame chunk, a
30-latent-frame K/V window, and 3 sink frames. Each output contains 600 frames at 640 x 640 and 30 FPS.

render in RGB. We then examine rendering over longer simulated trajectories. Fig. 15 shows three 600-frame
VisDex rollouts under depth and segmentation, with frames sampled from the beginning, middle, and end of
each generated sequence.

Long-rollout runtime. We profile the iteration-1,500 SF-DMD EMA student on all 160 VisDex s42 episodes
under four control modalities, generating 640 videos of 600 frames at 640 x 640. Inference uses BF16 eager
execution on GB200 without compilation or CUDA Graphs, with 4 SDE steps, guidance 1, a 30-latent-frame K/V
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Table 10: Final-student runtime on 600-frame VisDex rollouts. All measurements use 1 stream per GB200
GPU and 144 warmed videos per control. Chunk times measure completed decoded output, normally 4 RGB
frames per chunk. First-chunk times use warmed workers and exclude model loading.

Control FPS/GPU Chunk p50 / p95 (ms) First chunk p50 / p95 (s)
Depth 9.928 401 / 418 6.93/7.23
Segmentation 9.896 403 / 420 6.55/ 6.64
Edge 9.920 401 / 418 6.33/ 6.42
Blur 9.957 399 / 421 6.26 / 6.37

Table 11: Matched 600-frame VisDex runtime. Both models use the same 160-episode depth and segmentation
workload on GB200 with BF16 eager inference. Runtime excludes each worker’s first video and retains 144
videos per control. Steady FPS and chunk latency additionally exclude the first 121 frames per remaining GA
video or 117 frames per SF-DMD video. Runtime values pool depth and segmentation. Generation latency is
the mean per steady continuation block, approximately 120 RGB frames, for Cosmos 3 GA and per latent-frame
chunk, normally 4 RGB frames, for Cosmos3-Nano-Sim-Transfer. The means cover 1,152 GA blocks and 34,848
Cosmos3-Nano-Sim-Transfer chunks. Timing measures completed decoded output, including callback waits for
copies to host memory. Model loading, source-video decoding, and file saves are excluded.

Metric Cosmos 3 GA reference  Cosmos3-Nano-Sim-Transfer
Steady FPS/GPU 1 2.766 9.912

Generation latency 43.30 s/block 0.403 s/chunk

Steady peak allocated memory (GiB) | 36.15 39.58

window, and 3 sink frames. For steady-state measurements, we exclude each worker’s first video and the first 117
frames of each subsequent SF-DMD video, retaining 144 videos and 17,424 decoded-output chunk intervals per
control. Steady throughput ranges from 9.90 to 9.96 RGB frames per second per GPU ( ). Chunk timings
measure completed RGB output, including callback waits for copies to host memory. On the matched depth
and segmentation workload, the Cosmos 3 GA reference takes 217.17 s on average to complete a 600-frame
video. Its approximately 120-frame continuation blocks average 43.30 s after warmup, precluding real-time
feedback in this configuration ( ). Cosmos3-Nano-Sim-Transfer generates observations autoregressively,
returning a decoded latent-frame chunk, normally 4 RGB frames, in 0.403 s on average after warmup and
providing sub-second observation updates for closed-loop simulation without waiting for a complete video.

Compilation and cache optimization. A separate 597-frame depth-control study evaluates the compilation
and cache choices in . The iteration-1,500 SF-DMD checkpoint generates 640 x 640 videos on 1 NVIDIA
GB200 per worker. Each video has a nominal rate of 30 FPS, using 4 denoising evaluations per latent frame,
guidance 1, and no RGB prefix. All configurations use BF16 model weights and K/V caches. The first latent
frame decodes to 1 RGB frame, and each subsequent latent frame decodes to 4 RGB frames. We compare full
history without sinks with a bounded window of 51 latent positions: 1 sink, 49 recent past positions, and the
current position. The bounded window contains 102 paired control/RGB cache slots. The complete control
video is prepared before generation.

Compilation and block CUDA Graphs increase inference throughput by up to 1.75x while preserving generation
quality ( ). Measured throughput increases from 6.8802 to 11.4068 FPS with full history (1.66x), and
from 9.0403 to 15.8516 FPS with bounded history (1.75x). The corresponding p95 decoded chunk intervals
decrease from 761.7341 to 443.8231 ms and from 509.8658 to 268.7143 ms.

Quality evaluation uses 16 depth-control VisDex sources per configuration, with 16/16 successful generations
and no failures. Within each history policy, all 16 eager/compiled video pairs have identical decoded frames,
covering 32 pairs and 19,104 frames in total. DOVER ( s ) and the recorded VLM prompt and
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Table 12: BF16 inference optimization for Cosmos3-Nano-Sim-Transfer on 1 GB200. The SF-DMD iteration-
1,500 checkpoint generates 597-frame, 640 x 640 depth-conditioned videos. Compiled denotes torch. compile
with block CUDA Graphs. Panel (a) measures decoded CPU output over latent indices 51-149 after warmup,
excluding startup, offline condition preparation, and file encoding. Each configuration contributes 594/594
valid/attempted chunk intervals from 6 measured videos. Memory peaks are the maxima of PyTorch al-
located/reserved storage across those videos. Panel (b) reports means over 16 depth-control sources per
configuration, with the recorded DOVER and VLM scales.

(@) Throughput, decoded chunk interval, and GPU storage

History / execution FPSt Chunk p50 / p95 (ms) Peak allocated /
reserved (GiB)
Full / eager 6.8802 560.8695 / 761.7341 55.0640 / 60.0859
Full / compiled 11.4068 348.1926 / 443.8231 74.5866 / 79.7207
Sink + recent / eager 9.0403 435.8790 / 509.8658 44.0980 / 47.7598
Sink + recent / compiled 15.8516 240.4241 / 268.7143 52.7295 / 57.8184

(b) Video quality and language following

History / execution DOVER?T VLM prompt /101 VLM quality /107
Full / eager 8.6524 5.3125 2.4375
Full / compiled 8.6524 5.3125 2.4375
Sink + recent / eager 9.0190 5.3750 2.5000
Sink + recent / compiled 9.0190 5.3750 2.5000
quality grades remain unchanged between eager and compiled execution within each history policy ( ).

Component p50/p95 timings and decoded-output intervals are measured separately from offline preparation
and startup. The timing protocol defines the measurement boundaries and overlapping measurements.

Sub-second RGB updates support the renderer’s role in real-time closed-loop simulation: the simulator ad-
vances physical state and supplies new controls, and Cosmos3-Nano-Sim-Transfer renders observations for the
policy’s next decision.

7. Post-training Example: Cosmos3-Nano-Sim-Auto

Autonomous-driving simulation requires camera and LiDAR observations that describe the same evolving
scene consistently across viewpoints, modalities, and time, while following the supplied road geometry and
actor motion. We extend the single-view Cosmos3-Nano to this setting through camera-specific conditioning
and joint RGB-LiDAR modeling ( ). Per-view prompts preserve the foundation model’s association
between a caption and its video, while attention across cameras and modalities supports scene consistency. The
resulting Cosmos3-Nano-Transfer-Auto denoises complete sensor clips bidirectionally for offline generation. Its
causal, distilled counterpart, Cosmos3-Nano-Sim-Auto, generates synchronized sensor streams incrementally
for streaming simulation.

Camera generation is conditioned on per-view captions and camera-aligned World Scenario Map (WSM) controls,
while LiDAR generation uses HD-map controls. Transfer-T2V (Text-to-Video) uses no initial RGB observations,
whereas Transfer-I2V (Image-to-Video) additionally uses initial camera images. An initial measured LiDAR
sweep is optional in either mode.

Training begins with Stage 0, which adapts Cosmos3-Nano into the bidirectional Cosmos3-Nano-Transfer-
Auto model. Stage 0 comprises three phases: modality-separate training, short-sequence joint training, and
long-sequence joint training with dropout. We then apply the shared three-stage causal recipe: teacher forcing
(Stage 1), teacher-forcing discrete consistency distillation (Stage 2), and self-forcing distribution matching
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Figure 16: Multi-view RGB-LiDAR generation. Each column represents a camera or LiDAR stream. Colors
denote language tokens (lavender), clean controls (green), and noisy target latents (light orange), as in

. Each camera reads its own prompt and WSM control, while LiDAR reads all camera prompts and its
HD-map control. Learned identity embeddings distinguish cameras 0, ..., N — 1 and LiDAR N, retaining their
identities when selecting camera subsets. Arrows connect conditioning inputs to their consumers, and the lower
bidirectional links show cross-sensor attention under the temporal visibility rules. Representative views are
shown, with tokenizers and optional initial observations omitted. See to for the model architecture,
caption preparation, and training recipe.

distillation (Stage 3). The resulting Cosmos3-Nano-Sim-Auto generates synchronized sensor streams in small
latent chunks with cached history. The training curriculum is detailed in

7.1. Architecture

Cameras and LiDAR capture complementary aspects of the same scene at different spatial resolutions and
sampling rates. We bring these streams into a shared generator through modality-specific representations

( ), aligned temporal coordinates, and learned sensor identities ( ). Structured attention
connects each stream to its language prompts, controls, and other sensors ( ). For streaming generation,
we adapt these connections to predict synchronized sensor chunks from the available history ( ).

7.1.1. Modality Representations

RGB signal. RGB generation inherits the video tokenization and transfer sequence-packing scheme of Cosmos
3( and ). The same video VAE encodes RGB targets and rendered WSM controls into 48-channel
latents with 16 x 16 spatial and 4x temporal compression. Learned projections map 2 x 2 spatial latent patches
into generator features. Control tokens remain clean while target tokens undergo denoising. The multi-view
extension encodes each camera independently and packs the synchronized streams together, retaining their
physical timestamps and adding learned camera identity embeddings. Each camera stream is associated with
its own language prompt, while cross-view attention connects the visual streams under the visibility rules
described in

LiDAR signal. For the LiDAR signal, we use a separate hierarchical transformer VAE inspired by LidarVerse (
, ), with interleaved spatial neighborhood attention and causal temporal attention. Each 360° sweep is
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Figure 17: Sensor-aligned structural controls. Recorded RGB, WSM, and their overlay (top) illustrate camera-
control alignment in one data sample. A recorded LiDAR range image and its HD-map control are shown below.

projected onto a 128 x 1800 range image with range, intensity, and binary return-validity channels. The azimuth
dimension is circularly padded to 1808 columns to accommodate the tokenizer’s 16 x 16 spatial compression.
There is no temporal downsampling: a sequence of 7" sweeps produces latents of shape (128, 7, 8,113), ordered
as channels, sweeps, height, and width, with the batch dimension omitted. The generator uses 1 x 1 spatial
patches on this latent grid, yielding 8 x 113 = 904 tokens per sweep. A learned input projection maps each
128-channel latent patch into the shared generator feature space. A separate output projection predicts rectified
flow velocity in LiDAR latent space ( , ). After denoising, the LiDAR decoder reconstructs range,
intensity, and return validity from the completed latents.

Structural controls. WSM videos specify the scene layout and actor motion that guide RGB video genera-
tion ( s ).

The map layers include lane lines, road boundaries, crosswalks, road markings, wait lines, poles, traffic signs,
and traffic lights. Projected 3D cuboids represent vehicles, pedestrians, and other road users. Semantic colors
identify object categories, cuboid shading conveys heading, and successive frames describe motion. Rendering
along the ego trajectory with each camera’s intrinsics and extrinsics implicitly conveys ego motion and viewing
geometry ( , ). The RGB-WSM overlay in illustrates the resulting alignment.

For LiDAR generation, we render HD-map structure in the range-view projection used for the sensor sweeps.
These controls provide spatially aligned map geometry for predicting LiDAR returns. pairs the recorded
LiDAR range image with its HD-map control at the same timestamp.

Sensor timing and temporal coordinates. Camera and LiDAR observations are placed on a shared physical
timeline to align conditioning inputs and prediction targets ( ). The Wan 2.2 RGB tokenizer applies 4 x
temporal compression to the 30-FPS camera streams, yielding latent time steps spaced 4/30 seconds apart
(7.5 Hz). The separate LiDAR tokenizer preserves the 10-Hz sweep rate without temporal downsampling,
retaining a latent spacing of 1/10 seconds ( ). These different latent sampling rates mean that equal
temporal indices across modalities need not correspond to the same capture time. We therefore align the
streams by physical timestamp while retaining each token’s sensor identity. Capture time determines this
alignment independently of diffusion time, rotary coordinates, and packed sequence order.
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Figure 18: Camera and LiDAR sampling on a shared physical timeline. The illustrative grids share a temporal
origin. Camera frames (R;) are sampled at 30 FPS, and the Wan2.2 tokenizer applies 4x temporal compression
to produce camera latent steps (C;) spaced by 4/30 seconds (7.5 Hz). LiDAR sweeps and their latent steps
(L) retain the same 1/10-second spacing. Dashed guides and rings mark coincident camera-latent and LiDAR
timestamps every 0.4 seconds, spanning three RGB latent intervals and four LiDAR intervals. Markers denote
temporal positions rather than tokenizer receptive fields. Cross-sensor attention compares physical timestamps
even when samples do not coincide.

7.1.2. Positional Encoding and View Identity

Positional encoding. We retain the three-axis MRoPE formulation of Cosmos 3, using camera-local spatial
coordinates and a shared temporal origin across synchronized views. Each camera uses the same spatial
indexing convention, while temporal coordinates follow the FPS scaling described in . Consequently,
tokens at matching image-grid locations and timestamps receive identical rotary positional encodings across
cameras, irrespective of their order in the packed sequence. These coordinates describe position within each
view, rather than a common 3D location or camera identity.

Learned view embeddings. Inspired by Cosmos-Transfer2.5 Multiview ( , , Sec. 6.3.1), we
introduce learned per-view embeddings to distinguish cameras that share the same positional coordinates.
After tokenization and projection into transformer features, we add a camera-specific embedding vector to
every token from that camera. This acts as a per-view bias shared across spatial locations and time, learned
jointly with the generator. The embedding complements the view-dependent geometry in WSM controls by
providing a persistent camera identity across scenes. We find this simple design effective for our fixed training
rig, where each identity consistently corresponds to a camera placement and field of view.

7.1.3. Multi-View and Multimodal Attention

Multi-view, multimodal attention is the core mechanism that brings our camera and LiDAR streams, language
prompts, and structural controls together ( ). This section describes the attention design of Cosmos3-
Nano-Transfer-Auto, including how tokens interact across views and modalities. The changes for Cosmos3-
Nano-Sim-Auto are described in the Causal Modeling section ( ).

Language-to-sensor conditioning. Each camera has its own caption, which we tokenize separately. For
language conditioning, the camera’s visual tokens attend only to the tokens from that caption ( @).
This keeps descriptions of object visibility, appearance, and image-plane motion tied to the view they describe.
LiDAR tokens attend to all camera caption tokens from the same recording. These captions cover the same
synchronized sensor interval, providing language context from multiple viewpoints for the 360° LiDAR stream.
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(a) Joint attention: Cosmos3-Nano-Transfer-Auto
Cameras: 30 FPS — Wan2.2 (4x temporal compression) — 7.5-Hz latents
LiDAR: 10-Hz sweeps — 10-Hz latents (no temporal downsampling)
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Figure 19: Joint camera-LiDAR attention masks. Rows are queries and columns are keys/values. (a) Cosmos3-
Nano-Transfer-Auto with optional control-to-sensor access enabled (dashed blocks). Camera sensor and control
queries read their own captions, while LiDAR queries read all camera captions (purple). Green and blue show
own-control and own-sensor access. Only sensor queries read other sensors within the preceding 0.4-second
window (orange). Wan2.2’s 4x temporal compression maps 30-FPS camera streams to 7.5-Hz latents, while
LiDAR retains 10 Hz. Temporal indices span [0,1.6] seconds: 13 camera latent times and 17 LiDAR times
make the moving 0.4-second window visible as a narrow band. Caption lengths are illustrative. (b) Physical
timestamps bound the orange band, excluding keys older than 0.4 seconds and future keys. (c) Same-sensor
attention is clip-wide for Cosmos3-Nano-Transfer-Auto and block-causal for Cosmos3-Nano-Sim-Auto, which
reads the current chunk and permitted earlier clean history. Thick lines separate illustrative chunks C1-C3.
For Cosmos3-Nano-Sim-Auto, control-to-sensor access is restricted to preceding clean history. Gray cells are
blocked, spatial tokens are collapsed, and caption query rows are omitted. All routes respect conditioning
visibility, recording boundaries, and available context.

Control conditioning. WSM and HD-map controls enter the generator through the sequence-packing scheme
for control-conditioned generation (Sec. 2.2). Their encoded tokens are packed alongside the sensor tokens
and remain clean throughout denoising. Each camera stream attends to its own WSM tokens, while the LiDAR
stream attends to its HD-map tokens (Fig. 19(a)). This access is separate from sensor-to-sensor attention:
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exchanging information across cameras does not give a camera direct access to another camera’s control tokens.
The available control sequence and conditioning masks determine temporal access.

Control tokens also attend to other control tokens within their own stream. When control-to-sensor attention
is enabled, they additionally read sensor features from that stream, allowing the control representation to
incorporate sensor context. In Cosmos3-Nano-Sim-Auto, this context is restricted to clean sensor history from
preceding chunks. The sensor-to-sensor routes described below connect supplied observations and prediction
targets under their own temporal and clean/noisy visibility rules.

Sensor-to-sensor attention. A straightforward extension from single-view to multi-view generation lets every
visual token attend to all tokens across cameras and time. The resulting cost grows quadratically with both the
number of views and the sequence length, making long surround-view clips expensive to process. Inspired
by OmniDreams ( s ), we decompose attention into temporal interaction within each view
and information exchange across views. Where OmniDreams connects different views at the same time step,
we extend cross-sensor interaction to a preceding 0.4-second window in physical time. This lets cameras and
LiDAR exchange nearby observations even when their sampling times do not coincide. Same-sensor attention
still allows each token to attend to all spatial and temporal tokens (clip-wide) within the same view.

For N, camera views with V; latent frames per camera and N, spatial tokens per latent frame, unrestricted
attention is quadratic in the total token count N, Ny N;. An idealized decomposition that uses all same-view
times and only the matching time across cameras instead has costs

Cran = O((NyNyN;)?), (28)
Cdecomposed = (9(-2\]’\']%52-]\]52 +N3Nth2) (29)
Taking the ratio of the leading terms in and for 11 views and 100 latent frames per camera (397

RGB frames) gives an approximately 9.9x theoretical reduction in camera attention computation.

Sliding window cross-sensor attention. Cross-sensor attention uses a sliding window spanning the preceding
0.4 seconds, including the query timestamp ( (b)). RGB and LiDAR latent time steps are spaced by 4,/30
seconds and 1/10 seconds, respectively. Attention visibility is determined by physical timestamps to account
for the different sensor sampling rates. The 0.4-second window matches their smallest shared temporal period,
spanning 3 RGB latent intervals and 4 LiDAR latent intervals. In our evaluation, this preceding window yielded
better results than a symmetric window extending 0.2 seconds before and after the query timestamp. At each
permitted timestamp, queries attend to the full spatial token grids of eligible streams from other sensors.
The cross-sensor window explicitly excludes the query’s own view, whose eligible keys are already handled
by same-stream attention. Including that same-view window again in the cross-sensor branch yielded worse
results in our evaluation.

7.1.4. Causal Modeling

Interactive driving simulation requires camera and LiDAR outputs to advance together as scene controls change.
We adapt Cosmos3-Nano-Transfer-Auto for this setting by generating short, synchronized sensor chunks
conditioned on the supplied controls and previously generated observations. Cosmos3-Nano-Sim-Auto retains
the per-view language routing, camera embeddings, structural conditioning, and decomposed sensor-to-sensor
attention described in and

Synchronized sensor chunks. RGB and LiDAR advance at different sampling rates, so a common frame count
would cover different physical durations. We instead group their predictions by the shared 0.4-second interval
introduced in . After the initial time step, each full chunk contains 12 RGB frames per camera,
represented by 3 latent time steps, and 4 LiDAR sweeps. The model jointly denoises these aligned sensor
intervals while preserving the distinction between same-stream and cross-sensor visibility.
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Causal multi-view attention. Cosmos3-Nano-Sim-Auto replaces the clip-wide same-sensor attention of
Cosmos3-Nano-Transfer-Auto with the shared block-causal formulation ( ). Within each sensor stream,
queries attend to all spatial tokens throughout the current chunk and to permitted clean history from preceding
chunks ( (©)). Across streams, the preceding 0.4-second window remains unchanged ( (b)), so a
query cannot read another sensor’s later timestamp even when both belong to the current chunk. The control
and clean/noisy conditioning rules remain those described in and . Future target chunks are
excluded, allowing generation to advance without depending on future sensor outputs. Conditioning masks
continue to prevent noisy targets from attending to their own clean reference copies.

Continuing the rollout. Once a chunk is complete, its clean sensor representations become history for the
next prediction, which can incorporate newly supplied scene controls. Cosmos3-Nano-Sim-Auto uses the shared
streaming mechanism in to reuse this history and bound the retained cache during extended rollouts.
Attention visibility determines which stored tokens may be read, while the cache policy determines which past
chunks remain available. The Cosmos3-Nano-Sim-Auto runtime settings are described in . We train
this causal generator through the shared teacher-forcing, consistency-distillation, and self-forcing stages, with
settings and checkpoint handoffs for Cosmos3-Nano-Sim-Auto detailed in

7.2. Data Preparation

Sources and sampling. We train on synchronized multi-camera driving recordings from MADS, previously
used for WSM-conditioned generation in Cosmos 3 ( s ). Our captioned training selection contains
approximately 988K source samples. Each recording is counted as one sample, encompassing its camera and
LiDAR streams before temporal chunking. We hold out 91 clips as the Driving-Sim-Eval set® for benchmarking
and exclude them from training. The evaluation protocol and results are described in . Our Cosmos3-
Nano-Sim-Auto training inputs comprise up to 11 camera views, including wide-angle, telephoto, and fisheye
cameras, together with 360° LiDAR sweeps. RGB videos are sampled at 30 FPS and LiDAR at 10 Hz.

For captioning, we partition each source sample into consecutive 400-frame RGB chunks with time-aligned
structural controls and LiDAR. When the final chunk contains fewer than 400 frames, we retain and caption
it as well. Each source sample yields an average of 1.56 caption chunks per camera, typically 1-2 chunks.
The resulting collection is dominated by 400-frame chunks but also exposes the model to shorter sequences,
providing diversity in training durations. Camera subsets retain their physical identities and timestamps within
each synchronized interval. During training, we downsample the high-resolution RGB streams to a mixture of
480p and 720p clips, with stage-specific sequence lengths described in

Structural controls and alignment. We render controls according to the WSM v4 schema, using each
camera’s calibrated lens model, including fisheye distortion. RGB targets and WSM controls use matching
frame selection, resizing, and cropping so that the rendered geometry remains aligned with the recorded image.
For LiDAR, HD-map geometry is projected onto the same range-view rays as the measured sweeps. We use
LiDAR sweeps without motion compensation, retaining the spinning sensor’s within-sweep motion distortion.
RGB and LiDAR intervals are matched by physical timestamps rather than equal frame indices. We include the
WSM rendering schema, reference renderer, and data-preparation guides in the accompanying open-source
Cosmos Framework release.*

Caption preparation. WSM controls describe scene structure and actor motion, but leave much of the vi-
sual appearance unspecified. We complement them with dense, timestamped captions that describe visible
objects and their appearance, together with time of day, lighting, weather, road-surface condition, and geo-
graphic region. Descriptions emphasize concrete visual attributes, such as vehicle color, surface reflections,
and atmospheric visibility.

3Cosmos3-Driving-Simulation-Evaluation:
4Cosmos-Framework:
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We caption each chunk with an in-house vision-language model that receives synchronized RGB and WSM
observations from all camera views together. The joint input allows the captioner to reason about one physical
scene before producing a separate description for each camera. RGB provides appearance and environmental
evidence, while WSM supplies the corresponding geometry, actor trajectories, and signal states. Each caption
describes only what its camera can observe, while shared objects retain consistent appearance and physical
motion across views and time. Scene-level conditions must also agree across cameras. Captions account for
each camera’s viewpoint: the same vehicle may enter and leave different views at different times, or move
leftward in one image and rightward in another, while following a consistent physical trajectory. Captioned
events and motion must agree with the WSM controls.

At inference, users can perform prompt upsampling using WSM controls and four environmental attributes: time
of day, weather, road condition, and geographic region. This produces a coherent set of per-camera prompts
across all views. We provide a prompt upsampling guide in the accompanying Cosmos Framework repository.

Prompt prefixes. During training, we sample different camera subsets ( ), so each example can present
a different combination of viewpoints. We therefore prepend a camera prefix that describes the currently
sampled rig and identifies the current camera by its position or role, viewing direction, lens type, and nominal
field of view. This provides the model with context about which views are present and the viewing direction and
angular coverage associated with each caption. The task prefix explains WSM-conditioned generation: controls
specify the supported objects, road layout, and motion, while captions supply appearance and unconstrained
background details. The joint RGB-LiDAR task instruction additionally identifies the HD-map controls and
calls for camera-LiDAR alignment.

These prefixes are assembled by the caption formatter and text-tokenization pipeline during training and
inference. The stored captions contain the scene descriptions, so the same rig and task context can be applied
consistently without duplicating it in the annotations. The camera prefix complements the learned sensor
embeddings in , while the task prefix states how language and structural controls are combined.

7.3. Post-training

We summarize our model’s training stages as a recommended recipe for adapting Cosmos3-Nano to multi-view
RGB-LiDAR generation and distilling it into a causal streaming model. The three phases of bidirectional
training, collectively termed Stage 0, produce Cosmos3-Nano-Transfer-Auto. The three causal training and
distillation stages introduced in convert the bidirectional model into its streaming counterpart, Cosmos3-
Nano-Sim-Auto. We periodically evaluate checkpoints on a validation set and advance to the next training
phase or stage when benchmark scores plateau.

Trainable parameters. During this adaptation, we train the shared generator blocks, diffusion-time embedding,
RGB and LiDAR input/output projections, and learned sensor embeddings. The pre-trained reasoner and both
sensor tokenizers remain frozen. The causal training and distillation stages retain this parameter selection for
the student, while the distillation teacher remains fixed. SF-DMD additionally trains the fake-score network,
following the shared method in

Objectives and modality balance. Stage O trains RGB and LiDAR generation with the rectified flow objective
inherited from Cosmos 3 ( s ). The two modalities have different latent dimensions and token
counts, so we compute their losses separately before combining them with RGB:LiDAR weights of 1 : 2 during
joint training. Following Cosmos 3, we average the timestep-weighted squared velocity error within each
stream, then across streams of the same modality. Observed prefixes and structural controls remain clean, with
their prediction errors masked to zero before this reduction. The reduction retains these entries in its averaging
denominators, including the zero-loss control streams. The causal training and distillation stages retain this
1 : 2 weighting with the shared objectives in
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Table 13: Training recipe for Cosmos3-Nano-Transfer-Auto and Cosmos3-Nano-Sim-Auto. Training uses
128 GB200 GPU nodes (512 GPUs). Training updates are counted separately within each bidirectional phase
and causal stage. RGB counts are per view after alignment and include observed prefixes. Stage O learning
rates denote schedule peaks. SF-DMD update counts and learning rates are listed as student / fake-score model.

Stage Training updates RGB frames Learning rate  Teacher CFG

Stage 0: Bidirectional training

Moddlity-separate 60,000 < 397 8x107° —

Short-sequence joint 20,000 61 5% 107° —

Long-sequence joint 20,000 < 397 5x107° —
Stage 1: TF 3,200 <397 107° —
Stage 2: TF-dCM 900 <397 2x107° 1.5
Stage 3: SF-DMD

Short sequence 250/ 1,250 93 1076 /2 x 1077 1.5

Long sequence 50/ 250 397 107%/2x 1077 1.5

Camera-rig sampling. Different applications require different camera coverage, from a single forward view
to a complete surround rig. We expose Cosmos3-Nano-Transfer-Auto to these configurations by sampling
predefined camera combinations rather than always presenting all 11 views. The catalog contains 15 commonly
used camera combinations spanning 1-11 views. For joint training, we sample 480p and 720p clips with
probabilities 0.6 and 0.4, respectively. At 480p, the standard 7-camera rig receives probability 0.6, the full
11-camera rig receives 0.3, and the remaining 13 combinations share 0.1 uniformly. At 720p, we sample the
full 7-camera rig with probability 0.9. Each camera uses the same learned view embedding across different
sampled rigs. The camera prefix describes the sampled rig, as explained in

Conditioning robustness. To support RGB-only generation with the joint model, we drop LiDAR together with
its HD-map control on 10% of joint-training examples. We also vary the available language conditioning to
accommodate incomplete prompts and support classifier-free guidance. Clip-level caption dropout removes all
camera captions together with probability 0.2. Independently, per-view caption dropout removes each camera’s
scene description with probability 0.2. We train on Transfer-T2V and Transfer-12V modes equally. Transfer-12V
supplies 1 initial RGB frame per camera during training, while Transfer-T2V supplies none.

7.3.1. Cosmos3-Nano-Transfer-Auto Training

In practice, we found that directly adapting the single-view Cosmos3-Nano to joint multi-view RGB-LiDAR
generation on 400-frame source chunks led to slow convergence, particularly in LiDAR prediction quality. These
experiments motivate the recommended three-phase curriculum below: first learning the modalities separately,
then training them jointly over short sequences, and finally increasing the joint sequence length. gives
the recommended training budgets and learning rates.

Modality-separate training. We first train RGB and LiDAR generation as separate tasks within the shared
generator, establishing LiDAR generation while adapting RGB generation to the driving domain. RGB examples
contain a single camera view with up to 397 aligned frames, while LiDAR examples contain 21 sweeps.

Short-sequence joint training. We next train on synchronized multi-view RGB and LiDAR together, using 61
RGB frames per camera and 21 LiDAR sweeps, approximately 2 seconds. This phase learns cross-view and
cross-modal relationships over short temporal contexts.

Long-sequence joint training. Finally, we extend the joint training window to up to 397 RGB frames per
camera and 133 LiDAR sweeps, approximately 13.2 seconds, to learn scene evolution over longer temporal
contexts. We retain the shorter final source windows described in
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7.3.2. Cosmos3-Nano-Sim-Auto Training

We follow the shared three-stage recipe in , using the synchronized RGB-LiDAR chunks and causal
attention described in . At each causal-stage transition, we initialize the student from the preceding
stage’s regular weights rather than its exponential moving average (EMA) weights, and reset the optimizer
state and iteration counter. summarizes the training budgets and learning rates.

Stage 1: causal teacher forcing. We initialize the causal model from the Stage O bidirectional model and train
it to predict synchronized RGB and LiDAR chunks from recorded sensor history, following the teacher-forcing
(TF) method in

Stage 2: consistency distillation. We next distill the causal model into a 4-step generator using TF-dCM (
, ), following . Both the student and frozen causal teacher initialize from the Stage 1 checkpoint.
Training retains recorded sensor history and uses teacher CFG with scale 1.5.

Stage 3: self-forcing. Starting from the Stage 2 student, SF-DMD trains on RGB-LiDAR rollouts conditioned
on the student’s own generated history, following . The frozen DMD teacher and trainable fake-score
network initialize from the Stage 0 bidirectional model, with teacher CFG again set to 1.5.

SF-DMD alternates updates to the student and fake-score networks at a 1 : 5 ratio. We first train on 93-frame
clips for 1,500 total updates, comprising 250 student updates and 1,250 fake-score updates. We then continue
on 397-frame clips for 300 updates (50 student and 250 fake-score updates) while preserving the optimizer
state and iteration counter.

In practice, too few SF-DMD updates left object artifacts, including floating objects, while too many introduced
temporal flicker. We selected the update budget to balance object integrity and temporal consistency, guided
by quantitative metrics and visual evaluation.

7.4. Infrastructure and Optimization

7.4.1. Training and Attention Implementation

Training infrastructure. We pack synchronized RGB, LiDAR, structural controls, and language using a target
budget of 1.5M tokens per sequence. On GB200 GPUs, the long-sequence configuration combines context
parallelism and fully sharded data parallelism (FSDP) ( s ), with BF16 computation and activation
recomputation to limit memory use.

Attention implementation. We initially implemented the decomposed visibility pattern in and

with PyTorch FlexAttention and a FlashAttention-4 backend ( s ). Sensor frame boundaries do
not generally align with the kernel’s query—key blocks, leaving partially visible blocks that require elementwise
masking. This overhead reduces attention efficiency despite the smaller number of permitted query-key pairs.

Our multi-view backend applies the maskless approach described in to same-view, cross-sensor, control,
and language interactions. We gather permitted tokens into segments for variable-length attention (

, ), then scatter and merge the outputs in the original query order ( ). The maskless
backend was 2.5-3x faster than FlexAttention for the tested decomposed attention operations.

7.4.2. Inference Optimization

Streaming execution. We evaluate the released Cosmos3-Nano-Sim-Auto checkpoint in Interactive Drive,
the FlashDreams demonstration client,® using the residential scene with prepared WSM controls on GB200
GPUs. The FlashDreams 0.2 release candidate generates 832 x 480 video per camera with 4 denoising steps
and a bounded history cache. Each chunk produces 12 frames per camera at a video rate of 30 FPS, giving a

5FlashDreams:
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Figure 20: Maskless execution of decomposed attention. Query and key/value tokens are gathered into
segments for the illustrated sensor and language interactions. Variable-length attention processes each segment,
and the results are scattered back to the original query order. Each attention call returns a normalized output
and log-sum-exp (LSE) statistics. LSE-weighted merging recovers joint normalization when key subsets are
disjoint and attention scores match. Grouping must preserve the model’s temporal and conditioning restrictions.
Arrows show data dependencies between logical operations.

Table 14: Selected Cosmos3-Nano-Sim-Auto runtime operating points on GB200. The released checkpoint
generates 12-frame chunks at 832 x 480 resolution per camera with 4 denoising steps on the residential scene.
Chunk times are medians of run medians, with repeat ranges in parentheses, and FPS is the measured rate
presented to the client. Model and map ranks together give the total GPU allocation. Map ranks prefetch
controls with a 1-chunk delay. Eager and optimized runs share an allocation, although the eager counterpart of
the 8 model + 8 map row uses 16 model ranks. A dash indicates no eager comparison.

Views Mode GPUs Layout Chunk wall time (ms) FPS
eager optimized
1 RGB 1 1 model 524 (512-535) 364 (362-423) 32.6
4 RGB 16 8 model + 8 map — 408 (377-440) 28.9
7 RGB 16 16 model 897 609 19.5
7 RGB 16 8 model + 8 map 950 (936-1,014) 583 (561-597) 20.5
7 RGB 32 16 model + 16 map — 511 (510-511) 23.2
7 RGB + LiDAR 16 16 model 1,159 701 (693-714) 16.7

400 ms runtime target. These measurements cover up to 7 cameras plus LiDAR, rather than the full supported
11-camera rig.

Bounded history keeps steady-state shapes fixed for compiled denoising, control encoding, and decoding. The
runtime uses maskless attention with a fused group merge and distributes camera decoding across model ranks.
Separate map GPUs can prepare the next chunk’s controls while the current chunk denoises, but introduce
a 1-chunk control delay. Control-token processing and the clean K/V cache update remain on the model’s
execution path. Compilation also increases startup time, measured separately from steady-state throughput.

Inference performance. summarizes selected operating points from paired comparisons within the
same GPU allocation. The shipped optimizations reduce median chunk wall time by 30% for 1 camera on 1
GPU and by 32% for 7 cameras on 16 model ranks. Compiled denoising provides the largest single gain in
these comparisons. Maskless execution also matters at inference: replacing it and the fused merge with a
block-sparse FlexAttention path increases chunk wall time by 195% for 7 cameras with compiled denoising
on 8 model ranks and 8 map GPUs. This comparison measures the complete generation call, rather than the
attention operations alone.

Separate map GPUs help only when enough model ranks remain for generation. For 4 cameras, 8 model ranks
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Figure 21: Cosmos3-Nano-Sim-Auto per-chunk stage times of the shipped configurations on GB200. Each
bar is the median run of its configuration, split into the median stage times over its steady-state chunks on the
primary rank. Control preparation covers WSM drawing and encoding, or the gather of prefetched latents, plus
the control-token pass that writes control K/V. The bar length uses the backend’s generation-call timer, and the
gray remainder is work outside the 4 timed stages. Stage medians from a representative run need not sum to
the across-run wall-time median.

and 8 map GPUs take 408 ms compared with 545 ms for 16 model ranks in the same allocation. For 7 cameras,
the two layouts fall within the repeat range, while adding LiDAR favors retaining all 16 GPUs as model ranks.
The selected 7-camera configurations reach 23.2 FPS for RGB on 32 GPUs and 16.7 FPS for RGB plus LiDAR
on 16 GPUs, both below the 30 FPS video rate. The 1-camera median meets the 400 ms target, but its slower
repeats and the 4-camera range crossing that target preclude a uniform real-time guarantee. Throughput with
prefetched controls does not establish response latency to newly supplied conditions.

shows why faster denoising alone does not determine chunk latency. Control preparation and the
clean K/V cache update remain eager and together exceed denoising time for the single-camera configuration,
while approaching it for 7 cameras. The control-token pass remains necessary even when separate map GPUs
prefetch the rendered and encoded controls. These costs limit the benefit of further denoising optimization
and motivate measuring the complete chunk rather than only its diffusion steps.

7.5. Results

Evaluation setup. We evaluate on two held-out datasets. Driving-Sim-Eval ( ) contains 91 samples
balanced across geography, control signals, and scene conditions. Traffic-Scenario-Eval is an internal collection
of 319 samples for evaluating synthetic data generation.

Driving-Sim-Eval uses HD-map-derived WSM controls to assess generation quality. Traffic-Scenario-Eval
benchmarks Transfer-T2V generation from noisy, perception-derived WSM controls and prompts specifying
road conditions, time of day, geographic location, and weather. We evaluate how well generated videos follow
the controls and depict the requested attributes.

We evaluate Cosmos3-Nano-Sim-Auto and Cosmos3-Nano-Transfer-Auto on joint RGB-LiDAR generation,
producing 297 RGB frames per camera at 720p and 30 FPS across 7 non-fisheye views.

The RGB baseline is the multi-view variant of Cosmos-Transfer2.5 ( , ), also generated at 720p
with the same 7 cameras. On Driving-Sim-Eval, the distilled Cosmos3-Nano-Sim-Auto generates in 4 denoising
steps without requiring classifier-free guidance (CFG). Cosmos3-Nano-Transfer-Auto and Cosmos-Transfer2.5
use guidance 3. Cosmos-Transfer2.5 generates autoregressively in its native 29-frame chunks.

On Traffic-Scenario-Eval, Cosmos3-Nano-Transfer-Auto uses guidance 1.5, while Cosmos3-Nano-Sim-Auto
again generates in 4 denoising steps without CFG. Both generate at 30 FPS, while Cosmos-Transfer2.5 uses
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Table 15: Multi-view RGB results on Driving-Sim-Eval. Models generate 297 frames per camera at 720p
across 7 non-fisheye views, with (Transfer-12V) or without (Transfer-T2V) initial RGB conditioning. Cosmos-
Transfer2.5 denotes its multi-view variant. SG-V denotes StyleGAN-V features for FVD. Arrows indicate the
preferred score direction. Bold and underlined values mark the best and second-best scores within each mode.
Lighter and darker green identify the bidirectional and causal models, respectively.

(a) Transfer-T2V: no initial RGB frame

Video quality Temporal consistency Cross-view alignment
Frame FVD FVD DOVER
Model FID | I3D | SG-V| tech. T TSE | ACM t CSE-2| CSE-5]
Cosmos3-Nano-Transfer-Auto  45.5 488 487 9.01 0.473 0.906 2.009 1.633
Cosmos3-Nano-Sim-Auto 48.6 480 479 7.30 0.503 0.906 2.599 2.244
Cosmos-Transfer2.5 61.9 772 770 8.56 0.530 0.885 2.511 2.073

(b) Transfer-I2V: with initial RGB frame

Video quality Temporal consistency Cross-view alignment
Frame FVD FVD DOVER
Model FID | I3D, SGV| tech.t TSE] ACM{ CSE-2] CSE-5]
Cosmos3-Nano-Transfer-Auto ~ 27.8 238 237 8.27 0.472 0.902 2.246 1.798
Cosmos3-Nano-Sim-Auto 33.6 325 324 7.51 0.505 0.900 2.359 2.085
Cosmos-Transfer2.5 41.4 388 387 8.25 0.519 0.881 2.935 2.203

guidance 3 and 10 FPS. Across both benchmarks, Cosmos3-Nano-Sim-Auto retains the first chunk and the most
recent completed chunk in its rolling K/V cache.

Captions. To make the comparison on Driving-Sim-Eval as fair as possible, we use the caption configuration that
yields the best quality scores for each model among those tested. Both Cosmos 3 models use the timestamped
per-camera captions described in , produced by the same captioner as their training data. Cosmos-
Transfer2.5 achieves better quality with dense, untimestamped paragraph captions, one per camera covering
the first 10 seconds of the clip.

7.5.1. Evaluation Metrics

To assess both sensor realism and driving-scene fidelity, we combine general RGB and LiDAR quality metrics
with traffic-object adherence metrics and human evaluation of traffic and environmental attributes.

RGB video quality metrics. RGB evaluation spans visual fidelity, temporal coherence, and cross-view geometric

consistency. Frame Fréchet inception distance (FID) ( , ) compares generated and reference

frame-feature distributions. Fréchet video distance (FVD) ( S ) compares video-feature
distributions, with I3D ( s ) and StyleGAN-V ( S ) results
reported separately. The DOVER technical score ( , ) assesses perceptual video quality. Adjacent

cosine mean (ACM) measures within-view visual consistency through CLIP-feature similarity to the preceding
and first frames. Temporal Sampson error (TSE) measures geometric agreement between matched points in
consecutive frames. Cross-view Sampson error (CSE) ( , ) measures agreement across overlapping
camera views, averaged over 2 or 5 view pairs for CSE-2 and CSE-5. Lower FID, FVD, TSE, and CSE are better,
while higher DOVER and ACM are better. Reported scores are averages over the 7 non-fisheye views.

LiDAR metrics. For LiDAR, comparisons with real sweeps assess geometry and temporal consistency, while
point support and detection agreement with ground-truth annotations measure object faithfulness. Bird’s-eye-
view (BEV) JSD and MMD? ( s ) compare generated and real spatial distributions. Fréchet
Utonia distance (FUD) and Utonia MMD? compare pre-trained point-cloud features ( , ). Lower
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Figure 22: Multi-view RGB-LiDAR generation with Cosmos3-Nano-Transfer-Auto. Camera views are
arranged by their viewing directions around the vehicle, with generated LiDAR shown centrally. WSM controls
are overlaid on the RGB frames to highlight adherence to the supplied scene structure. Buildings, vehicles, and
cyclists retain consistent geometry and appearance across overlapping views. The LiDAR point cloud is color-
coded by height and captures corresponding scene geometry: nearby cars and cyclists produce shorter-range
returns and occlude surfaces behind them, consistent with their locations in the camera views.

values indicate closer distributions. Chamfer temporal consistency (CTC) measures sweep-to-sweep geometric
change after motion alignment, for full sweeps or tracked vehicles. Generated-to-real ratios closer to 1 are
better. Object support recall measures the fraction of objects with sufficient real LiDAR points that also contain
sufficient generated points within their ground-truth boxes. Detection F1 compares PointPillars (Lang et al.,
2019) detections in generated point clouds with ground-truth object annotations. Higher recall and F1 indicate
better object faithfulness.

Traffic-object adherence. AutoGrader uses object-level F1 to measure how faithfully generated vehicles,
pedestrians, and cyclists follow WSM controls. Counts of detected, missing, and hallucinated objects come
from the correspondence checks of Cosmos Evaluator (NVIDIA, 2026). Higher scores indicate better adherence.

Human evaluation. Human evaluation (HUE) scores video quality, scene-element fidelity, and cross-view
agreement on a 1-3 scale. Road-surface and weather scores are the percentages of evaluated samples whose
generated conditions human raters judge to match the prompt. Higher scores are better. Following the
annotation protocol of Cosmos 3 (NVIDIA, 2026), 2 annotators independently rate each (video, question) pair.
Disagreements are resolved by a third quality-control reviewer, whose decision is final.

7.5.2. Results

Generation quality on Driving-Sim-Eval. We first assess the quality of the synchronized RGB and LiDAR
outputs on Driving-Sim-Eval. Figs. 22 and 23 show Transfer-12V examples from Cosmos3-Nano-Transfer-Auto
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Figure 23: Multi-view RGB-LiDAR generation with Cosmos3-Nano-Sim-Auto. This urban intersection
under strong sun glare illustrates joint generation across eleven cameras and LiDAR. The white van retains its
appearance in the rear-right and rear-fisheye views, while the forward and right-facing cameras agree on the
direction of sunlight. Overlaid WSM controls align with the generated road markings and vehicle positions.
The views follow the rig’s spatial layout around a central LiDAR sweep, whose height coloring distinguishes the
road surface, nearby vehicles, and surrounding buildings.

and Cosmos3-Nano-Sim-Auto, respectively.® Each example contains 11 camera views and the corresponding
LiDAR sweep, with camera-aligned WSM controls overlaid at 20% opacity.

RGB results. Cosmos3-Nano-Transfer-Auto improves on the multi-view Cosmos-Transfer2.5 baseline across
every reported RGB metric in both Transfer-T2V and Transfer-I2V modes (Tab. 15). Frame FID improves by
26-33% and both FVD variants by 37-39%, indicating that the generated frame and video distributions more
closely match the reference data. Higher DOVER scores further indicate improved technical video quality. The
gains also extend to consistency: lower TSE and higher ACM indicate more coherent videos over time, while
roughly 20% lower CSE-2 and CSE-5 reflect stronger geometric agreement across camera views.

The four-step causal Cosmos3-Nano-Sim-Auto improves frame FID, FVD, and temporal consistency over the
Cosmos-Transfer2.5 baseline in both generation modes. In Transfer-T2V, it also slightly surpasses its bidirectional
teacher, Cosmos3-Nano-Transfer-Auto, in I3D FVD (480 versus 488), while matching its ACM score of 0.906.
Cross-view consistency improves over the baseline in Transfer-12V, whereas Transfer-T2V Sampson errors are
modestly higher, by 4-8%. DOVER scores also favor the baseline. Overall, the causal model combines four-step
streaming generation with substantial gains in image- and video-level distributional quality and temporal
consistency, alongside metric- and mode-specific trade-offs.

Qualitatively, the WSM overlays in Fig. 24 show close correspondence between generated vehicles and their

6See the project website for animated visualizations: research.nvidia.com/labs/cosmos-lab/cosmos-simulation.
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Figure 24: Spatial control following in generated front-wide video. WSM overlays show correspondence
with vehicles, road markings, and traffic signals at five times after conditioning. The top two rows use Cosmos3-
Nano-Transfer-Auto and the bottom two use Cosmos3-Nano-Sim-Auto.

control cuboids, together with alignment of road markings and traffic signals across the sampled frames.

LiDAR results. We evaluate the jointly generated LiDAR from the same Transfer-T2V rollouts as the RGB
results, with 99 sweeps at 10 Hz (Tab. 16). LidarVerse is evaluated on 21- and 116-sweep rollouts, providing
comparisons at both shorter and longer horizons than ours.

Cosmos3-Nano-Transfer-Auto achieves better quality scores than both LidarVerse settings on eight of the nine
reported metrics. Global BEV JSD improves by 65-73% and Fréchet Utonia distance by 62-71%, indicating
closer agreement with real LiDAR in both spatial point distributions and learned geometric features. Lower
local BEV JSD and MMD? show that the gains also hold at the clip level. Temporal CTC is closer to 1, while
higher object support recall and detection F1 indicate better preservation of annotated objects. Vehicle CTC
is the only exception: 2.53 over our 99-sweep rollouts, versus 2.51 for the 21-sweep baseline. In the two
Transfer-12V scenes shown in Fig. 25, the generated LiDAR closely resembles the ground truth in road geometry,
roadside structures, and nearby object placement.

Cosmos3-Nano-Sim-Auto also improves all five distribution-fidelity metrics over both LidarVerse settings,
retaining strong spatial and geometric fidelity with 4-step streaming generation. Its temporal CTC, vehicle
CTC, and object support recall improve on the 116-sweep baseline but trail the shorter 21-sweep baseline.
Detection F1 is slightly lower than both baselines, at 0.188 versus 0.200-0.201. The causal distilled variant
retains the distributional advantages over LidarVerse but falls short of Cosmos3-Nano-Transfer-Auto across
the LiDAR metrics. Preserving the bidirectional model’s LiDAR fidelity, temporal coherence, and object detail
through multimodal causal distillation is a priority for future work.

Together, these results illustrate the strong capability of joint RGB-LiDAR generation with our shared generator.
Causal distillation enables faster, 4-step streaming generation, with trade-offs in technical video quality,
cross-view consistency, and LiDAR fidelity. Nevertheless, Cosmos3-Nano-Sim-Auto retains many of Cosmos3-
Nano-Transfer-Auto’s gains over the video and LiDAR baselines. Beyond these general quality metrics, our
models also improve traffic-object adherence over the video baseline, as we examine next.
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Table 16: LiDAR generation results in Transfer-T2V mode. Cosmos 3 results use 99 sweeps at 10 Hz from
the joint RGB-LiDAR rollouts. LidarVerse ( , ) is evaluated on 21- and 116-sweep rollouts.
Arrows indicate the preferred score direction, while CTC ratios target 1. Scale factors in the headers multiply
the displayed values; FUD denotes Fréchet Utonia distance. Bold and underlined values mark the best and
second-best scores. Lighter and darker green identify the bidirectional and causal models, respectively.

(a) Distribution fidelity

BEV JSD | BEV JSD | BEV MMD? | Utonia MMD? |
Model global (x10~2) local local (x10—3) FUD | (x10~2)
Cosmos3-Nano-Transfer-Auto 4.01 0.220 3.47 12.8 2.08
Cosmos3-Nano-Sim-Auto 5.52 0.277 5.93 20.1 3.54
LidarVerse, 21 sweeps 15.1 0.400 12.0 33.6 6.36
LidarVerse, 116 sweeps 11.6 0.300 6.44 44.8 9.07
(b) Temporal consistency and object faithfulness
Temporal consistency Object faithfulness
CTC / real Vehicle CTC / real Object support Detection F1
Model (target 1) (target 1) recall 1 at3m 1
Cosmos3-Nano-Transfer-Auto 1.17 2.53 0.885 0.237
Cosmos3-Nano-Sim-Auto 1.28 3.59 0.816 0.188
LidarVerse, 21 sweeps 1.20 2.51 0.843 0.201
LidarVerse, 116 sweeps 1.35 3.73 0.788 0.200
Table 18: Human evaluation on Traffic-Scenario-Eval. Settings match . Cosmos-Transfer2.5 denotes its

multi-view variant. Video quality, scene-element fidelity, and cross-view agreement use a 1-3 scale. Environment
scores give the percentage of samples matching the prompted conditions. All scores are higher-is-better. Video
quality uses 319 samples per model; other categories use subsets, including 316 samples for Cosmos3-Nano-
Sim-Auto’s road-surface and weather scores. Bold and underlined values mark the best and second-best scores.
Light and dark green distinguish the bidirectional and causal models.

(a) Video quality and scene-element fidelity (1-3)

Video quality Scene-element fidelity

Model Video Lane 1 Traffic Traffic Pedestriant  Bicyeclist 1
quality 1 light 1 sign 1

Cosmos3-Nano-Transfer-Auto 1.72 2.43 1.83 2.17 1.64 1.85
Cosmos3-Nano-Sim-Auto 1.39 2.54 2.24 2.45 1.70 1.83
Cosmos-Transfer2.5 1.65 2.28 1.59 1.78 1.20 1.38

(b) Cross-view agreement and environmental fidelity

Cross-view agreement (1-3) Environment scores

Model Lane/road Traffic Stop Pedestrian T Bicyclist Road Weather 1

markings 1 light 1 sign 1 surface 1
Cosmos3-Nano-Transfer-Auto 2.93 2.93 2.98 2.94 2.98 92.8% 90.9%
Cosmos3-Nano-Sim-Auto 2.98 2.91 2.94 2.94 2.96 87.0% 81.0%
Cosmos-Transfer2.5 2.77 2.68 2.76 2.58 2.63 93.1% 89.7%

Traffic-scenario fidelity on Traffic-Scenario-Eval. We next turn to Traffic-Scenario-Eval to assess how the
generated videos follow traffic controls and depict the requested scene attributes.

Traffic-object adherence results. Cosmos3-Nano-Sim-Auto combines 4-step streaming generation with stronger
traffic-object adherence than Cosmos-Transfer2.5 across all three categories ( ). The gains are particularly
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Figure 25: LiDAR geometry with Cosmos3-Nano-Transfer-Auto. Two Transfer-I2V scenes compare ground
truth (left) with generated sweeps (right), using matched viewpoints and a shared height scale. The examples
reproduce the main road and roadside structure, with clear individual objects.

Table 17: AutoGrader object following on Traffic-Scenario-Eval. F1 measures correspondence to WSM-
controlled objects across 319 Transfer-T2V samples. Higher F1 is better on the 0-1 scale. Bold and underlined
values mark the best and second-best scores. Lighter and darker green identify the bidirectional and causal
models, respectively.

Model Vehicle F1 1 Pedestrian F1 1 Cyclist F1 1
Cosmos3-Nano-Transfer-Auto 0.908 0.386 0.537
Cosmos3-Nano-Sim-Auto 0.853 0.389 0.428
Cosmos-Transfer2.5 0.741 0.137 0.151

pronounced for pedestrians and cyclists. Compared with Cosmos3-Nano-Transfer-Auto, pedestrian F1 is similar
(0.389 versus 0.386), while vehicle and cyclist F1 are 6% and 20% lower, respectively. Despite these gaps,
Cosmos3-Nano-Sim-Auto combines substantial control-following gains over the video baseline with 4-step
streaming generation.

Human evaluation results. Human evaluation complements the object-level metrics by assessing visual quality,
scene attributes, and agreement across views.

The 4-step Cosmos3-Nano-Sim-Auto receives higher human ratings than Cosmos-Transfer2.5 in all scene-
element and cross-view categories ( ). The largest scene-element gains are for traffic signs (2.45 versus
1.78) and traffic lights (2.24 versus 1.59). It also scores higher than Cosmos3-Nano-Transfer-Auto in four of
the five scene-element categories, while cross-view scores differ by at most 0.05 on the 1-3 scale.

The 4-step causal model trades some video quality for streaming efficiency, consistent with the DOVER results.
Road-surface and weather agreement are 87.0% and 81.0%, respectively, also below both comparison models.
Nevertheless, the causal distilled variant retains stronger scene-element fidelity and cross-view agreement than
the video baseline while enabling 4-step streaming generation.
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Figure 26: One-hour rollout stability of Cosmos3-Nano-Sim-Auto. We generate two driving scenes continu-
ously for 1 hour, cycling their WSM controls and captions with a rolling K/V cache. Video quality (DOVER),
temporal consistency (ACM and TSE), and cross-view consistency (CSE-5) show no sustained degradation over
the rollout. Faint curves show 4-second-window scores and bold curves show 1-minute averages.

Long-rollout stability. To assess long-rollout stability, we run Cosmos3-Nano-Sim-Auto continuously for up to
1 hour of generated video, repeatedly cycling the WSM control sequence and associated text prompts while
maintaining a rolling K/V cache. Under this setting, we observe no substantial degradation in the evaluated
quantitative metrics over the 1-hour horizon (Fig. 26). Qualitatively, scene structure and control following
remain consistent, although object appearance and physical plausibility can deteriorate over extended rollouts.

Summary. Cosmos3-Nano-Transfer-Auto and Cosmos3-Nano-Sim-Auto extend Cosmos3-Nano into controllable
sensor generation with 1-11 camera views, supporting both RGB-only and joint RGB-LiDAR outputs. The
bidirectional model produces high-quality synchronized clips for offline data generation, while its causal
distilled counterpart combines strong generation quality with fast, few-step streaming generation. Both models
achieve substantial gains in frame and video distribution fidelity over the strong Cosmos-Transfer2.5 baseline,
together with better temporal coherence, traffic-object adherence, and human-rated cross-view consistency.
They also improve all five LiDAR distribution-fidelity metrics over LidarVerse while jointly generating RGB and
LiDAR. Together, these results demonstrate flexible, high-quality sensor generation for both offline synthesis
and fast streaming.

8. Related Work

Interactive world simulation connects learned representations of the physical world with controllable prediction
and responsive execution. World foundation models supply reusable visual and multimodal priors (NVIDIA,
2025, 2026), while causal generation and distillation make these priors available for interactivity (Huang et al.,
2025; Zheng et al., 2026). Their use in an ongoing simulation also depends on how observations retain the
consequences of earlier controls and how quickly new inputs can affect generated outputs. We review these
connections to position our shared post-training recipe and stateful streaming execution within the broader
development of interactive world models.
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8.1. Controllable World Models for Physical Al

World models learn how environments evolve so agents can choose actions through imagined futures. Early
latent dynamics models used compact rollouts for planning and behavior learning (Ha and Schmidhuber,
2018; Hafner et al.,, 2019, 2020), and predictive representation learning extends this idea without rendering
every predicted state (Assran et al., 2025). Generative world models expanded the interface to visible futures
that can be inspected and used as simulated observations (Bruce et al., 2024; NVIDIA, 2025,). Multimodal
foundations broaden this interface by coupling scene interpretation with the generation of future observations.
Cosmos 3 (NVIDIA, 2026) couples a reasoner tower for multimodal understanding with a generator tower for
synthesis, sharing representations of language, observations, and heterogeneous actions. Using these priors in
an ongoing simulation additionally requires predictions to depend on available history and to become usable
as new controls arrive. Our framework inherits this backbone and its shared action interface, then adapts
prediction and execution for incremental observation generation.

Grounding these visual futures in executable interventions made prediction useful for control, from early
model-predictive replanning (Finn and Levine, 2017) to policy learning with action-conditioned diffusion (Yang
et al., 2023). Autoregressive token models additionally bring observations, actions, and rewards into one
predictive sequence (Wu et al., 2024). Across these formulations, the learned response still depends on how
training observations are associated with executable commands. As visual priors broadened, control supervision
became a central constraint. Human videos offer varied experience through inferred latent actions that require
adaptation to robot commands (Gao et al., 2026), while measured actions provide direct supervision with
coverage limited by available interaction data (Huang et al., 2026). Both strategies must connect the visual
prior to the interventions used during deployment.

Camera control exposes the spatial consequences of this grounding: requested motion must produce a compatible
change of viewpoint (He et al., 2024; Xu et al., 2024). Gen3C (Ren et al., 2025) renders a retained 3D
cache to guide new views, while global poses, geometric memory, and metric annotations provide other
spatial anchors (Nam et al., 2026; Zhang et al., 2026; Zhu et al., 2026). Decoupling human and camera
motion helps compose controls (Wang et al., 2026), and sustained navigation makes historical scene evidence
important (Robbyant et al., 2026; Gao et al., 2026; Wang et al., 2026; Qian et al., 2026). Reference video and
rendered scene evidence reduce uncertainty about observed content, while generation still needs to complete
unseen regions (InSpatio Team et al., 2026; Song et al., 2026). These conditions constrain what is observed,
while inference-time camera guidance (Singh et al., 2026; Ouasfi et al., 2026) and reconstruction feedback (Zhou
et al., 2026) constrain how predictions follow the requested view. Such guidance can improve a prescribed
trajectory without establishing how the model will respond to controls received during generation. Revisits in
changing or shared scenes additionally require preserving interaction consequences across observers (Xiong
et al., 2026; Savva et al., 2026). Accurate viewpoints alone do not establish scene persistence.

Structured scene conditions move part of this consistency problem outside the learned generator. Geometry
and spatial controls constrain layout and appearance (Gao et al., 2023; NVIDIA, 2025). Explicit 3D worlds
retain geometry across viewpoints (Bahmani et al., 2025; Shen et al., 2026; Team HY-World et al., 2026; World
Labs, 2026), while spatially grounded image context connects view synthesis with reconstruction (World Labs
Team, 2026). An external simulator can maintain evolving physical state and supply it through conditions,
leaving the generator to synthesize appearance and unspecified dynamics. When this observation interface
expands to multiple sensors, consistency also needs to hold across streams. Shared scenario maps anchor views
in a common layout (NVIDIA, 2025). OmniDreams (Basant et al., 2026) couples this grounding to causal
training and distillation on student-generated rollouts for streaming simulation. Different camera projections
and sensor modalities then need to express the same scene through their respective observation geometries
and representations. Similar staged conversion supports mixed camera projections (Hu et al., 2026), while
joint camera-LiDAR models require cross-modal scene agreement (Waymo, 2026; Cheng et al., 2026).
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These observation models also support decision-making through inverse dynamics, joint video and action

modeling, or planning over imagined futures ( R ; , ; R ). Policies
can issue actions before video denoising completes through asynchronous sampling ( , ) or
intermediate denoising features ( , ). The simulator’s corresponding requirement is to return

complete observations that a downstream policy or agent can use in the interaction loop. Policy action rates
therefore do not directly measure simulator observation rates. Comparing policy outcomes in generated and
real environments tests simulation utility ( s ; s ). Our shared recipe connects
incremental observation generation across these interfaces to causal training and stateful streaming execution.

8.2. Causal Video Generation and Few-step Distillation

Moving from generated clips to ongoing interaction changes what temporal information a model can use.
Bidirectional video diffusion coordinates observations across a complete target clip, while an interactive video
generator must commit to the next prediction from the available history and controls. Diffusion Forcing (

, ) provided a sequence formulation with varying noise levels, supporting different prediction and
conditioning patterns. CausVid ( S ) showed how a causal student could inherit a bidirectional
video prior through distillation. The student’s temporal visibility and the teacher’s supervision play different
roles. A teacher may supervise conditional denoising from the same history or assess complete student rollouts
through distribution matching ( , ). The deployed student still predicts from available history
and supplied controls, even when its training teacher evaluates a complete generated rollout.

Causality makes incremental control possible, but the cost of repeated denoising remains. Consistency models
reduce sampling steps by learning predictions that agree along a denoising trajectory ( , ;

, ). Distribution matching instead refines the fast student’s output distribution using teacher and
auxiliary score estimates ( s ). These objectives can be combined through score regularization,
preserving trajectory information while matching the generated distribution ( , ). In autore-
gressive generation, this complementarity also motivates a staged procedure: consistency distillation initializes
subsequent training on the student’s own rollouts ( , ; , ). Teacher forcing supplies
an offline, mode-covering initialization before on-policy distribution matching, whose optimization is sensitive
to the starting model ( , ). Using the same clean reference history for the teacher and student
makes the consistency targets conditional on the same task and allows their construction online ( ,

; , ), linking fast sampling to aligned supervision.

A fast causal predictor still encounters a further mismatch: its context history contains its own imperfect outputs
at rollout time. Self Forcing ( , ) addresses this exposure bias by training with autoregressive
student-generated histories and a loss over the resulting video. Once training includes generated history, the
next issue is how far that supervision extends. Long-context teachers provide a training signal across longer
student rollouts ( ) ; ) ), while forward-and-return cycle consistency offers
a constraint without teacher-based distillation ( s ). Longer horizons alone do not ensure
that the model sees the interactions most likely to expose failures. Adversarial policy curricula address this
coverage issue by finding high-error trajectories near the behavior distribution and prioritizing them for further
training ( S ). Generated context, supervision horizon, and control coverage are therefore
related but distinct parts of learning a reliable interactive generator.

Causal-rCM ( , ) brings teacher forcing consistency initialization and self forcing distribution
matching together in the recipe that directly underlies our post-training. This report documents this recipe across
three example applications and connects it to their conditioning and streaming execution. After bidirectional
domain and long-context adaptation, the shared stages are causal teacher forcing, teacher forcing discrete-time
consistency distillation, and self forcing distribution matching distillation ( ). The causal teacher supplies
stage-2 consistency trajectories, and the adapted bidirectional teacher supplies the reference score for stage-3
student rollouts. This teacher distinction preserves the student’s causal prediction rule while using supervision
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suited to each stage.

8.3. Efficient Inference for Streaming Video Generation

As streaming generation outgrows a fixed clip, memory must control computation without losing useful scene
history. K/V caching reuses unchanged observations, but retaining every entry increases memory and attention

cost with the session. Rolling windows and compact histories bound active context ( , ;
s ; s ), while initial sinks preserve startup information ( s ; R
; . ). Matching training and deployment windows can reduce context-length mismatch,
although reference and generated histories can still differ in distribution ( s ). Older evidence can
be compressed into a fixed-budget representation ( , ) or recovered through retrieval ( ,
; s ). Retrieving context relevant to the next prediction ( s ; . ;
, ) trades storage and selection costs against the information lost through compression. Recovered

appearance must also reflect intervening actions, motivating memory associated with time or interaction
events ( , ; , ). Remembering a scene therefore differs from preserving the
consequences of interactions.

Bounded history also makes the recurring workload predictable, enabling compilation and graph replay (

s ). Efficient attention reduces the cost of each denoising step ( s ; s ).
Low-precision execution can further reduce arithmetic cost and memory use by representing model tensors with
fewer bits. LongLive-2.0 ( , ) combines NVFP4 inference with K/V cache quantization, applying
lower precision to both model computation and retained history. Distributing generation across devices offers
additional parallelism at the cost of communication ( ) ; s ). End-to-end
gains depend on the resulting critical path: decoding and history updates can overlap after denoising, but
communication and synchronization may offset the savings.

These efficiency gains alone do not establish responsiveness. Chunking can delay when a newly received control
affects the output ( , ), while joint audio-video generation adds synchronization requirements
across streams ( , ). Throughput must therefore be paired with control-to-observation
latency under the same workload. Our streaming approach connects bounded state reuse with parallel and
asynchronous execution under explicit latency boundaries ( ), separating generation capacity from the
time needed to return an observation affected by a new input.

9. Conclusion

We presented a shared post-training framework that turns Cosmos world foundation models into interactive
simulators for Physical Al. By combining causal learning, few-step distillation, and stateful streaming, the
framework generates observations in response to incoming actions and scene controls. The three Cosmos3-
Nano examples span camera navigation and robot manipulation, video transfer, and multi-view AV simulation,
supporting both prediction of visual action consequences and observation generation from an external simulator’s
physical state. Selected configurations reach real-time generation throughput, and the calibrated robot study
demonstrates policy feedback through generated observations. The central opportunity is to make simulation
a continuing source of experience shaped by an agent’s decisions. With sufficiently responsive observations,
an agent can act, observe how the scene changes, and use that experience to decide what to do next. We
expect interactive world simulation to broaden the environments, appearances, and interventions available for
Physical Al training and evaluation. By coupling visual diversity with repeated, controllable interaction, these
environments could shorten the cycle of learning, testing, and refining agents, helping developers identify
failures before deployment.
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