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Multimodal video model, A2A-Video, 
allows prediction of any frame of any 
modality, conditioned on any 
combination of input 
modalities/frames.
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Chained generations: traversing across modalities, which allows decomposing a task 
(e.g., caption to video) into a chain of simpler tasks of other intermediate modalities.

Multimodal Forecasting: temporal modeling across different spaces, which allows the 
forecasting space to be chosen based on the information of interest e.g., motion (via 
optical flow) or object positions (via bounding boxes).

Flexible video control & editing: control with any modality at any timepoint can be 
used to steer generation.
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Figure 1: We introduce A2A-Video, an any-to-any multimodal video model that is able to predict any
modality at any point in time, given any combination of observations from any other modalities. It is
thus able to traverse along both the modality and temporal axes, enabling flexible, diverse inference
schemes: chained generations, where we decompose a task, e.g., caption-to-video, into a chain of
sub-tasks of other intermediate modalities; Multimodal forecasting, where given a sequence of past
observations, the future can be forecasted in any of the modality spaces; and Flexible video control
& editing where a generation rollout can be controlled by conditioning on any of the supported
modalities specified at any point in time.

Abstract

Video modeling aims to capture the spatiotemporal relationships of an observation.
The de facto approach is to represent and model these relationships in RGB space.
While this can happen in RGB, doing so is challenging, as it requires simultaneously
learning high-level semantics (e.g., what is happening and where) and low-level
appearance (e.g., pixel-level details). It is also often unnecessary; for certain tasks,
estimating where an object will be in the future is often sufficient for decision-
making compared to generating its image in that future. While certain models have
gone beyond RGB towards modeling higher-level spaces such as DINOv2, they
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operate in a single representation space. We hypothesize that no single space is
universally optimal, as different downstream use-cases require modeling different
aspects of the future.
In this work, we investigate the role of multimodal modeling for video and develop
A2A-Video, an any-to-any video model that supports a diverse set of modalities,
including depth, surface normals, optical flow, bounding boxes, text, and neural
network feature maps. A2A-Video allows traversal across both the modality and
time axes simultaneously, establishing direct input-output mappings between all
supported modalities and giving rise to higher-order inference paths that are not
supported by specialist models. We explore three instantiations of this framework.
First, in chained generation, we decompose a task (e.g., caption-to-video) into
a chain of simpler tasks by predicting intermediate modalities; we find that this
chained inference yields higher-quality generations than direct generation. Second,
we study forecasting in multimodal abstract spaces and find that it can be more
accurate for information such as distances (via depth) and object motion (via
bounding boxes) than forecasting directly in the RGB modality. Finally, we
demonstrate the flexible video control and editing capabilities of A2A-Video.

1 Introduction

Understanding and predicting how a scene evolves over time is a central goal of video modeling,
which requires capturing the spatiotemporal relationships of an observation. Most video models
operate in RGB space, with some variance in input conditioning formats such as caption, class labels,
depth, and canny edges [48, 56, 52, 23, 12]. While this can happen directly in RGB space, we posit
that RGB is not always be the most suitable space to operate in - it entangles both low-level appearance
(pixel details) with high-level semantic changes across time. This is a difficult task for a video model,
as it aims to learn these two aspects simultaneously. Moreover, it is often unnecessary: for certain
predictive tasks, estimating where an object will be in the future is often sufficient for decision-making
and more actionable than generating its image in that future [3, 58]. Jointly formulating multiple
spaces for video modeling and studying the consequences for the relationships between them is,
therefore, of fundamental interest.

In this work, we investigate video modeling using abstract spaces beyond RGB, defined through
multimodality. We first develop an any-to-any video model, A2A-Video (Fig. 1: left), pretrained
with a multimodal masked modeling objective [36, 17]. A2A-Video supports a diverse set of
modalities: depth, normals, optical flow, bounding boxes, text, and neural network feature maps, etc.
These modalities capture different aspects of an underlying scene and naturally form a hierarchy
of abstractions depending on the type and complexity of the information each captures: depth and
normals, for instance, encode more geometric detail about a video than modalities such as captions
or bounding boxes, which are more semantic. By introducing any-to-any modeling in videos, A2A-
Video allows traversal across both the modality and time axes simultaneously and gives rise to
higher-order, diverse inference paths that are not supported by specialist video models. This means
inference itself, and the representation space, no longer need to be fixed in advance.

We study video-specific implications of A2A-Video in three settings (Fig. 1: right). In chained
generations (§4.2), we show that decomposing a fixed one-to-one task, text-to-RGB video generation
in our case, into a coarse-to-fine self-predicted chain of intermediate modalities (e.g., semantic to
geometric to RGB) significantly improves results over both direct generation and a specialist text-to-
video model trained in a controlled, matched-compute setup. Secondly, we explore temporal modeling
in abstract modalities (§4.3) and find that it can lead to more accurate forecasting of information
such as distances (via depth) and object motion (via bounding boxes), rather than generating a future
video from the input observation and subsequently extracting the desired information from it. Finally,
we demonstrate that A2A-Video allows control over video generation and editing (§4.4) at varying
granularity, from coarse (e.g., a bounding box) to fine (e.g., a full depth map) conditioning, and across
arbitrary points in time.

In summary, we make the following contributions: (1) we investigate any-to-any modeling in the
video domain and develop A2A-Video. A2A-Video traverses both the modality and temporal
axes simultaneously within a single model, and give rise to higher-order video-specific capabilities.
We demonstrate these capabilities in three video task settings: (2) we study the benefit of chained
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The man bends
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extending his arms
towards the child
with the blue ball.
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The man
straightens up and
begins to pull away.
He is standing
upright, looking
ahead. The boy is
in th ….

The green ball has
hit the man in the
black outfit. He is
now looking directly
at the colorful ball
as it comes
toward….

The man releases
the ball, throwing it
towards the boy.
The ball is in mid -
air, moving away
from the man and
towards the …

The man hands the
football to the boy.
The boy accepts it
and squats down to
grab the ball. The
man looks at boy

The man is bent
over and picks up
the ball,
presumably to
throw it to the little
boy. The boy is
standing

The man
straightens up,
holding the football.
The boy gets closer
to the man. The
grassy area, blue
equipment

The man walks
away, holding the
green ball. The
child is still in
motion, following
his throw. In the
backgro …

The boy picks up
the football from the
ground. He is in a
crouching position
with his hands
reaching forward.
The man

The man prepares
to throw the
basketball, his arms
extended. The girl
watches him. In the
background …

The man continues
to move closer to
the boy, shifting the
camera angle
slightly. The boy
arm is outstretche
….

The man throws the
blue ball forward. A
second man,
wearing a blue shirt
and black shorts,
runs towar…..d

The man raises his
hands, positioning a
ball, presumably a
football, preparing
to throw it. In the
background, …

The man with the
football takes a step
forward, holding the
football in both
hands. The young
child stands still, l

The man throws a
white ball into the
air. The boy is still
moving left, and his
arms raised. The
man and the boy

The man bends
down near the
yellow and black
structure. The boy
continues walking
toward the structure

The man
straightens up after
picking up the
soccer ball, holding
it in his hands. He
then throw

The man throws the
football toward the
boy. The boy is
looking up, ready to
catch the ball. In
the background, a
white tent with bl
…..

The man turns
slightly to his right
and holds a red
basketball. The girl
is now standing on
the grass, facing
towards the center

The man and the
boy are still walking
together on the
sidewalk. The lawn
to the left is bright
green …

A man in a red t -
shirt and black
shorts stands on a
sidewalk holding a
blue ball in each
hand, preparing to
throw them. In …

The camera
focuses on a man
in a blue shirt and
gray shorts who is
standing on a
concrete path,
facing …

The man is
standing still,
holding the football,
and the toddler is
standing next to
him, also watching
…

The boy raises his
arms up in the air.
The man in the
background picks
up a white bucket,
and the driveway is
partially...

The man walks
forward slightly as
the boy walks
towards a yellow
and black structure
sitting near …

The man in the
green shirt bends
further down,
reaching for the
soccer ball. The
young boy is still
running, and …

The man prepares
to throw the
football, bending his
arm back. The boy
stands still, holding
the football, looking
…

A man wearing a
light blue t - shirt
and khaki shorts is
holding an orange
basketball and
looking towards a
group of people…

Transcript.CaptionDepthRGB

Any-to-Any Video Predictions

A man and a young child
are standing on a sidewalk
on a sunny day, with a
grassy lawn to their left
and a large inflatable
bounce house to their
right. The man has two
small, blue balls in his
hands and is preparing to
throw.

A man is playfully
interacting with a young
boy in a backyard. They
are near a cooler with a red
can on it, and the boy is
holding a blue object. The
setting is a suburban
backyard with grass and a
brick house.

A man is teaching a young
child how to throw a
football while a takes place
outdoors. The man, in a
blue shirt and light shorts,
provides guidance on the
child technique, which
involves taking the shot.
The man throws the ball
toward the child.

A man in a backyard is
about to catch a ball
thrown by a young child.
The man is standing on a
concrete patio with various
inflatable pool toys around
him, and a playhouse is
visible in the background.

A young boy and an adult
are outside on a grassy
lawn, with houses and
trees in the background.
The adult appears to be
encouraging the boy to hit
him with a toy football, and
the young boy is running
toward him with a bat in his
hand.

A man is interacting with a
young child at a park. The
man is holding a football,
and the child is running
towards him, smiling. The
man then hands the ball to
the child.

A man and a young boy are
engaged in a playful chase
across a backyard. They are
running near a basketball
hoop in their direction, and the
camera follows their
movement. The scene is set
on a sunny day with a wooden
fence and trees in the
background.

A man is outside on a grassy
lawn holding a football and is
heard speaking, then tosses
the football towards a group of
children. The children scatter
to catch the football, who then
prepares to throw to the man
who is about to throw it to the
girl.

On a grassy lawn, a man in
a green shirt assists a child
in an orange shirt in
practicing football kicks. In
the background, there is a
child standing and a
colorful inflatable pool, and
a man is sitting in the
distance.

A man is outside on a
grassy lawn holding a
football and is giving
instructions. Behind him,
there is a small pond, two
dogs, and a tent set up.

Input
Time Opt. FlowSigLIP 2

Figure 2: Any-to-any capabilities. A2A-Video allows predictions from any input modality to any
target modality using a single model. Each row shows predictions in a chained manner from different
input modalities, which all correspond to the same video sample. High consistency is observed across
predictions, even from sparse modalities such as text → other and transcription → other modalities.

generations through intermediate modalities for video generation tasks; (3) we investigate forecasting
in different modality spaces and show its advantages over modeling directly in RGB; and (4) we
show that A2A-Video allows flexible control and editing of video generations by conditioning on an
arbitrary set of modalities at arbitrary time points. The diverse set of modalities allows conditioning
to range from coarse (e.g., a caption) to fine-grained (e.g., a depth map).

2 Related Work

Multimodality in video modeling. Many video models incorporate different modalities as condi-
tioning inputs to guide video generation: text-to-video approaches [23, 43, 22, 56]; depth, edges,
and human pose with ControlNet [57] and ControlVideo [12]; sketch sequences, reference videos,
and motion vectors with VideoComposer [50]; and text, audio, optical flow, and depth with the
LLM-based VideoPoet [29]. In these methods, most modalities serve only as conditioning inputs,
while videos themselves are modeled in RGB space. Multimodal video models have also been
explored, especially for robotics or driving, where videos are modeled in other modalities such as
segmentation maps under specific settings [53, 58, 28, 39, 27]. However, there is comparably little
investigation into unified and general multimodal settings that enable exploration of the modality axis
in the video modeling domain.

Any-to-any models. These are class of models that can accept any modality from a supported set as
input and generate any modality as output. These models aim to address the long-standing goals of
model unification and multi-task learning. UnifiedIO [34] and 4M [36, 17] are powerful examples
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in the image domain. To our knowledge, any-to-any modeling has not been explored in the video
domain. A2A-Video adopts the design choices of 4M [36] and tailors it for the video domain.

Forecasting in abstract spaces. DINO-WM [58] and DINO-Foresight [26] explore modeling in
feature spaces of pre-trained vision models. Chiu et al. [13] and Luc et al. [35] explore predicting
the future in semantic segmentation space conditioned on input RGB frames. However, these
methods are limited to operating in a single or a few modality spaces. A2A-Video supports multiple
abstractions, and enabbles joint analysis of the modality and the temporal axis and adjusting the
choice of modalities based on the downstream setting or a particular sample.

3 Method

Developing A2A-Video requires curating a multimodal video dataset, tokenizing different modalities,
and designing a model architecture and pretraining framework for any-to-any video modeling. We
discuss our approach to each in the following sections.

3.1 Multimodal pretraining video dataset

Multimodal video data with alignment across more than just video-caption pairs is scarce: no
existing video dataset provides aligned ground truth across multiple modalities at the scale we use for
pretraining (approximately 400K videos across 12 modalities). We overcome this by pseudolabeling
a base video dataset using specialist models. This is the established route for building large-scale
multimodal datasets, as shown by prior work such as 4M [36], 4M-21 [17], and MODUS [55]. To
ensure a high quality bar for pretraining data, we use SOTA or near-SOTA models for each modality.

Starting from video-class pairs from the Kinetics-600 [7] (600 action categories across ∼400k videos
of ∼10 seconds each), we generate 10 different modalities that can be categorized into 4 types:
(i) geometric modalities including depth maps, surface normals and 3D human poses, (ii) motion
modality including optical flow, (iii) semantic modalities including neural network feature maps from
pretrained vision models and bounding boxes, and (iv) 1D/high-level modalities including captions
and transcriptions. Additional details on pseudolabelers and modalities are provided in Appendix D.

3.2 Tokenization

We use discrete tokenizers that transform each modality input into a discrete tokens. This allows us to
train a unified model without introducing modality-specific architectural changes, since all modalities
are in discrete token space. Below we discuss tokenization details for different modality types.

Modalities with a dense 2D structure. We use video tokenizers that perform compression both
spatially and temporally. For modalities with a 2D spatial structure such as RGB, depth, normals, and
optical flow, we use the VidTok tokenizer [44]. This results in 1280 (flattened from a 5× 16× 16
token tensor) tokens per 4-second 128 resolution video clip sampled at 4 FPS. For feature maps,
we modify the input and output projection layers of VidTok’s architecture to be compatible with
the feature map input dimensions, and replace the L2 based reconstruction objective with a cosine
similarity loss. For feature-map modalities, we train tokenizers from scratch; for others, we fine-tune
the pretrained RGB VidTok tokenizer.

Modalities that are represented sequentially. For modalities such as captions, transcriptions, and
object class names within bounding boxes, we treat them as text tokens and encode using WordPiece
tokenization [14]. Bounding box coordinates and human pose parameters are encoded using dedicated
coordinate-bin tokens, with human poses further tokenized using a learned VQ-VAE. For bounding
boxes and human poses, we introduce special frame markers [FRAME_1], [FRAME_2], etc.,
to delineate frame boundaries which allows the model to be aware of the temporal structure. For
transcriptions, we use four special temporal tokens [SEC_1], [SEC_2], [SEC_3], and [SEC_4]
to mark the start of each one-second transcription segment aligned with the 4-second video clips. We
qualitatively show the pseudo-labeling and tokenizer reconstruction results in the Appendix E. In total,
the tokenized pretraining data amounts to 34B tokens, which are used for pretraining A2A-Video.
We denote this dataset as K600-MM.
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3.3 Developing A2A-Video

As shown in Fig. 3, A2A-Video is a encoder-decoder transformer model and uses a multimodal
masked modeling objective [36] for pretraining. During pretraining, one subset is randomly selected
from all modality tokens (across both space and time) as input to the encoder and another random
subset as masked (or target) tokens which is predicted by the decoder. For dense modalities, tokens
are sampled randomly for input and target, while for sequential modalities, we perform span masking
[40]. The model is trained with a cross-entropy loss to predict the output tokens.

Transformer 
Decoder

Mask token queries

321

321

321

654

654

765

987

987

987

…

Modality-Specific Tokenization

271 6 9 5 6 9 143 2 3 3 4 5
Context tokens (unmasked)

143 2 3 3 4 5

Modality 1

Frame 1

Token selection & masking
(Masking schemes: Random / Span / FCFF / FCAF / CFP)

Modality 2

Modality K

Frame 2 Frame n

…

Transformer 
Encoder

Figure 3: A2A-Video framework. Con-
text tokens (i.e., input to the transformer en-
coder) and masked tokens (i.e., target tokens
to be predicted by the transformer decoder)
are sampled from different modality tokens.
The masking strategy is a combination of ran-
dom masking and future prediction masking
modes tailored for both sequential and non-
sequential modalities.

Adaptations for temporal modalities. We apply the fol-
lowing adaptations to the image-based 4M’s architecture
[36, 17] for video modeling.

(i) Spatio-temporal positional embeddings. For modal-
ities with explicit spatial and temporal structure (RGB,
depth, optical flow, etc.), we use factorized additive learn-
able spatio-temporal positional embeddings. For sequen-
tial modalities such as bounding boxes and human poses,
which do not have a spatial grid structure, we use learnable
1D positional embeddings and frame marker tokens (e.g.,
[FRAME_1]) to define the frame boundaries.

(ii) Time-aware masking during pretraining. When se-
lecting the input and output token subsets for the encoder
and decoder respectively, we ensure that frame marker
tokens (e.g., [FRAME_1], [SEC_1]) are never masked
for sequential modalities and always remain part of the
encoder input. This keeps the encoder context temporally
grounded and allows the decoder to infer each token’s
temporal location when predicting masked tokens.

(iii) Masking modes for future prediction. 4M employs
random and span masking [40] for non-sequential and
sequential modalities, respectively. Random masking selects a subset of tokens to mask or keep
visible from a given modality that simulates a diverse set of video tasks such as inpainting, outpainting,
and past or future prediction etc. We introduce two additional masking strategies for non-sequential
and one for sequential modalities to reinforce A2A-Video future prediction capabilities. In contrast
to random masking where the model can interpolate a masked token from context on both sides in
time, frame-conditioned masking forces it to predict from past context alone.

• Frame-Conditioned Future Frame (FCFF): The input tokens are sampled causally from the
initial frames, and target tokens are taken exclusively from subsequent future frames, also in a
causal manner. This enforces a temporal separation between input and output tokens.

• Frame-Conditioned Any-Future (FCAF): Input tokens are sampled causally from the initial
frames similarly to FCFF, but the output tokens are sampled randomly in a non-causal manner from
any of the subsequent future frames.

• Causal Frame-level Prediction (CFP): Instead of random span masking, input tokens are selected
causally starting from the first token, and masked tokens begin immediately after the last input
token. This mirrors FCFF but is designed for sequential modalities. In our ablations, we found
that incorporating CFP is essential for our inference strategy of feeding back predicted tokens to
encoder, as it simulates such cases during training. Without this masking mode, model generations
significantly deteriorate when predicted tokens are fed to the encoder.

During training, one of the three masking modes (random, FCFF, FCAF) is selected with equal
probability for non-sequential modalities. For sequential modalities, CFP is sampled alongside
the span masking at a probability of 35%. Incorporating these frame-level causal masking modes
improves performance on future prediction tasks, as shown later in our ablation studies.

3.4 Chained generations

Unlike specialist video models that learn a fixed one-to-one mapping, A2A-Video can traverse
across modalities and generate any desired target modality from one or multiple input modalities.
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Input modality

Caption

Middle modalities
DINOv2, and Bboxes

Target modality
RGB

Encoder Decoder

Iteration # 1

A young boy in grey and orange 
sleeved shirt is sitting at a poetry 
table outside …

Encoder Decoder

Iteration # 2
A young 

boy in …

A young 

boy in …

Encoder Decoder

Iteration # 3
A young 

boy in 

Generate DINOv2 Generate boxes Generate RGB 

Figure 4: Chained generations with A2A-Video. We show the chaining capability of A2A-Video
for the task of generating RGB video given caption. Using DINOv2 [38] and bounding boxes as the
middle modality, A2A-Video predicts one modality at a time sequentially. Though each modality is
visualized in raw form here, A2A-Video operates in shared discrete token space of all modalities.

This higher-order flexibility gives rise to chained generations,1 where the model is iteratively tasked
to generate one modality at a time, feeding each prediction back to the model as additional context
before predicting the next target modality. We illustrate this in Fig. 4.

Chained generation enables consistent predictions across modalities, e.g., depth that is in agreement
with predicted semantics, and allows multimodal conditioning at test time without requiring annotated
intermediate modalities that often require external models. Crucially, chaining is not only useful for
this kind of cross-modal consistency but also serves as a methodological way to improve a single
desired function. Using chaining, we can decompose a fixed one-to-one task into a self-predicted
chain of intermediate, simpler sub-tasks. Below, we discuss one such instantiation for the RGB
generation task.

Chaining in abstract spaces for RGB video generation. Video generation can be viewed as
consisting of two entangled sub-tasks: modeling high-level semantic changes across time (e.g., object
positions, motion patterns, and scene composition), and modeling low-level pixel-level details. Jointly
learning both aspects at once (e.g., directly generating in RGB), is challenging since the model must
simultaneously reason about what is happening in a scene and how it should look. We hypothesize that
disentangling these two sub-tasks into a sequential process can instead lead to improved generation
quality. We study this, and use chained generation in A2A-Video to decompose class-, caption-,
and frame-conditional (1 and 5 frames) video generation into sequence of intermediate modalities:
semantic modalities such as detections and feature maps, followed by geometric modalities such as
depth, before finally generating RGB.

Chain design. We use a coarse-to-fine strategy: the chain starts from high-level semantic abstractions
towards modalities that represent low-level geometric structure. We empirically find that such chains
result in improved RGB generation compared to randomly assigning the chain order (Tab. 2). To
reduce the search space, we select a subset of A2A-Video’s modalities and categorize them into three
groups: sparse (captions, transcriptions), semantic (SigLIP 2 [46], bounding boxes), and geometric
(depth), and use Sparse → Semantic → Geometric chains across all tasks.

Optimal chain design. The ideal chain configuration is likely task-dependent. With n abstract spaces,
there exist n! possible orderings, making an exhaustive search computationally prohibitive as n grows.
In this work, we focus on RGB video generation and demonstrate that our coarse-to-fine chaining
strategy consistently improves generation quality. We leave a systematic search for optimal chain
configurations across all tasks to future work.

3.5 Forecasting through modality spaces

Video models can forecast rollouts into the future given past frames. This future prediction ability
has sparked interest in their capacity as world models [5, 1]. While useful future prediction models
with applications in robotics and driving are already emerging, existing models roll out the future
in one or two spaces [53, 58, 28, 39, 27]. A2A-Video allows exploration of the effect of extending
the prediction axis to many spaces (modalities) and allows the space to be chosen based on the
information of interest. For example, A2A-Video can be used to forecast object-level motion directly
in bounding-box space, rather than generating a future video from which motion must then be inferred.
The latter is both less efficient and redundant since it requires modeling details (e.g., background
pixels) in RGB that are unnecessary for motion prediction. For this investigation, we study forecasting
in the RGB, depth, normal, bounding box, transcription, DINOv2, and SigLIP 2 spaces.

1Chaining is broadly supported in any-to-any models, as demonstrated in 4M and 4M-21 [36, 17] for the image domain.
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[SEC_1] A man in a black shirt and blue jeans stands on a green lawn, holding the handle of a dark 
lawnmower… [SEC_2] The man continues to hold the lawnmower handle while the child leans forward, gripping 
the handle as if mowing… [SEC_3] The lawnmower remains stationary as the child pretends to push it. In the 
background, a dark SUV is parked on the street. [SEC_4] The man lifts the lawnmower handle upward, 

[SEC_1] The man is still pushing the lawnmower, walking forward. the child is also moving forward, maintaining 
a grip on the lawnmower handle… [SEC_2 The man continues to push the lawnmower across the grass… 
[SEC_3] The man continues to push the lawnmower. the red toy car is more visible in the background. [SEC_4] 
the man continues to push the lawnmower across the grass. the background shows a residential street with….

A man and a small child are on a sunny green lawn, with houses and cars visible in the background. The man is 
helping the child pretend to mow the lawn with a lawnmower that is turned off.

A man and a young child are mowing a lawn in a suburban neighborhood on a sunny day. the man is wearing a 
dark shirt and blue jeans, while the child is wearing a light - colored outfit. a dark - colored car is parked on the 
street in the background.
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Figure 5: While being a single model, A2A-Video generates diverse target modalities using RGB
video as input. We compare its predictions with those of its pseudolabelers used to construct its
pretraining data. Note that A2A-Video uses tokenized 128-resolution input videos, while pseudola-
belers use their native, often higher-resolution, pre-tokenized input videos.

Setup: we experiment with forecasting through different modalities by giving as input some observed
RGB frames and using A2A-Video to generate the future frames of a chosen target modality. We
test both direct prediction of the target modality (e.g. RGB → future Depth) or a single-hop chained
prediction (e.g., RGB → future DINOv2 → future Depth). We evaluate the generated future frames.

Evaluation: There are many valid rollouts into the future given a single past sequence. This poses
a problem for evaluating different generated rollouts because each video in the test set provides
only one realized future. We utilize Gneiting & Raftery’s energy score [19], which provide a
quantification of the quality of a predictive distribution against a single realized outcome. Given
sampled rollouts x̂(1), . . . , x̂(K) and the observed rollout x, the energy score is calculated as follows:
ES = 1

K

∑K
i=1 d(x̂

(i), x) − 1
2K2

∑K
i=1

∑K
j=1 d(x̂

(i), x̂(j)),where d is a task-appropriate distance
metric. Explanation and intuition behind this score is explained in Appendix B.2. For the distance
function, we use square root of the scale-invariant logarithmic loss (Sqrt-SiLog) [16], L2 in occupancy
maps, L2 in DINOv2 feature space, and L2 distance in Inception V3 feature space for depth, bounding
boxes, DINOv2, and RGB respectively.

4 Experiments

4.1 Any-to-any generation capabilities of A2A-Video

After pretraining, A2A-Video supports diverse video tasks within a single neural network. As
shown in Fig. 5, A2A-Video predictions for various modalities closely align with those of the
specialized pseudolabelers used to generate its pretraining data. Given RGB video as input, A2A-
Video can generate different modalities in a highly consistent manner. We evaluate A2A-Video
against specialist models under a matched setup across different tasks, and find that A2A-Video
achieves overall competitive performance; full results are provided in Appendix A.

In addition to RGB-conditioned mappings, the any-to-any nature of A2A-Video allows traversing
along the modality axis with arbitrary selection of input and output modalities. In Fig. 2, we
demonstrate this by showing one-to-all generation, where A2A-Video sequentially generates each
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Caption: A young woman with light skin and reddish-blonde hair in pigtails is facing the 
camera. She wears a green and blue tie-dye top and is in a room with posters on the wall. 
She appears to be in the middle of a burp, exclaiming ‘Oh'.
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[SEC_1] the boy has retracted his leg and is now standing with … [SEC_2] the boy lifts his left leg and begins a practice 
kick, moving his arms for balance … [SEC_3] the boy continues his dance, moving his feet and arms in a boxing stance, 
facing slightly to his left… [SEC_4] the boy takes a step and raises his arm again, preparing for another kick…

The scene shows a transition from a boy on a karate pad to a training session indoors. he executes a side kick and 
demonstrates foot placement, and the setting appears to be a training room equipped with yellow walls and wooden break 
boxes.

[SEC_1] the woman raises her eyebrows slightly and raises her left hand, pointing towards the camera … [SEC_2] the 
woman has her left hand back over her mouth, exposing her teeth.. [SEC_3] the woman suddenly pulls her mouth away, 
opening her mouth wide. she begins to yell loudly, … [SEC_4] she continues to shout, turning her head slightly to the left, 
and her expression changes. her eyes are wide and she appears …

Not generated in the chain: Caption is already provided as input condition

Figure 6: RGB video generations with chained generations in abstract spaces. For different RGB
tasks (left: class-to-video, and right: caption-to-video. Generating intermediate abstract modalities
such as transcriptions, SigLIP 2 feature maps, bounding boxes, and depth as middle modalities leads
to improved RGB generations. In contrast, frames generated using direct RGB often show artifacts,
especially for sudden motion changes, and lack geometric consistency.

modality from a single input with high consistency between predictions across modalities. In the
following sections, we show the usefulness of A2A-Video’s video-specific implications, i.e., chaining
and multimodal forecasting, for video generation and future prediction tasks respectively.

4.2 Video generation via chaining in abstract spaces

Using A2A-Video, we show that RGB video generations can benefit from chaining using the coarse-
to-fine chain design discussed in Sec. 3.4. As our main baseline, we use A2A-Video to generate
RGB tokens conditioned only on the input, denoted A2A-Video-direct. Both direct and chained
generations use the same trained model. We also train a variant of A2A-Video using RGB, caption,
and class modalities, with the same pretraining schedule as A2A-Video. This serves as our RGB-only
baseline, and allows us to disentangle the effect of training exposure from the benefit of chaining.

Table 1: Chained vs. direct modeling for RGB video
generation. Overall, chained predictions improve over
directly modeling in RGB space.

Video Generation Video Prediction

Class→RGB Caption→RGB Frame conditional

Model FVD Top 1 Acc. FVD Text Align. 1-frame 5-frame
↓ ↑ ↓ ↑ ↓ ↓

RGB Baseline† 490.6 40.9 304.3 19.2 318.6 172.6

A2A-Video-B Direct 325.0 53.3 418.6 17.9 230.0 138.0
A2A-Video-B Chained 263.7 52.9 250.0 19.2 155.0 119.0
A2A-Video-L Direct 360.3 49.5 231.0 20.6 229.3 132.3
A2A-Video-L Chained 249.0 57.1 191.3 20.2 143.0 105.0

We show the results in Tab. 1. Across different
model sizes, A2A-Video with chaining in ab-
stract spaces outperforms the direct prediction
baseline. The trend is consistent across class-to-
RGB, caption-to-RGB, and frame-conditional
RGB generation tasks. For direct baselines, we
optimize the generation hyperparameters, in-
cluding CFG scale, using grid search.

Qualitative results. We show generation re-
sults in Fig. 6 for different tasks. Videos generated using the direct generation baseline exhibit
structural artifacts. While the overall semantics are largely preserved (e.g., a person attempting
to perform a side kick when conditioned on this action), direct prediction struggles to model low-
level details such as object boundaries, particularly in frames where sudden motion occurs. In
chained generations, intermediate modalities such as semantic features and bounding boxes out-
line the semantics and motion trajectories, while geometric modalities such as depth help distin-
guish objects from each other. We hypothesize that this leads to RGB generations with coher-
ent motion and fine-grained details. Additional qualitative results are shown in Appendix A.3.

Table 2: Which modality group matters most in chaining?

Video Generation Video Prediction

Class→RGB Caption→RGB Frame conditional

Configuration FVD ↓ FVD ↓ 1-frame ↓ 5-frame ↓
Sparse (Caption → Transc. → RGB) 431.0 367.3 198.3 122.3
Semantic (SigLIP 2 → BBox → RGB) 266.3 191.7 150.7 107.7
Geometric (Depth → RGB) 439.7 309.3 209.0 122.0

Coarse-to-fine chain (default) 249.0 191.3 144.0 102.0

Analysis on chain design. We study
two questions regarding chain de-
sign: which abstract space group con-
tributes most, and how the ordering of
groups affects final generation qual-
ity. In Tab. 2, we perform generation
using individual modality groups and
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compare it with the full chain. Semantic modalities contribute most to generation quality, compared
to the geometric and sparse groups. This suggests that conditioning on high-level semantics (e.g., via
SigLIP 2) leads to better RGB generations than conditioning on depth or other low-level modalities
that primarily capture structural detail.

Table 3: Order of modality chain matters.

Chain ordering FVD ↓ Text Align. ↑
Caption → Geometric → Semantic → Sparse 239.0 19.9
Caption → Sparse → Semantic → Geometric (default) 191.6 20.2

In Tab. 3, we investigate the effect of chain order on
the quality of the generation. We reverse the chain or-
der such that geometric modalities are predicted first,
followed by sparse and semantic modalities. This
reverse ordering performs worse than the semantic-
first chain order. From qualitative comparisons, we observe that when the geometric modalities are
generated first, subsequent modality predictions are constrained by the geometric modality. This
strictly limits the ability of semantic modalities to flexibly guide the generation trajectory (except
for details not captured by geometric modalities, such as color information), even when semantic
modalities are part of the chain. Therefore, not only the presence of semantics but also their order
in the chain design significantly affects generation quality. Refer to Appendix A.3 for additional
analysis.

4.3 Forecasting in abstract modalities
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Figure 7: Forecasting future (a) Depth, (b) Bounding Boxes, (c) DINOv2, and (d) RGB frames
given 5 starting frames of RGB. Direct: prediction of the future frames of the target modality
directly from the 5 RGB frames, e.g. RGB[:5] → Depth[5:17]. Chained predictions (e.g. RGB[:5]
→ DINOv2[:17] → Depth[5:17]) with RGB, optical flow, SigLIP 2, Bbox., DINOv2, transcription,
depth, normal as middle modalities. GT-cond: prediction conditioned on the 5 ground-truth frames
of the target modality, e.g. Depth[:5] → Depth[5:17]. Static baseline: last input frame is used as
forecast. Random baseline: 16 random ground-truth test samples are used as forecasts. Retrieval
baseline: 16 closest neighbours selected from the ground-truth test set based on the conditioning
frames, based on the modality-specific distance function, are used as forecasts. Best chain: result if
the best modality chain for each sample was used. : Gap between per-sample best chain result
and the best single chain result.

Fig. 7 shows the results of forecasting evaluated with energy scores [19]. We first note the expected
findings: (1) for most forecasts, the energy scores increase with longer prediction horizons, since
predictions of the farther future are less likely to be close to the observed rollout; (2) the static
baseline, which is simply a repetition of the last given frame used as the ‘forecast’, performs well
in the initial few frames but rapidly degrades over time, while the random and retrieval baselines,
which are random and nearest-neighbor samples from the ground truth test set respectively, show
static performance over the entire horizon – with model prediction-based forecasts getting closer
to the retrieval baseline over time; and (3) the ground truth-conditioned prediction performs well,
especially in the earlier frames, because past ground truth frames allow for closer predictions to the
ground truth future frames.
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One finding is that chained predictions generally outperform direct predictions for forecasting,
reinforcing the results in Sec. 4.2. On average, the performance gap between different modality
chains is small, especially relative to the energy score gap between the lower-bound baselines and the
GT-conditioned prediction. However, the best per-sample chain performs significantly better than any
single fixed chain — it even overtakes the GT-conditioned prediction in later frames and degrades
much more slowly over time. This shows that while different modality chains perform similarly on
average, the optimal chain is highly sample-dependent. It strengthens our hypothesis that choosing
the right abstraction for prediction, on a per-sample basis, can substantially improve forecast quality.
This is a capability directly enabled by an any-to-any video model like A2A-Video.

We note that the best-per-sample chain here is selected via an oracle, i.e., knowledge of the optimal
forecast modality, and is therefore not directly usable at inference time. As a step towards an oracle-
free alternative, we show in Appendix B.1 that combining rollouts from multiple modalities into a
single mixed-modality forecast can partially recover the benefits of per-sample modality selection,
without requiring oracle access at test time. Finding the best chain per sample, however, is itself
a non-trivial problem. In this work, we limit our contribution to demonstrating the potential of
optimizing over modality chains and leave the chain-optimization problem itself to future work.
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We change the trajectory of the 'boy' bounding boxes by making him leave the screen to the left.

We add a new bounding box labeled 'girl' that moves from the right side of the frame towards the boy
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A person is flying a kite in an open field on a cloudy day. The kite is diamond-shaped and dark in 
color. The person is wearing dark clothing and is running across the grass to keep the kite in the air.
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Conditioning using first depth frame + caption as input
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A young girl figure skater in a black-and-white polka dot dress is practicing on an indoor ice rink. 
She performing basic skating moves as she moves across the ice.

Generations using first frame bboxes + caption as input
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Input bboxes 

A young man is performing a dance routine in a room with wood-paneled walls and a tiled floor. He 
is wearing a white t-shirt, dark pants,black and white sneakers, and a black glove on one hand.
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We change the labels of the bounding boxes : Building → Coral Reef, Snow → Seabed, Pants → ∅

We change the labels of the bounding boxes : Building → Beach Hut, Snow → Sand, Pants → ∅
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A young boy is in a grassy yard. He stops juggling and places the blue soccer ball on the ground. The 
ball stays still on the grass. The yard is green and there are houses and cars in the background.In
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A young man is performing a dance routine in front of a old building. He is wearing a blue t-shirt, 
yellow pants,black and white sneakers, and a black glove on one hand. 

We change the caption by mentioning the boy to stop playing and to place the ball on the ground.

We change the caption by mentioning the boy to move to its right toward the goal.

A young boy is in a grassy yard with a soccer goal on the right side. He kicks the blue soccer ball 
towards the goal. The ball rolls across the grass. In
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A hockey player in full protective gear and helmet is skating aggressively, stick in hand, chasing a puck.

A child in a colorful winter outfit is playing on a small ice rink set up next to a brick wall in a backyard.

A man passes in front of the camera in a winter night where a tall illuminated Christmas tree stands in 
the background, decorated with colorful lights that illuminate the night.

A white horse is running across an open field, approaching the camera and getting progressively 

Input depth 

A young man is performing a dance routine in front of a old building. He is wearing a blue t-shirt, black 
pants,black and white sneakers, and a black glove on one hand. 

Given input bounding boxes, we first generate RGB video 
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Figure 8: Fine-grained and controllable video generation using multimodal input conditioning.
We showcase several instantiations of video generation through multimodal input probing. A2A-
Video allows any combination of modalities as input to generate output videos. In most scenarios,
we provide one conditioning modality (e.g., first frame of depth/RGB/bounding boxes), and vary the
output generation using a probing modality (e.g., caption/bounding box labels or coordinates).
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We change the trajectories of the 'woman' and 'horse' bounding boxes.

Conditioning using first RGB frame + bboxes trajectories (all frames)
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Conditioning using first depth frame + caption as input
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Conditioning using first frame bboxes + caption as input
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Conditioning using bboxes trajectories (all frames) + caption as input

We change the following labels : Field → Lawn, Mule → Riding lawn mower
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A man is standing in a grassy field with a ball near his feet. He turns to face the camera and walks 
straight toward it, until he is very close.

G
en

er
at

ed
 

op
tic

al
 fl

ow

We change the caption to make man to turn toward the camera and approach it.

Generations

A man is standing in a grassy field with a ball near his feet. He bends down to pick up 
the ball and then throws it high into the air. He follows through with the throw, beginning 

to run after the ball.

A man in a field is about to breathe fire. He is holding a flaming torch and has liquid in 
his mouth, ready to project a large flame. The background shows a field, trees, and 

buildings in the distance under a partly cloudy sky.
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A young boy with glasses is holding up a black baseball cap, showing it to the camera. 
He mentions that it is a DC hat, and he then rotates it to show the back of the hat.
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We change the following labels : House → Bam, Riding lawn mower → Horse, Person →∅
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We change the caption to make the man kick the ball. We add a new bounding box labeled 'horse' and make it approache the woman.
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We changed the following labels : Lawn → Water, Riding lawn mower → Jetski, House →∅ We changed the following labels : Field → Sand, Tree → Ocean, Mule → ∅
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A man holds a golf clubs. He looks in front of him and prepares to swing the golf ball. A young boy is putting a cap on his head while looking at the camera.
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An old and blind man holding a cane to help him walks across a grassy yard.
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A young boy is holding a cap. Then, he throws it behind him, while continuously looking at the camera.

Generations Generations
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A person is driving a black riding lawn mower across a green lawn in a residential backyard. The 
mower is moving along a wooden fence that separates the yard from neighboring houses. The sky is 

partly cloudy.

A woman is riding a mule in a grassy field. The mule is dark brown with a white spot on its rear, and the 
woman is wearing jeans and a light blue shirt. The mule is walking slowly through the field, with trees 

visible in the background.
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Figure 9: Multimodal input probing for controllable generations in non-RGB modality spaces.
We extend our probing analysis to non-RGB modality spaces as outputs. For instance, we can control
how surface normals in the future will look by varying the probing modality, such as captions, the
first RGB frame, or bounding boxes.
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4.4 Arbitrary modality-time conditioning for video editing and control

Different modalities capture complementary spatio-temporal information in videos. Using A2A-
Video, this enables a diverse set of controls for video generation, ranging from coarse (e.g., caption)
to fine-grained (e.g., depth or bounding boxes). We demonstrate a subset of these capabilities in
Fig. 8. Given the first RGB frame, we generate its future frames by conditioning using caption as a
coarse steering modality. By changing the caption (e.g., stopping the football juggling or kicking the
soccer ball), we can generate plausible future frames that all start from the same input image. For
finer-grained control, instead of an RGB frame as input, we can generate videos by providing the first
frame in other modalities such as depth or bounding boxes. A2A-Video treats all of these tasks as
instances of the same problem: completing the missing parts of a partially observed modality-time
grid.

Most video models generate in RGB space; A2A-Video, in contrast, can generate and predict obser-
vations directly in modality spaces of interest, while still supporting multimodal input conditioning.
As shown in Fig. 9, we use different input modalities to generate in the output space of other modali-
ties such as optical flow and surface normals. For instance, using the first RGB frame, we can generate
future surface normals and optical flow by probing with the caption modality. These are analogous to
the RGB-output examples above, except the output space is non-RGB. This decoupling of input and
output modalities highlights A2A-Video’s generality beyond RGB-centric video generation.

5 Conclusion

We develop A2A-Video, an any-to-any multimodal video model that supports a diverse set of
abstract spaces, moving beyond the conventional RGB-centric video modeling paradigm. These
abstract spaces are defined through different modalities, which provide complementary information
about the underlying temporal observation. A2A-Video traverses both the modality and time axes
simultaneously, giving rise to higher-order inference paths which are not supported by specialist
video models. We study these implications in three settings. First, for generation, decomposing a
downstream task (e.g., text-to-video) through intermediate representations improves the target task
over direct generation. Forecasting benefits similarly: different modality spaces allow for unique
rollouts, such that the sample-dependent optimal chain enables significantly higher-quality forecasts
compared to forecasting directly in a single modality space. Finally, for control, we demonstrate that
A2A-Video supports flexible input-output conditioning across arbitrary modalities and time points,
from coarse to fine granularity, for video editing and generation.
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Appendix
A Additional experimental results

In this section, we provide additional experiments related to A2A-Video pretraining ablations,
chained generation, and comparisons with external specialist models.

A.1 Masking strategies for pretraining A2A-Video

For pretraining A2A-Video, we use a combination of different masking modes. As discussed in
Sec. 3.3, in addition to random masking, we introduce causal masking modes that incentivize future
prediction across both sequential (e.g., bounding boxes, transcriptions, etc.) and non-sequential
modalities (e.g., RGB, Depth, etc.). The frame-conditioned modes (i.e., FCFF/FCAF for dense
modalities and CFP for sequential ones) mask all future context tokens and are therefore harder than
random masking. Under random masking, the model can interpolate a masked token from context on
both sides in time, whereas causal masking forces it to predict from past context alone. This shows
up in the training loss, which stays relatively higher when these modes are included, but overall
optimization remains smooth across model scales (both A2A-Video Base and A2A-Video Large).
Their effect appears in downstream evaluations.

Tab. 4 shows ablations of these design choices using the A2A-Video Base model. Removing causal
masking modes for non-sequential modalities improves Caption→RGB generation in isolation, but
significantly degrades video prediction performance. This trend is expected, as future-prediction
masking modes are more aligned to the frame-conditioned generation task we perform at inference.
Our final pretraining uses a combination of random and future-prediction masking, which provides
the best performance trade-off across tasks.

Table 4: Ablation on future prediction masking modes. Incorporating masking modes that target
future prediction during pretraining improves performance across generation and prediction tasks.

Video Generation Video Prediction

Configuration Caption→RGB 1-frame
FVD ↓ FVD ↓

A2A-Video (default) 310.0 238.0
A2A-Video - future pred. modes (non-seq. modalities) 289.0 331.0
A2A-Video - future pred. modes (seq. modalities) 316.0 240.0

A.2 Comparison with external specialist models.

In this section, we provide zero-shot evaluation comparison results with specialist models on standard
video tasks (i.e., RGB to others). We consider 7 different video tasks including video generation,
prediction, captioning, depth, and normal estimation.

Evaluation settings. As external specialist models [48, 49, 41] for video generation and prediction
use a different training setup (i.e., training on 17 frame videos that cover a 0.8s time horizon sampled
at 30 FPS), we re-trained those models in our setting (i.e., 17 frames with a 4-second video sampled
at 4 FPS), using their official training code repositories. For depth and normal estimation, models
such as Video Depth Anything [10] and NormalCrafter [4] are trained with high-resolution videos
and images, whereas A2A-Video operates on tokenized inputs of 1282 resolution. We therefore
compare with two pseudolabeler variants: one evaluated at their native resolution and one that
processes high-resolution inputs through downsampling followed by upsampling with a tokenizer
reconstruction offset, to better reflect the constraints under which A2A-Video operates. For the
video captioning task, we simply resize input videos to 128x128, followed by upsampling to 224x224
resolution videos for the specialist models.

Results are shown in Tab. 5. On video generation and prediction tasks, LARP [48] performs best in
terms of FVD, while A2A-Video shows the best performance on text similarity and class-alignment
metrics. As LARP tokenizes videos into 1D sequences, a single second stage generation model
cannot be trained for arbitrary frame-conditioned future prediction tasks. We therefore train a separate
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Table 5: Comparison with specialist models on standard video tasks. A2A-Video is a single
model evaluated across all 7 task groups, while baselines are specialist models each covering a
subset of tasks (Tasks column). Under comparable evaluation settings, A2A-Video achieves overall
competitive performance while being a single model Gray rows show specialist depth/normal models
results at their native resolution, without the downsampling and tokenization offset.

Video Generation Future Prediction Captioning Depth Normal

Cls→Vid Cap→Vid 1 frame 5 frame MSVD DIODE NYUv2 DIODE NYUv2

Method Tasks FVD ↓ Acc. ↑ FVD ↓ Text Align. ↑ FVD ↓ FVD ↓ MET. ↑ BERTSc. ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ Mean◦ ↓ <11.25◦ ↑ Mean◦ ↓ <11.25◦ ↑

RGB A2A-Video baseline 4/7 490.6 40.9 304.3 19.2 318.6 172.6 – – – – – – – – – –
LARP [48] 1/7 166.8 43.4 – – 78.8 72.0 – – – – – – – – – –
NBP [41] 2/7 897.1 13.7 – – 255.9 141.6 – – – – – – – – – –
OmniTokenizer [49] 2/7 583.3 13.3 – – 392.9 292.7 – – – – – – – – – –
Video-LLaVA [31] 1/7 – – – – – – 0.158 0.874 – – – – – – – –
AuroraCap [9] 1/7 – – – – – – 0.180 0.874 – – – – – – – –
Video Depth Anything [10] 1/7 – – – – – – – – 0.571 0.673 0.194 0.855 – – – –
Video Depth Anything [10] (native res.) 1/7 – – – – – – – – 0.564 0.681 0.192 0.859 – – – –
NormalCrafter [4] 1/7 – – – – – – – – – – – – 25.16 21.01 18.76 47.40
NormalCrafter [4] (native res.) 1/7 – – – – – – – – – – – – 16.83 42.50 15.98 60.521

A2A-Video (ours) 7/7 249.0 57.1 191.7 20.2 143.0 105.0 0.218 0.892 0.590 0.631 0.218 0.823 23.94 32.84 21.56 44.20

DIODE

NYUv2

Figure 10: Zero-shot qualitative examples for depth (left) and surface normal (right) estimation
tasks. For pseudo-labelers, we use the following configuration for comparable evaluation settings:
downsampling of input video to 128×128, resampling to the original resolution before prediction,
and passing the prediction through the tokenizer with a reconstruction offset. The tokenized GT
represents the reconstruction upper bound after tokenization.

LARP model for both the 1-frame and 5-frame conditional benchmarks. In contrast, A2A-Video
uses a single network that supports all tasks. On depth and normal estimation, A2A-Video performs
competitively with external methods when evaluated under matched evaluation setups. Qualitative
results are shown in Fig. 10. Overall, A2A-Video, pretrained across 12 modalities, stays competitive
on established mappings while allowing higher-order video modeling capabilities (e.g., chained
generations, multimodal forecasting etc.) along that modality time grid that are not applicable to
specialized models.

19



A.3 Additional experiments on chained generations

Here we present additional ablation studies, analysis, and qualitative results for chained generations
with A2A-Video.

Reversing the chain order. In Sec. 3.4, we showed that changing the order of modalities in the
chain affects the generation results. Fig. 13 shows generation results for the coarse-to-fine chain
and its reverse-order variant. We observe two consistent trends. First, when geometric modalities
are placed at the start of the chain, the generated videos struggle to follow the semantics of the
input condition. Second, the generated videos exhibit relatively less motion compared to the default
coarse-to-fine chain design. We hypothesize that inferring semantic content from an input condition
(e.g., a caption) is harder when conditioning first on low-level modalities like depth than when
conditioning on semantic modalities such as SigLIP. This is because geometric modalities emphasize
low-level details such as edges and boundaries instead of encoding the high-level semantics carried
by the input condition.

Despite the presence of semantic modalities later in the chain, their ability to guide generation is
limited since the generated depth map has already defined the overall video trajectory. During training,
modalities from the same training sample are always mutually consistent; the model, therefore, learns
that subsequent modalities in the chain should be consistent with the earlier ones. This results in
limited flexibility to steer the video content once the video scene layout has been determined by the
earlier modalities in the chain.

Progressively adding modality groups in chain design. In Tab. 6, we study the effect of progres-
sively adding modality groups in our coarse-to-fine chain design. Using only the sparse modality
group, which includes caption and transcription, leads to the lowest overall performance. Including
the semantic group alongside the sparse group significantly improves performance and leads to
the best FVD. Further adding the geometric modality improves the top-1 classification score while
slightly reducing the FVD.

Table 7: Geometric modalities in chaining improves edge-based metrics.
Chain FVD ↓ Top-1 Acc. ↑ RGB Edge Sharp. ↑ Depth Edge Sharp ↑
Sparse → Semantic → Geometric (default) 249.0 57.1 70.81 18.47
Sparse → Semantic 246.3 55.4 68.39 17.81

Table 6: Coarse-to-fine chain design ablation.

Chain FVD ↓ Top-1 Acc. ↑
Sparse only 439.0 30.1
Sparse → Semantic 246.3 55.4
Sparse → Semantic → Geometric 249.0 57.1

We next examine how the geometric modality in the
chain design affects generation quality beyond what
FVD captures. As observed from our qualitative anal-
ysis, adding a geometric modality to the chain im-
proves low-level structural details in the generated
videos. We show generation comparisons in Fig. 11
(top). Using identical hyperparameters and seed set-
tings, we generate two RGB videos, one using depth in the chain and the other without. Adding depth
improves low-level frame details such as background clarity, clearer inter-object boundaries, and
object sharpness; however, this improvement is not reflected in FVD. We hypothesize that this is
because FVD relies on I3D features [8] and is primarily tuned for action recognition, and is therefore
potentially less sensitive to fine-grained spatial improvements such as object sharpness and boundary
clarity.

In Fig. 11 (middle), we generate depth maps using A2A-Video on videos that were generated without
depth in the chain, and compare them with depth maps from the chained generation. Fine-grained
differences are more noticeable in the depth space than in RGB. Depth maps produced by the chain
that uses depth contain more fine-grained and low-level structural details. To quantify this, we use
an edge sharpness metric that detects edges in the generated videos with a Sobel filter and averages
the resulting edge magnitude. We compute this metric on both depth maps and RGB videos and
report the results in Tab. 7. As expected, the edge sharpness metric is higher for the chain that uses
depth than for the no-depth chain design. We visualize the edge detections in Fig. 11 (bottom).
For example, in the hammer throw action category case, the chain design using depth generates
fine-grained boundaries of the protective net commonly seen in this sport, which are absent from
generations that did not use depth in the chain.
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Table 8: Ablating modality groups in the chain design.
Chain FVD ↓ Top-1 Acc. ↑
Sparse → Semantic → Geometric (default) 249.0 57.1

Leave-one-out
Sparse → Geometric 433.0 35.4
Sparse → Semantic 246.3 55.4
Semantic → Geometric 273.9 62.9

Input condition: Dyeing eyebrows

RGB video generation using chaining (excluding depth)
Input condition: Dyeing eyebrows

Input condition: Exercise (mountain climber)

RGB video generation using chaining (excluding depth)
Input condition: Slack lining

RGB video generation using chaining (including depth)

Input condition: Cutting trees

Corresponding depth maps:

Input condition: Setting table

Corresponding depth maps:

RGB video generation using chaining (including depth)

RGB video generation using chaining (including depth)

RGB video generation using chaining (excluding depth) RGB video generation using chaining (excluding depth)

RGB video generation using chaining (including depth)

RGB video generation using chaining (excluding depth)

RGB video generation using chaining (including depth)

Without using depth in the chain

Using depth in the chain

Without using depth in the chain

Using depth in the chain

RGB video generation using chaining (excluding depth)

RGB video generation using chaining (including depth)

Input condition: Hammer throw

Corresponding canny edges:

Input condition: Dining

Corresponding canny edges:

RGB video generation using chaining (excluding depth)

RGB video generation using chaining (including depth)

Without using depth in the chain

Using depth in the chain

Without using depth in the chain

Using depth in the chain

RGB video generation using chaining (excluding depth)

RGB video generation using chaining (including depth)

Figure 11: Effect of including depth in the chain. Top: RGB generations for different input
conditions using the coarse-to-fine chain with and without depth in the chain, under identical
hyperparameter and seed settings. Middle: depth maps corresponding to the two chain variants.
Bottom: Canny edge maps of the generated videos. Including depth improves low-level structural
details such as object boundaries, background clarity, and sharpness.

Ablating on the chain design: Tab. 8 shows results for ablating modality groups in our coarse-to-fine
chain design. Consistent with our earlier analysis, removing semantic modalities from the chain leads
to lowest generation results. Overall, using all modality groups results in the best trade-off between
FVD and top-1 accuracy.

Qualitative results. In Sec. 4.2, we presented qualitative results for class and caption conditional
RGB generation tasks. In Fig. 12, we show results for 5-frame conditional generations for both
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chained and direct generations using A2A-Video. Overall, chained generation leads to higher-quality
video generations, with high consistency among predictions across different modalities in the chain.
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[SEC_1] a girl in a pink shirt stands with her hands on her hips. a boy in a white shirt and red shorts throws a hula hoop up in the air. another girl with pigtails is spinning a hula hoop around her body. a girl with a purple shirt walks into 
the frame from the right, her arm partially obscuring the view. [SEC_2] the girl in the pink shirt spins the hula hoop around her waist. the boy in the white shirt has released his hula hoop, which is now falling towards the floor. the girl with 
pigtails is also starting her motion. [SEC_3] the girl with pigtails lowers her arms as she prepares to pick up a hula hoop. the boy in the white shirt stands still, now holding a hula hoop, as a hula hoop lies on the floor nearby. the girl with 
pigtails has started to spin her hula hoop. [SEC_4] the girl in the pink shirt begins to swing the hula hoop in front of her body as the girl with pigtails continues to raise the hula hoop over her head. the girl with pigtails is starting to hula 

Several children are in a gymnasium - like space with wooden floors. they appear to be practicing or playing a game that involves a hula hoop, with one of the hoops having just fallen to the floor

In
pu

t
D

ire
ct

 
R

G
B

C
ha

in
ed

 p
re

di
ct

io
ns

5 initial ground-truth frames
Si

gL
IP

 2
Bb

ox
es

De
pt

h
RG

B
Tr

an
sc

.
C

ap
tio

n

[SEC_1] a soccer ball with white and black panels sits stationary on a brown field. the field is slightly uneven, with some areas showing dry grass. a white line is visible in the background. 

[SEC_2] a person wearing a red shirt and black shorts begins to walk towards the ball. the person is wearing black shoes with white soles. 

[SEC_3] the person continues walking toward the ball. the grass is brown, and the field is slightly uneven. the person is approaching the soccer ball. 

[SEC_4] the person kicks the soccer ball with their right foot. the ball moves forward on the grass."


A soccer ball is on a grassy field, and a person in a red shirt and black shorts is preparing to kick it. the person is standing a few feet away from the ball, with their arms moving up and down.

Figure 12: Chained vs. direct predictions for 5-frame conditional RGB generation. Given 5 initial
ground-truth RGB frames as input, we compare direct RGB generation with chained generation,
where Video-4M sequentially predicts caption, transcription, SigLIP 2 features, bounding boxes, and
depth as intermediate modalities before generating RGB. The high-level textual modalities establish
the global context of the future frames, semantic modalities outline object layout and motion, and the
geometric modality refines low-level structure, leading to more coherent generations than the direct
baseline.

B Additional results on forecasting in abstract modalities

B.1 Oracle-independent mixed modality forecast

Motivated by the observation that the best forecasting modality varies across samples, we conduct
an additional experiment using a modality-mixture forecast. Because the best modality for a given
sample is not known at inference time, we form one forecast distribution by combining rollouts from
multiple modalities. This distribution contains 10 bbox, 3 transcription, 2 SigLIP, and 1 surface-
normal rollout, with the composition selected on a validation set disjoint from the test set. The
resulting mixed-modality distribution achieves a better energy score than any single-modality forecast
distribution. Note that this modality-mixture forecast is only enabled by a model such as A2A-Video.
While this modality-mixture forecast does not rely on an optimal forecast modality oracle, the gain is
weaker than using the oracle, so we believe that the main takeaway from the forecast experiments is
still the per-sample nature of the best forecast modality, and this modality mixture forecast experiment
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. [SEC_1] a young person in a blue shirt and light - colored pants stands at the top of a dirt field. the field is dirt, with sparse green grass visible around 

the base. [SEC_2] the young person in a blue shirt and light - colored pants gets ready to catch the yellow soccer ball, standing with arms outstretched. 
[SEC_3] the young person in a blue shirt and light - colored pants prepares to kick the yellow ball. she steps slightly forward as the ball comes to rest 
near her feet. [SEC_4] the young girl kicks the soccer ball with her right foot, sending it into the air.

Input caption: This clip shows a young woman preparing to kick a soccer ball on a grass and dirt field. She approaches the ball with determination, ready to make a play. (Action: Kicking soccer ball)

[SEC_1] the woman is adjusting her stance and looking down at the soccer ball, which is stationary on the grass. she prepares to kick it. [SEC_2] the 
woman is beginning to move forward, shifting her weight slightly and maintaining her balance. the soccer ball is still stationary in front of her. [SEC_3] 
the woman continues to move towards the ball, her gaze fixed on the ball. she is getting ready to kick the ball with her right foot. [SEC_4] the woman 
plants her right foot next to the ball to stop its movement. she is looking down at the ball, focused on her next action.Tr
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. [SEC_1] the hand finishes the letter, completing the flourish. the letter is an elaborate, stylized flourish with sharp curves and angles. the word is clearly 

calligraphic, with varying angles and thicknesses. [SEC_2] the hand finishes the letter k, calligraphy night, completing the decorative flourish. the word is 
clearly elegantly styled with elegant gothic style and angles. the calligraphy pen hovers above the paper. [SEC_3] the hand begins to create the letter h 
or identical decorative flourishes below the descending from the word. it creates a thick, elegant stroke on the white surface, creating a long stroke. the 

Input caption: The video shows someone writing the word "Castlevania" on a white surface using a calligraphy pen. The hand holds the pen and carefully traces the letters, creating a dark, gothic-style font. (Action: Calligraphy)

[SEC_1] the hand is carefully tracing over the existing gothic - style word  tahoe, giving it more definition to the gothic font. the pen moves smoothly 
across the paper, creating smooth, fluid strokes. [SEC_2] the pen is now forming the letter [UNK]. the letter is thick and black, adding contrast to the 
writing on the white paper. [SEC_3] the pen moves to start the next letter, e,  in the word to continue outlining the letter with dark ink. [SEC_4] the pen 
begins the letter n, carefully creating thick and thin lines that eventually form a short, distinct letter, while other text is being written underneath.

Chaining configuration: Geometric     sparse     semantic modality groups → → Chaining configuration: Sparse      semantic      geometric modality groups → →

Chaining configuration: Geometric     sparse     semantic modality groups → →

Tr
an

sc
.

Si
gL

IP
 2

Bb
ox

es
De

pt
h

RG
B

Figure 13: Effect of reversing the chain order. For the same input caption, we compare generations
using the reversed chain (left: Geometric → Semantic → Sparse) and the default coarse-to-fine chain
(right: Sparse → Semantic → Geometric). When the geometric modality is predicted first, the early
depth prediction constrains the subsequent modalities, and the resulting videos struggle to follow the
semantics of the input condition and exhibit less motion compared to the coarse-to-fine ordering.

serves as secondary strategy where combining forecasts from multiple modality spaces can partially
recover the benefits of selecting the appropriate forecasting modality for each sample.

Table 9: Oracle-independent mixed-modality forecasting. Energy score (lower is better) for single-
modality forecasts compared to the mixed-modality forecast, which combines rollouts across modali-
ties without requiring oracle access at test time.

Forecast modality Final frame (16) Mean frames 6–16

Mixture 8.56 [8.36, 8.76] 7.73 [7.56, 7.91]
Bbox 8.67 [8.44, 8.89] 7.79 [7.61, 7.97]
SigLIP 8.94 [8.76, 9.12] 8.00 [7.84, 8.17]
Optical flow 8.91 [8.72, 9.10] 8.04 [7.87, 8.20]
DINOv2 9.04 [8.86, 9.22] 8.10 [7.93, 8.26]
Transcription 9.08 [8.90, 9.26] 8.20 [8.04, 8.37]
Normal 9.23 [9.06, 9.40] 8.27 [8.10, 8.43]
RGB 9.28 [9.09, 9.46] 8.30 [8.13, 8.47]
Depth 9.42 [9.25, 9.59] 8.45 [8.29, 8.61]

B.2 Energy scores

Gneiting & Raftery [19] propose proper scoring rules for evaluating probabilistic forecasts, i.e.,
functionals that assign a score to a predictive distribution against the (single) real outcome that is
actually observed. A scoring rule is called strictly proper if in expectation it is uniquely optimized
when the predicted distribution matches the true distribution. They introduce the energy score,
a strictly proper scoring rule for multivariate outcomes that generalizes the continuous ranked
probability score (CRPS). Crucially, the energy score allows evaluation of a predictive distribution
from a single observed realization. Thus, rather than requiring access to multiple ground-truth futures
for the same past, which would be impossible to obtain, it compares the single observed rollout
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to samples drawn from the model’s predictive distribution, while also accounting for the internal
dispersion of those samples. This makes it well-suited for future prediction settings, where each
past sequence is associated with only one realized future, but the model is expected to represent a
distribution over many plausible futures.

Given sampled prediction rollouts x̂(1), . . . , x̂(K) and the single real (“observed”) rollout x, we
estimate the energy score as

ES =
1

K

K∑
i=1

d(x̂(i), x)− 1

2K2

K∑
i=1

K∑
j=1

d(x̂(i), x̂(j)),

where d is a task-appropriate distance between rollouts. For the energy score to define a proper
scoring rule, the distance metric d must be of negative type [19]. The first term measures how close
the predicted futures are to the realized future, while the second term corrects for the spread of
the predictive distribution. Intuitively, the score does not require observing all plausible futures for
the same past; instead, it evaluates the distance from the realized future to the model’s sampled
predictive distribution, with a correction for the distribution’s own sample-to-sample dispersion so
that, in expectation, the score favors calibrated predictive distributions over collapsed or artificially
overdispersed ones.

B.3 Qualitative results

Figure 14 shows forecasts made in different modality spaces: SigLIP 2, Bbox., and Normal using
four seeds each. To interpret the results, the forecasts are rendered back into RGB space using
A2A-Video.

C Additional results on multimodal conditioning for video editing and control

In Sec. 4.4, we showed different use cases of A2A-Video for video editing and control using a diverse
set of input controls. Those examples used chained generation (i.e., coarse-to-fine-grained chain
design, as discussed in Sec. 3.4). Here, we provide additional qualitative results and show comparisons
with the direct-generation inference strategy. Fig. 15 shows generation results conditioned on the first
RGB frame and caption. Videos from direct generation do not strongly adhere to the input conditions
defined by captions, while in chained generation, conditioning using captions is more strongly
reflected in the generated frames. These observations are consistent with the chained-generation
results for standard RGB video generation tasks, which we discussed in Sec. 4.2.

D Pseudolabeling

Table 10: Overview of Modalities. We
group different modalities into four cate-
gories based on the type of information they
capture. In total, A2A-Video supports 12
multimodal abstractions. For class category,
we learn a token embedding layer.
Modality Pseudo Labeler Tokenizer
RGB N/A ST FSQ
Geometric modalities
Depth VDA-v2 [10] FSQ
Surface Normal NormalCrafter [4] FSQ
3D Human Pose TokenHMR [15] VQ-VAE
Motion modality
Optical Flow DPFlow [37] FSQ
Semantic modalities
SigLIP 2 SigLIP 2 [46] FSQ
DINOv2 DINOv2 [38] FSQ
V-JEPA 2 V-JEPA 2 [2] FSQ
Detection Grounding DINO [32] WordPiece
1D/High-Level Modalities
Caption Gemini-2.0 Flash [45] WordPiece
Class category N/A Embed.
Transcriptions Gemini-2.0 Flash [45] WordPiece

No existing video dataset provides aligned ground truth
across multiple modalities at the scale on which our pre-
training is based (approximately 400K videos across 12
modalities, which amounts to 34B tokens). As discussed
in Sec. 3.1, we use pseudo-labeling to construct our K600-
MM pretraining dataset. Starting from the Kinetics-600
dataset [7], we obtain additional modalities through pseu-
dolabeling using task-specific models. Tab. 10 provides an
overview of all the modalities supported by A2A-Video.
Below we provide details on how different modalities are
pseudo-labeled.

Modalities with a dense 2D structure. For modalities
like feature maps, depth, normals, and optical flow, we
directly use off-the-shelf models to generate them. During
pseudolabeling, we generate modalities using the native
resolution of the videos and later perform spatial resizing
in the modality space to obtain 128×128 resolution sam-
ples. For feature maps, we use the default resolution of
the neural network (224 for SigLIP 2 [46] and DINOv2
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First five frames given in RGB

Rollouts in SigLIP
Rollouts in Bbox

Rollouts in N
orm

al

Time (Frames)

Figure 14: Rollouts of Future Frames (Forecasting) in Different Modalities. Future frames are
rolled out in SigLIP 2, Bbox., and Normal modality spaces, from the same five initial RGB frames,
using 4 different seeds each. Forecasts in SigLIP 2 tend to preserve the semantics of the scene
(skydiving and parachute), Bbox. the object locations, Normal the surface characteristics (sometimes
at the cost of semantic change from clouds to water surface). Note, this is an example selected to
intuitively demonstrate the effect that the forecasting modality space can have; for other cases, the
effect of forecasting modality is not always obvious or interpretable. However, this visualization is
intended to strengthen the intuition behind how multimodal forecasts allow for exploration of a wider
space of possible futures and add support to the finding in Fig. 7 that the best forecasting modality
depends on the sample and the task at hand.

[38], and 256 for VJEPA 2 [2]), as inference at 128×128 resolution would result in out-of-distribution
inputs for these models.

Modalities that are represented sequentially. For generating captions and transcriptions, we use
Gemini-2.0 Flash [20] by providing the input video alongside a prompt instruction. Additionally, we
obtain metadata and object tags for each video in our dataset.

Object tags consist of category names of active (e.g., objects involved in the main actions) and
passive (e.g., static or background objects) entities. For the bounding box modality, we use object
tags obtained from Gemini as detection labels for Grounding DINO, which generates the bounding
boxes. This diverse nature of object tags effectively enables open-vocabulary detection capabilities of
A2A-Video.

For human poses, we first generate 3D human poses using TokenHMR [15]. We noticed that the
pseudolabelers also generate complete human poses for partially visible human instances in the videos
(e.g., where only hands or fingers are visible). Additionally, there were false positive predictions
for out-of-distribution videos. We filter such bounding boxes by first estimating 2D poses [25] on
the predicted humans and retaining only those bounding box instances for which the 2D keypoint
prediction confidence for the nose, shoulders, and hips is above 0.85. This significantly reduced the
number of human pose predictions for partially visible human instances, for which complete pose
prediction was deemed invalid.
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n A young boy is in a grassy yard juggling a blue soccer ball. He alternates between using his head and his feet to keep the ball 
in the air. The yard is green and there are houses and cars in the background.

A young boy is in a grassy yard. He stops juggling and places the blue soccer ball on the ground. The ball stays still on the 
grass. The yard is green and there are houses and cars in the background.

A young boy is in a grassy yard. He runs as fast as possible to the right edge of the frame and completely disappears from 
view. The yard is empty with only grass visible.

A young boy is in a grassy yard juggling a blue soccer ball. Another boy runs into the yard from the side and joins him. They 
kick the ball to each other on the grass.

A young boy is in a grassy yard with a soccer goal on the right side. He kicks the blue soccer ball towards the goal. The ball 
rolls across the grass.

A young boy is in a grassy yard. A big dog runs into the yard from the right side. The dog runs towards the boy.
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Caption conditioned future predictions
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n Two boys are riding on bicycles along a wet, asphalt road in a residential neighborhood. One boy is pulling the other behind 

him using a yellow tow rope. The boy being towed loses control of his bike and heads toward the grassy shoulder.

Two boys on bicycles turn around and ride straight towards the camera. Their bodies fill more and more of the frame. They 
become clearly visible as they get very close.

Two boys are riding bicycles on a wet road. A red car drives towards both of them. The car passes them on the road.

Two boys are riding bicycles on a road. A thick gray fog fills the entire frame. The boys are disappearing into the fog.
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Figure 15: Caption-conditioned with direct and chaining future predictions. Given a single RGB
frame and a caption text as inputs, we use A2A-Video to predict different future RGB trajectories by
changing the caption. Notice how the chaining improves the future prediction.
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E Tokenization

A2A-Video is pretrained on the tokenized K600-MM dataset. As discussed in Sec. 3.2, we train
modality-specific discrete tokenizers. In Fig. 16, we show the reconstruction quality of trained
tokenizers for different modalities. As we sample videos at 4 FPS with a time horizon of 4 seconds,
most of our training samples contain abrupt motion changes (e.g., a person in a standby position
in one frame and in a kicking position in the very next frame), which are more challenging for the
tokenizer to reconstruct, compared to video samples where the motion change is more gradual (e.g., a
person using a sewing machine). We qualitatively show reconstructions using these two representative
cases. For more abstract modalities, such as feature maps, depth, or optical flow, reconstructions
are highly consistent with the raw modalities. For the RGB modality, reconstructed videos contain
small artifacts when fast or abrupt motion changes occur. Note that each tokenizer is fine-tuned on
the K600-MM dataset using its respective modality-specific data.

E.1 Tokenization of sequentially represented modalities

Unlike modalities that have a dense 2D structure, modalities like human poses and bounding boxes
are represented sequentially and use different tokenization strategies. We provide their tokenization
details below.

Bounding boxes. Each bounding box coordinate is quantized into one of 1000 uniform bins per
x and y axis, and every bin is assigned its own dedicated special token, added to the vocabulary
alongside the WordPiece subword tokens. WordPiece encoding is applied only to the object class
names within bounding box sequences. This enables open-vocabulary detection capabilities rather
than predicting over a fixed category list. A detection sequence therefore consists of coordinate-bin
tokens, class-name subword tokens, and frame-marker special tokens such as [FRAME_1], all
drawn from one shared vocabulary. We found this approach to be scalable to any arbitrary number
of detections as well as frames. This tokenization strategy is also widely adopted in the literature,
including prior sequence-based detection work such as Pix2Seq [11] and UniTAB [54], as well as
image-based any-to-any models [36, 17].

Human poses. For human poses, we use a learned VQ-VAE tokenizer from 4M-21 [17], which
tokenizes each pose into 8 tokens, as detailed in Tab. 10. We apply coordinate encoding to the global
orientation, body shape, and bounding box of each person using 1000 discrete bins, which are likewise
added to the vocabulary as special tokens. The final sequence is formed by prepending identifiers
(bbox, pose, shape) to the corresponding sub-sequences within each frame, with frame-wise pose
sequences separated by frame-marker special tokens such as [FRAME_1].

F Experimental setup details

F.1 Evaluation details.

For RGB generation tasks, we use Fréchet Video Distance (FVD) [47] as the primary metric, computed
on 2,000 videos from the test set. Results are averaged over three seeds, with each seed randomly
sampling 2,000 videos from the test set; the sampled videos for each seed remain consistent across
experiments. For multimodal forecasting experiments, we similarly evaluate on 2,000 videos, but
average results over 16 random seeds. In this setup, we use the same set of 2,000 videos for all 16
seeds. We additionally report classification accuracy and a text similarity score as alignment metrics
with respect to the input condition. Following VBench [24], we use a UMT-L [30] model finetuned
on Kinetics-600 classification to measure class-video alignment (using the first 16 of 17 frames), and
ViCLIP-InternVid-10M-FLT [51] to measure text-video alignment (subsampling 8 of 17 frames with
a temporal stride of 2). In both cases, videos are interpolated to 224×224 resolution.

F.2 Pre-training details

Implementation details. A2A-Video is trained at three model scales: A2A-Video-B with 198M
parameters, A2A-Video-L with 705M parameters, and A2A-Video-XL with 2.8B parameters. For
A2A-Video-B, we use a batch size of 11,200 (70 per GPU × 40 GPUs × 4 accumulation steps)
and train for 1,500B tokens, taking approximately 1 day on H200 GPUs. For A2A-Video-L, we
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Figure 16: Tokenizer reconstruction quality across modalities. For each of the tokenized modali-
ties, we show the original pseudolabeled input (orig.) alongside its reconstruction after tokenization
(recons.), for two representative K600-MM clips: one with gradual motion (a person using a sewing
machine, left) and one with abrupt motion changes (a person performing a kick, right). Reconstruc-
tions of abstract modalities such as feature maps, depth, and optical flow are highly consistent with
the raw modalities, while RGB reconstructions contain small artifacts when fast or abrupt motion
occurs.

use a batch size of 11,520 (36 per GPU × 80 GPUs × 4 accumulation steps) and train for 1,500B
tokens over approximately 2 days. For A2A-Video-XL, we use a batch size of 36 per GPU across
20 nodes with 4 gradient accumulation steps, resulting in an effective batch size of approximately
6,400, and train for approximately 10 days (covering 1,500B training tokens). Our implementation is
based on PyTorch, using Distributed Data Parallel (DDP) for A2A-Video-B and Fully Sharded Data
Parallel (FSDP) for A2A-Video-L and A2A-Video-XL. We pretrain all variants of A2A-Video
from scratch. Pretraining hyperparameters are shown in Tab. 11.

G Limitations

While A2A-Video demonstrates the benefits of abstract space modeling for video generation and
prediction, several limitations remain.

• Error propagation in chained generations. Our experiments in the main paper show that chaining
through intermediate modalities improves over directly predicting the target modality. However,
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Configuration Base Large XL

Training length (n tokens) 1500B 1500B 1500B
Warmup length (n tokens) 10B
Optimizer AdamW [33]
Opt. momentum β1, β2 = 0.9, 0.95
Base learning rate [21] 2e-5
Batch size 16.3K 14.3K 6.4K
Weight decay 0.05
Learning rate schedule Cosine decay
Feedforward activation SwiGLU [42]

Input token budget 512 512 512
Target token budget 512 512 512
Input and target α Mixture [17]
Masking strategy Mixture [17]

Image resolution 1282

Augmentation Center Crop
Repeated sampling [18] 4
Data type bfloat16 [6]

Table 11: Pre-training settings for scratch initialization.

chains are susceptible to error propagation, and generation errors in early steps can compound
and negatively affect subsequent modalities and the final output. Investigating strategies for
detecting and correcting such errors during chained inference is a promising direction for further
strengthening the benefits of chaining.

• Dependence on pseudolabeler and tokenizer quality. We use SOTA or near-SOTA models for
each modality for pseudolabeling and tokenization (Appendix D, E), but the quality of abstract
spaces is nonetheless bounded by these models. This also applies to tokenizers, as they are not
lossless, and predictions are therefore bounded by their reconstruction quality. As pseudolabelers
and tokenizers continue to improve, we expect A2A-Video to directly benefit, since our framework
is agnostic to the specific choice of pseudolabeler or tokenizer used for each modality.

• Evaluation of video generation and future prediction. Evaluating video generation and future
prediction remains an open challenge. Standard video generation metrics such as FVD are not
always fully representative of structural or fine-grained improvements: we show in Appendix A.3
that including depth in the generation chain measurably improves low-level structural details (e.g.,
object boundaries, edge sharpness), despite this improvement not being fully reflected in FVD.
Similarly, current future prediction metrics assume a single ground-truth future, whereas multiple
plausible futures may exist for a given observation. We believe developing better evaluation
protocols for both video generation and future prediction is an important direction for future work.

H Broader Impact

As demonstrated in our paper, a unified A2A-Video model enables higher-order capabilities such
as chained generation, multimodal forecasting, and fine-grained generation and editing via arbitrary
modality-time conditioning, which specialist models do not support. We also believe the broader
impact of our work extends beyond introducing any-to-any modeling to videos:

Relevance to other domains. We propose a thoroughly evaluated design to handle an additional
sequential structure in data, which is directly relevant to other domains such as audio, time-series, or
interleaved data. Prior any-to-any modeling methods were mainly developed for static images and do
not offer clear design guidance for these domains. A2A-Video addresses this gap, which required
non-trivial design changes to handle the temporal axis.

A conceptual contribution to world modeling. Furthermore, we see this work as an important
building block for world models operating in (multimodal) abstract spaces. It is an open debate
whether world modeling should happen in raw sensory space, such as RGB video, in a latent space,
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as in JEPA-style world models, or in other abstractions, such as semantics. This work proposes
joint multimodal modeling as a principled approach that unifies the strengths of all, rather than an
either-or answer. A joint multimodal model models one underlying physical reality through various
modalities simultaneously, and enables traversing across them without hard-committing to one, so
raw sensory observations, semantics, and latents can all be present at once. This shifts the question
from which space to model in, to how to effectively model a rich and diverse hierarchy of modalities
that accommodates all ranks of abstractions.
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