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Abstract

Current vision models typically maintain a fixed correspondence between their
representation structure and image space. Each layer comprises a set of tokens
arranged “on-the-grid,” which biases patches or tokens to encode information at
a specific spatio(-temporal) location. In this work we present Moving Off-the-Grid
(MooG), a self-supervised video representation model that offers an alternative
approach, allowing tokens to move “off-the-grid” to better enable them to represent
scene elements consistently, even as they move across the image plane through
time. By using a combination of cross-attention and positional embeddings we
disentangle the representation structure and image structure. We find that a simple
self-supervised objective—next frame prediction—trained on video data, results
in a set of latent tokens which bind to specific scene structures and track them as
they move. We demonstrate the usefulness of MooG’s learned representation both
qualitatively and quantitatively by training readouts on top of the learned represen-
tation on a variety of downstream tasks. We show that MooG can provide a strong
foundation for different vision tasks when compared to “on-the-grid” baselines1.

1 Introduction

Learning visual representations of the physical world is at the core of computer vision. Recent years
have seen a surge of vision models that address this problem via self-supervised learning [5, 8, 23, 40].
By leveraging objectives such as contrastive learning [5, 8] and masked image modelling [23], great
strides have been made towards learning useful representations from image data. The vast majority
of these methods use convolutional networks [35], vision transformers [14, 54] or a combination
thereof [4]. This choice of architecture comes to no surprise, as it inherently reflects the structure of the
underlying datasets: images are (typically) represented as grids of pixels, which are conveniently and
efficiently processed using 2D convolutions and patch-based heuristics. This grid-based processing,
however, leads to an inherent entanglement between the representation structure and image structure.
In other words, specific tokens or feature vectors of the representation are encouraged to capture the
contents of a specific image location, instead of binding to the underlying content of the physical scene.

This issue is particularly apparent when processing video: when there is motion in the scene, either
by ego-motion or object motion, the contents of the scene will move across the image plane and as
such the representation (i.e. in terms of what is encoded where) will change accordingly. However,
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many down-stream scene understanding tasks require observing how individual objects (or object
parts) change their configuration over time, even when other factors like camera motion translate the
objects around the image plane. In this case, a representation that preserves correspondences between
meaningful scene elements and representational elements is likely preferred.

As a consequence, many works targeting object-centric tasks such as object detection [4, 36],
tracking [25, 33, 38], or segmentation [34], have adopted specialized architectural components that
learn object-based representations: representations that are lifted from the image grid to bind to
individual objects. These representations, however, are specialized to object-centric tasks and either
need to be learned with detailed supervision [4, 34, 38] or have difficulty scaling to diverse real-world
raw video data [19, 33].

In this paper we propose a transformer-based video model that learns representations that are “off-the-
grid” (OTG) in a self-supervised manner, providing consistent features that bind to underlying scene
elements, and tracking them as they move through time. Our method, Moving Off-the-Grid (MooG),
makes extensive use of cross-attention to learn a latent set of tokens that is decoupled from the image
grid: tokens are updated via cross-attention when a new input frame arrives, and decoded back into
images via cross-attention. MooG can process videos of arbitrary length by iteratively updating the
representation as new frames are observed.

In summary, our contributions are as follows:

� We introduce Moving Off-the-Grid (MooG), a novel transformer-based recurrent video representa-
tion model that is capable of learning OTG representations via a simple next-frame prediction loss.

� We qualitatively demonstrate that the OTG representation of MooG binds to different parts of
the scene and tracks its content under motion, whereas a grid-based representation fails to do so.

� Finally, we demonstrate how this representation facilitates a variety of downstream vision tasks,
including point tracking, monocular depth estimation, and object tracking. Our approach outper-
forms self-supervised grid-based baselines, such as DINO [5, 40], and performs competitively
with domain-specific approaches, such as TAP-Net [12] and TAPIR [13] for point tracking.

2 Related Work

Transformer architectures [54] for visual tasks have gained substantial traction in the machine learning
community in recent years. Starting with methods such as the self-attention architecture applied to
CNN feature maps by Zambaldi et al. [62], the Image Transformer [41] and later popular approaches
such as the Vision Transformer (ViT) [14], the vast majority of this class of methods operates on a
grid of image features (e.g. patches or CNN feature maps), all the way from pixels to the final output
of the transformer. This choice of representation, while extremely successful on a wide range of
tasks, naturally couples representations to spatial 2D locations in image space.

The predominant approach for decoupling internal model representations from the image grid
is by using cross-attention, where one set of tokens is updated based on the value of another set
of tokens. In particular, object-centric tasks such as detection [4, 64], tracking [33, 38, 63], and
instance segmentation [9, 34] have found widespread adoption of this architectural principle to learn
individual object tokens that are detached from the image grid, both in supervised methods such
as the Detection Transformer (DETR) [4] or GroupViT [59], and unsupervised methods such as Slot
Attention [36, 57] or CLIPpy [46]. Especially when extended to multi-view observations [27, 48] and
video [19, 33, 38, 65], this one-token-per-object representation allows for consistent representation
of individual objects across views and frames in a video. In contrast to these approaches, our method
does not assume a one-to-one mapping between OTG tokens and objects, but instead assigns a large
set of latent tokens that can flexibly bind to any part of a scene, such as small surface elements,
without committing to any particular notion of an object.

The Perceiver [28] is closely related to our work: it uses a large set of latent tokens, updated via
cross-attention from visual inputs, to support a range of downstream tasks. While the original
Perceiver model primarily focuses on end-to-end classification tasks, PerceiverIO [29] extends this
framework to use pixel-based objectives or predict other modalities (such as audio). A single time
step of our model can be seen as a variant thereof: we similarly use cross-attention to map to a latent
set of tokens, and decode targets (such as pixels, point tracks, etc.) similarly using cross-attention.
This type of cross-attention decoder is also used in Scene Representation Transformers [49], which
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Figure 1: MooG is a recurrent, transformer-based, video representation model that can be unrolled
through time. MooG learns a set of “off-the-grid” latent representation. The model �rst predicts a
predictedstate based on the previous model state and observation. The current observation is then
encoded and cross-attended to using the predicted state as queries to produce a correction to the
prediction. When training, thepredictedstate is decoded with cross-attention using pixel coordinates
as queries in order to reconstruct the current frame. The corrected state is used as input to the
predictor to produce the next time step prediction, and so on. The model is trained to minimize the
pixel prediction error. By decoupling the latent structure from the image grid structure the model is
able to learn tokens that track scene content through time.

have recently been applied to video modeling [50, 51]. Different from these works, our approach
processes video in a recurrent fashion, encouraging tokens to stay consistently attached to the same
scene element independently of how the camera or the content of the scene moves.

Several recent works use a separate set of tokens with either back-and-forth cross-attention, such as
RIN [26] and FIT [7], or pure self-attention, with extra tokens simply appended to the original set
of grid-based tokens. The latter category includes approaches such as AdaTape [61] and Register
Tokens [10]. In our work, we solely update tokens by cross-attending into grid-based representations,
without “writing back” into the grid-based representations.

A related line of work explores autoregressive prediction of visual tokens for self-supervised represen-
tation learning [2, 18]. Different form this line of work, MooG uses a recurrent architecture to enable
consistent binding of latent tokens to scene elements (as opposed to using �xed image patches).

Naturally, mostexplicit3D approaches for vision are “off-the-grid”, such as architectures operating on
top of point clouds [44, 45], and methods for 3D rendering such as 3D Gaussian Splatting [30, 37] and
particle-based neural radiance �elds [56, 60]. In contrast, our method does not associate explicit 3D
coordinates with individual OTG tokens but instead learns high-dimensional vector representations.
Outside of the �eld of computer vision, off-the-grid representations are the predominant representation
used to model the physical world at various scales, e.g. in terms of particle-based representations for
atomistic systems (one vector per atom) [20, 32, 52] or mesh-based representations for macroscopic
physical systems [42], where representations are anchored to surface elements.

3 Method

Moving Off-the-Grid (MooG) is a self-supervised transformer model for representation learning from
video. In Section 3.1 we describe its model architecture, which enables learning of scene-grounded
video representations. To obtain predictions for various vision tasks, we connect readout modules to
MooG's OTG representation, which we describe in Section 3.2.

3.1 Learning self-supervised OTG video representations

We design MooG as a recurrent model that can process an arbitrary number of video frames, while
keeping a consistent scene-grounded OTG representation of the video. MooG takes as input a
sequence of observed framesf X t gT

t =1 ; X t 2 RH � W � 3 and iteratively encodes them into a set
of latent tokens. We separate the latent state intocorrectedstatesf zc

t gT
t =1 ; zc

t 2 RK � D , which
are obtained by encoding input frames, andpredictedstatesf zp

t gT
t =1 ; zp

t 2 RK � D , which are the
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model's internal prediction for what will be observed at the next time step. This recurrent processing
is an important part of MooG as it allows individual tokens to consistently track elements of the scene
through videos of arbitrary length and “anticipate” where a scene element will be observed next.

Figure 2: For comparison
to MooG we here depict a
classic “on-the-grid” model
where tokens in the latent
state are inherently tied to
speci�c pixel locations.

MooG's training objective is next frame prediction given the previous
frame and model state. The model is comprised of three main networks:
a predictorP which predicts the currentpredictedstate from the
previouscorrectedstate, a decoderD which decodes thepredicted
state to reconstruct the current frame and a correctorCwhich encodes
the current frame and attempts to correct prediction errors made by the
predictor2. We now describe, in order of operation, each component
role and inner workings. We refer to Figure 1 for an overview of the
model's structure and to Appendix C for details. For comparison, we
depict a typical “on-the-grid” baseline model in Figure 2.

Predictor The predictor takes the previouscorrectedstatezc
t � 1 and

produces thepredictedstate for the current time stepzp
t :

zp
t = zc

t � 1 + P(kqv = zc
t � 1): (1)

The role of the predictor is to predict the current state based on previous
observations, before the current time step's inputs are observed. The
predictor network itselfP is a simple self-attention transformer net-
work [54]. Note that the initial corrected statezc

0 is initialized to random
Gaussian noise (with zero mean and� = 10 � 4) and is not learned. This choice of initialization comes
from the need to break the symmetry among the state's tokens, as well as preventing “specialization”
of tokens and maintaining permutation symmetry.

Corrector The role of the corrector is to convey information from the current observationX t and
use it to update the predicted statezp

t to form thecorrectedstatezc
t for the current time-step. The

resulting corrected state should contain the new information obtained from the observation. The
image is �rst encoded using a convolutional neural networkE with an added Fourier positional
embedding to its output and linearly projecting the result to produce a feature gridFt 2 RH 0� W 0� D .
HereH 0 andW 0 are the resulting spatial dimensions after accounting for striding. This feature grid
is then attended to with a cross-attention transformerCusing the current predicted statezp

t as initial
queries to obtain the state update:

zc
t = zp

t + C(kv = Ft ; q = zp
t ); where Ft = E(X t ): (2)

It is important to note that the corrected state does not receive its own individual loss and is only used to
provide a better estimate for the predictor in order to predict the next step. In this sense, the separation
between the corrector transformer and predictor is somewhat arti�cial. It is, however, crucial that
the image is decodedonly from the predicted state—decoding the current frame from the corrected
state reduces the problem to simple auto-encoding and hurts representation quality considerably.

Decoder The decoder takes the current predicted statezp
t and decodes it into an RGB image of

arbitrary resolution. Decoding is done using cross-attention where queries are embedded pixel
coordinatesP and keys and values come from the predicted statezt

p. We utilize the same architecture
for arbitrary pixel-based readouts (described in Section 3.2); see Figure 3 for a schematic depiction.
Note that the states that are learned are comprised of tokens that are OTG and offer no direct
correspondence to the spatial image grid, which necessitates this design of our decoder. At training
time we decode~X t , a sub-sampled version of the target image for ef�ciency:

~X t = D(kv = zt
p; q = P): (3)

To allow for ef�cient training, we decode only a randomly selected subset of pixels at each training
iteration, which reduces computational demands signi�cantly. For details see Appendix C.

Of special note are the attention weights of the decoder networkD as they allow us to understand
the relationship between a speci�c spatial position in the image and speci�c tokens in the latent
representation. We analyze this relationship in Section 4.1.

2This is reminiscent of a Kalman Filter, albeit with implicitly learned dynamics and variance estimations.
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(a) Pixel readout (RGB, depth). (b) Recurrent readout (points, boxes).

Figure 3: Readout decoders overview: for grid-based readouts (e.g. pixels), we use a simple per-frame
cross-attention architecture with spatial coordinates as queries, whereas for set-based readouts (points,
boxes), we adopt a recurrent readout architecture.

Loss and training We use a simpleL 2 training loss on image pixels. For each frame we decode
the predicted statezp

t into a sub-sampled output image~X t , sub-sample the input imageX t at the
same pixel locations and calculate the per-frame lossL t :

L t = L 2( ~X t ; X t ): (4)

Note that this is a next-frame prediction loss as the predicted state depends only on the previous
frame and model state. During training we unroll the model over 8 frames, initializing the state with
random Gaussian noise (as described above) and equally weighting all frames for the loss. The �nal
self-supervised prediction training loss averages theL 2 loss across frames and pixels.

3.2 Readout decoders for downstream tasks

We qualitatively assess properties of the learned representation in Section 4.1. To make a quantitative
assessment, we propose general readout decoders that support a variety of downstream tasks. We
distinguish between two types of readouts: grid-based readouts (e.g. RGB or depth pixels) and
tracking-based readouts (e.g. 2D points or object tracking). To produce the desired output, all
readouts read from the OTG tokens contained in the predicted and corrected states for a given
timestep. See Figure 3 for a schematic overview.

Grid-based readouts For dense grid-based readouts, we reuse the same decoder architecture as
we use for the pixel decoder: individual spatial locations are queried using their(x; y) location
in a transformer that solely uses cross-attention. For computational ef�ciency, we query using a
subsampled spatial grid with a random offset to avoid over�tting on a particular subset of pixels.

Recurrent, query-based readouts For tracking-based readouts that require keeping track of con-
tent in the video after starting from an initial location, we adopt a more sophisticated design similar
to the corrector-predictor component of MooG. Given a set ofN queriesq1 2 RN � D q (e.g. points or
boxes) and a sequence of observed framesf X t gT

t =1 , the task is to predict all future readout targets
f qt g for t = 2 :::T . We associate a latent encodingyt 2 RN � D y with every target at time stept.
We �rst encode the queriesq1 using positional encoding followed by an MLP to obtain the readout
latentsyt . Latents are processed by a corrector, followed by a predictor. Different from MooG, the
corrector is implemented as a transformer which solely cross-attends into the inputs (here: MooG
states[zc

t ; zp
t ]) without self-attention between readout latents, to avoid interaction between them.

Likewise, the predictor is implemented solely by an MLP, i.e. without any self-attention between
readout latents. To read out target values, we apply a learnable MLP head to the (corrected) target
latentsyt for each output type, eg. coords, visibility, etc.
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Figure 4: Qualitative analysis of MooG trained on natural videos, shown here are every 4 frames of
the original 36 frame long sequence. From top to bottom: Ground truth frames, predicted frames,
example MooG token attention map super-imposed on the ground truth frames, example token
attention from the recurrent grid-based baseline (see text for details). As can be seen the model is
able to predict the next frame well, blurring when there is fast motion or unknown elements enter
the scene. The MooG attention map indicates that the visualized token tracks the scene element it
binds to across the full range of motion. In contrast, the grid-based token attention map demonstrates
how these tokens end up being associated with a speci�c image location that does not track the scene
content. Please see the supplementary material (and website) for other representative examples.

4 Experiments

4.1 Self-supervised Training and Qualitative Results

We begin by qualitatively investigating properties of the learned OTG representation. We trained
MooG with 1024 512-dimensional OTG tokens on natural videos from the Ego4D dataset [21] and
Kinetics700 dataset [6] using only the self-supervised prediction loss in(4). The model is trained
on randomly sampled sub-sequences of 8 frames, and we observe how it learns to predict next
frames very well, achieving a PSNR of 25.64 (on the evaluation set) after 500K steps of training.
For evaluation we unroll the model on sequences of 36 frames from a validation set — these are
sequences the model has not been trained on and are much longer in duration. We �rst observe that
the model has no trouble unrolling for much longer sequences than it was trained on, and that the
predictions made are inline with the actual ground truth frames (see Figure 4). When motion is fast
or erratic the model produces blurry outputs, as would be expected from a deterministic model.

Cross-attention maps To understand the role of each token we focus on the cross-attention weights
of the decoder, which works by havingx; y coordinates as queries that cross-attend into the repre-
sentation in order to produce the pixel output (Section 3.1). Using the attention weights for each
image location we can visualize how much each token is “responsible” for predicting a speci�c image
location at any given time. We observe that tokens bind to the same image structure consistently
through time: the attention maps of speci�c tokens track the image content at a particular location as
it moves across the scene. A representative example of this behavior is shown in Figure 4, which we
observe consistently for different tokens and on different sequences. Note that an alternative strategy
for the model could have been to ”tile” the image across space and make each token responsible for
a speci�c spatial position, which is indeed is what we �nd the grid-based baseline tokens end up
capturing (see Figure 4). For additional examples (and a better viewing experience), we refer to the
videos in the supplementary material3.

A more comprehensive way of visualizing the role of individual tokens is by taking the argmax over
attention weights at each image location and visualizing the result by colour coding according to the
token index. We observe the model learns to assign different parts of the scene to different tokens,
tiling the image while aligning well with image structure, not unlike super-pixels. This is visualized

3Also available athttps://moog-paper.github.io/ .
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