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Abstract

We present Recurrent Video Masked-Autoencoders
(RVM): a novel approach to video representation learning
that leverages recurrent computation to model the tempo-
ral structure of video data. RVM couples an asymmetric
masking objective with a transformer-based recurrent neu-
ral network to aggregate information over time, training
solely on a simple pixel reconstruction loss. This design
vields a highly efficient "generalist" encoder: RVM achieves
competitive performance with state-of-the-art video models
(e.g. VideoMAE, V-JEPA) on video-level tasks like action
classification, and point and object tracking, while matching
or exceeding the performance of image models (e.g. DI-
NOv2) on tasks that require strong geometric and dense
spatial features. Notably, RVM achieves strong performance
in the small-model regime without requiring knowledge dis-
tillation, exhibiting up to 30X greater parameter efficiency
than competing video masked autoencoders. Finally, we
demonstrate that RVM’s recurrent nature allows for stable
feature propagation over long temporal horizons with lin-
ear computational cost, overcoming some of the limitations
of standard spatio-temporal attention-based video models.
Ablation studies further highlight the factors driving the
model’s success, with qualitative results showing that RVM
learns rich representations of scene semantics, structure,
and motion.

1. Introduction

It has long been hypothesized that biological systems learn
visual representations by predicting the spatio-temporal evo-
lution of the world [9, 53, 62, 64]. Indeed, even limited mo-
tion cues are sufficient to drive children’s ability to robustly
perceive and segment objects [65]. Recent advances in self-
supervised learning (SSL) have revived the hope that artifi-
cial vision systems might also acquire such predictive world
models purely from large-scale unlabeled video [8, 67].
Among the most successful approaches are masked au-
toencoders (MAEs), which learn by reconstructing randomly
masked portions of images or videos [15, 28, 36, 67, 68],
and Joint Embedding Predictive Architectures (JEPAs) [4, 8],
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Figure 1. Normalized task performance is calculated for each task
(relative to the best model) and averaged across tasks. Top: Across
a wide range of visual tasks that require strong spatiotemporal fea-
tures (video) and dense spatial features (image), RVM models set
a pareto frontier that outperforms other strong video and image
encoders. Spatio-temporal tasks cover: Something Somethingv2,
Kinetics, Waymo object tracking, Perception Test TAP; Spatial
tasks cover: ScanNet depth and nearest-neighbor correspondence
tasks (Davis segmentation, JHMDB, Video Instance Parsing). Bot-
tom: RVM models bridge the gap between strong spatial task
models (e.g. DINOv2) and strong video task encoders, achieving
the best of both worlds. Circle sizes are proportional to model size.

which predict future states in latent space while avoiding
collapse via architectural or training heuristics [7, 26, 33].
Latent-space prediction has been argued to encourage learn-
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ing task-relevant representations by discarding nuisance fac-
tors [32].

For video, both VideoMAE [67, 68] and V-JEPA [4, 8]
rely on early-fusion spatio-temporal encoders (with spatio-
temporal attention throughout the network) and random
masking across entire clips. These designs treat time as
uniform and symmetric, both in masking and in attention,
neglecting the causal and directional nature of temporal dy-
namics. As a result, they are less amenable to online or
streaming applications such as robotics. Moreover, their
chunked offline architectures limit inference to short clips,
preventing consistent representation learning over longer
horizons.

Conversely, image-based models such as DINO [52, 61]
excel at learning semantic representations and provide stable
features when unrolled over multiple frames, but as they are
still image models they are unable to capture motion infor-
mation in their features. SiamMAE [34] partially addresses
these limitations by training image encoders on natural video
data, incorporating temporal asymmetry: it conditions on
an unmasked “past” (source) frame to reconstruct a heavily
masked “future” (farget) frame via a cross-attention decoder.
This asymmetric setup provides a strong inductive bias for
learning correspondences. Nevertheless, SiamMAE still
trains an image encoder, and thus it cannot ultimately capture
spatio-temporal dependencies needed for true video-centric
tasks.

In this work, we propose Recurrent Video Masked Au-
toencoders (RVM), a family of general visual encoders that
(in the spirit of SiamMAE), explicitly model the asymmetry
of time through both masking and architecture. The RVM
architecture processes videos sequentially by aggregating
frame-level representations via a recurrent module. Train-
ing only with a pixel reconstruction loss on large natural
video data, RVM learns strong representations that set a new
pareto frontier in parameter efficiency (Figure 1, top) when
evaluated across a wide-range of visual tasks. While SoTA
models tend to specialize, RVM is uniquely general, achiev-
ing strong average performance across spatial and video
(spatio-temporal) tasks (Figure 1, bottom). Furthermore,
in the small model regime, RVM performs strikingly well
without requiring any form of model distillation. Finally,
owing to its recurrent design, RVM features show emergent
feature stability at long time horizons, while being able to
be unrolled over such sequences with linear compute and
memory.

2. Related Work

Self-Supervised Video Models. Over the recent years, Self-
Supervised Learning (SSL) [13, 17, 36, 39] has became a
leading paradigm for deriving powerful representations from
unlabled visual data. In the case of videos, diverse learning
methods have been proposed that harness the rich spatio-

temporal nature inherent to the domain. Earlier approaches
focused on pretext tasks [22] that were designed to encour-
age learning temporal coherence and dynamics, by predict-
ing frame order [43, 51, 73], motion statistics [2, 55, 70]
or playback speed [11, 58, 78]. Other methods leveraged
the multi-modal correspondence of video and audio, aiming
to predict synchronization between the two [20]. More re-
cently, contrastive learning approaches [35, 45, 54, 60] were
developed to encourage consecutive frames’ embeddings to
stay closer in the latent space, while pushing frames from
different videos apart [74]. Meanwhile, masked modeling
approaches [37, 67, 69] have proven both effective and ro-
bust in learning rich context-aware video representations, by
reconstructing masked spatio-temporal patches from their
surroundings.

Masked Autoencoders. Within the masked-modeling
paradigm [6, 36, 72], a range of works introduce architec-
tural and objective-level extensions to accommodate multiple
views or frames [37, 67, 69]. A prominent direction involves
the integration of Siamese networks [12, 18] and Masked Im-
age Modeling [6, 36, 72], with examples such as SiamMAE
[34], CropMAE [25] and CroCo [71] that respectively recon-
struct a heavily-masked frame, crop, or view of a 3D-scene,
by conditioning on a second unmasked one. Likewise, Coun-
terfactual World Modeling (CWM) [10] explore temporally-
factored masking, where a fully-visible frame informs the
prediction of its heavily-occluded subsequent. Guided Fu-
ture Prediction [16] innovates over standard masking, by
replacing a few patches of an input frame with respective
patches from a future one, to guide its reconstruction. Al-
ternatively, MotionMAE [76] directly enriches the standard
masking objective with the prediction of temporal difference
between successive frames, so to encourage modeling of
motion and dynamics.

Recurrent Video Models. Compared to the methods dis-
cussed above, our self-supervised video model stands out
as it processes videos recurrently, so to explicitly model
their temporal dynamics. It links to prior works about re-
current video architectures [23, 79]. One example is the
Recurrent Vision Transformer (RViT) model [77], which
forms an aggregated representation of a video by processing
it iteratively with attention-based gating. Another notable
instance is the Recurrent Convolutional Neural Network
(RCNN) [47], which embeds recurrent connections directly
into its convolutional layers, enabling the model to learn
spatio-temporal features in a unified manner. By adopting
a recurrent processing scheme, these models can assimilate
the progression and directionality of time, and fully capture
the long-range dependencies across frames and the temporal
dynamics of videos. Recently, State Space Models (SSMs)
such as VideoMamba [44] and VideoMambaPro [49] have
also been explored for efficient video understanding. How-
ever, unlike our approach, these methods typically rely on
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non-causal, bidirectional processing to achieve competitive
performance and process videos as a flat sequence of tokens,
discarding the spatial information.

3. Model

RVM is a recurrent model that encodes frames X; sequen-
tially to produce a set of features for each frame. Figure 2
provides an overview of the general architecture. Each input
frame is patchified and encoded using a ViT. The resulting
tokens are fed into a Recurrent Neural Network (RNN) core,
which carries a state from the previous time-step and inte-
grates tokens from the current frame to produce an updated
state. This new state serves as the feature representation for
the current time-step. By processing sequentially, RVM is
able to ingest, discard, and refine information incrementally
as it becomes available.

During training, the also model receives a target frame
X7 sampled from a (potentially distant) future. We sample
the target frame with a random time gap At of between 4
and 48 frames from the last source frame. Depending on
the exact data used this corresponds to a time gap of 0.15 to
10 seconds. This target frame is then heavily masked and
encoded using the same encoder as the input (source) frames.
The training objective is to reconstruct the target frame using
information from the source frames. This is achieved using
a cross-attention based decoder [34] by minimizing the Lo
loss between the reconstruction and the target.

3.1. Modules

Tokenization & Masking Each frame X, € RH*Wx3
(both source and target) is divided into non-overlapping
patches of size P x P. These patches are embedded via
a learnable linear projection, resulting in a feature map of
size h x w x D (where h = H/P and w = W/P). These
embeddings are then flattened into a sequence of N = hw
tokens of size D. This tokenization process is applied in-
dependently to each frame, with weights shared across all
source and target frames. Fourier positional encodings are
subsequently added to the tokens.

For the farget frame, tokens are randomly masked with
a ratio m (defaulting to m = 0.95). A learnable [CLS]
token is concatenated to the token sequences of both source
and target frames. This yields a sequence of K source token
sets, denoted as ef, ..., e} where ef € RWVHDXD and
a single set of unmasked target tokens e € R(M+1)xD,
where M = [(1 —m)N|.

Encoder We employ a ViT encoder [24] to process the
tokens of each frame independently. Specifically, we utilize
standard ViT blocks with pre-normalization and without
dropout. Following SiamMAE [34], the encoder weights are
shared across all frames, both source and target. We denote
the resulting encoded outputs as é; for the source frames

(t=1...K)andéT for the target frame.

Recurrent Core The encoded outputs from the source
frames are fed into a recurrent neural network (RNN) core,
formally defined as o, sy = R(xy, s;—1). Here, x; repre-
sents the input at the current time step, s;—; denotes the
state from the previous time step, while o; and s; represent
the output and updated state for the current time step, re-
spectively. We unroll the RNN sequentially over the source
frames, producing a sequence of outputs o, € RVF1*D
and states s, € ROVFDXD for ¢t = 1... K. The initial
state s is set to zero. This recurrent mechanism enables the
model to aggregate information over time, constructing a
temporally-aware representation. We utilize the outputs o,
as features for downstream tasks. The specific architectural
details of the RNN are discussed in Section 3.2.

Decoder During training, our objective is to reconstruct
the target frame X7 from its masked tokens é”', conditioned
on the source frame features o;. We employ a decoder with
both cross- and self-attention mechanisms, similar to [34].
Both target and source frame features are first embedded
via a linear layer. Following the standard MAE approach
[36], we place the unmasked target tokens into their orig-
inal grid positions, fill the masked locations with a learn-
able [MASK] token, and add Fourier positional embeddings.
This sequence serves as the input to the decoder.

Each decoder block consists of three sequential compo-
nents: (1) cross-attention, utilizing target tokens as queries
and source tokens (concatenated along the token axis) as
keys and values; (2) a feed-forward MLP; and (3) self-
attention. All components utilize residual connections and
pre-normalization (LayerNorm [5]). Finally, the decoder out-
put is projected to the original patch dimension and reshaped
to reconstruct the target frame.

Loss We use a simple Lo loss over the entire reconstructed
and target image pixels, with no patch level normalization.

3.2. The Rise of GRU

To effectively aggregate and integrate information over time,
our model requires a module capable of maintaining a state
across time steps. Ideally, this mechanism should retain crit-
ical information, discard irrelevant data, and assimilate new
inputs as they arrive. Furthermore, we seek to leverage the
efficacy of Transformers to facilitate spatiotemporal interac-
tions between tokens. To address these needs, we propose a
hybrid architecture combining a Transformer with a Gated
Recurrent Unit (GRU).

This RNN core utilizes a combination of cross- and self-
attention to integrate information. Specifically, the encoder
outputs é; for the current time step serve as queries, while
the keys and values are derived from the previous state s;_1.
To manage this information flow, we adopt the gating mecha-
nism of the standard GRU [19]. The reset gate r modulates
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Figure 2. RVM overview. The model encodes source frames from an input video sequentially. Each frame is independently encoded using a
vision transformer and the output tokens are aggregated using a transformer-based RNN to produce a sequence of features. See text for full
details. During training, a farget frame is sampled from a random time gap in the future, masked and encoded using the same ViT encoder.
The model is trained to reconstruct the masked target frame using a cross attention decoder, minimizing the Lo loss between reconstruction

and target.

the previous state before it is passed to the attention block,
while the update gate u; determines the balance between the
previous state and the new attention output. The module is
governed by the following equations:

ug =0 (Wiés + Wisi—1)
re=0(W})é + Wisi_1)

hy = Tx(q =€, kv =1 ® s¢-1)
sp=(1—u) © s +u; O hy

O = St

Here, o denotes the sigmoid function, and Tx represents
a multi-layer Transformer block utilizing both cross- and
self-attention. The weight matrices W are applied to the
feature dimension and shared across all tokens. The state
So 1s initialized to zero. Pseudo-code is provided in the
Supplementary Material.

4. Experiments
4.1. Training

We train the model on a large dataset of a mixture of pub-
licly available web videos. We base the mixture off of the
mixture used in [3], containing sampled video clips from
HowTol00M [50], Kinetics700 [14], SSV2 [29], YTBB
[63], and YT8M [1]. The full dataset contains approximately
8.4M video clips (For more details see Supplementary Mate-
rial). During training we randomly sample sub-clips, apply-
ing random flipping and random resized crop augmentation.
The final frames are resized to 256 x 256 resolution. We
train several model sizes, scaling the encoder and RNN core
accordingly, while following standard masked autoencoder
(MAE) practice by keeping the decoder size fixed across

experiments. See Supplementary Material for architectural
details (number of layers, hidden dimensions, etc.). All mod-
els are trained from scratch and no distillation procedure is
used.

Unless otherwise stated, models are trained for 1M steps
(250k steps for ablations) with a global batch size of 2048,
corresponding to about 2B training examples in total. We
highlight that the RVM architecture and objective seems to
enable training for very long schedules with steady perfor-
mance increase in all downstream tasks.

Each training example consists of a 64-frame video clip
sampled randomly from the dataset mixture. From each clip,
we sample 4 consecutive source frames that are processed by
the recurrent encoder. We reconstruct 4 target frames, that
are sampled independently and uniformly between 4 and 48
frames after the last source frame. Training is distributed
across 256 TPU-v6 cores with per-core memory of 32GB.
We use bfloat 16 precision for all forward and backward
passes, while upcasting the loss and softmax computations
to £1oat 32; model weights are stored in £1oat 32 for sta-
bility. To fit large models within device memory, we employ
FSDP-like parameter and optimizer sharding. Optimization
uses AdamW [48] with a cosine decay learning rate sched-
ule and warm-up phase. Full hyperparameter settings are
summarized in the Supplementary Material.

4.2. Quantitative Results

Baselines. We compare RVM against a set of strong image

and video model baselines:

* Image models: We compare to DINOv2 [52] as the main
baseline for strong spatial task performance. At small
model scales, we also include SiamMAE [34] as it is a
strong efficient model for dense correspondence tasks such
as video segmentation and human keypoint tracking.
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Taking sth out of sth

(a) Action recognition on SSv2 [30] (b) Depth estimation on ScanNet [21].  (c) Point tracking on Perception Test
and Kinetics [42]. 5

(d) Object tracking on Waymo Open  (e) Segmentation tracking on DAVIS () Keypoint tracking on JHMDB
[66]. [59] and VIP [75] [40].
Figure 3. Evaluation suite. Individual frames and annotations

from some of the evaluation tasks in this paper, covering semantic,
geometry and motion perception.

¢ Video models: We evaluate variants of VideoMAE [67],
V-JEPA2 [4], and 4DS [15]. These models are designed
for large-scale video pretraining and largely represent the
current frontier in video self supervised learning.

Evaluation Suite. We evaluate RVM on a diverse set of
benchmarks (Figure 3 that we group into two primary cate-
gories:

* Spatio-temporal tasks: where performance generally
improves with better modeling of both semantic/spatial
and motion features. This set contains action recognition
(SSv2 and Kinetics-700) [30, 42], Waymo open object
tracking [66], and Perception Test point tracking [56].

 Spatial tasks: where strong, dens features extracted inde-
pendently at the frame-level are generally sufficient. This
set contains, Scannet depth estimation [21], DAVIS-2017
segmentation (spatial correspondence across frames) [59],
JHMDB human keypoint tracking [40], and VIP human
part tracking [75].

Evaluation Protocol. From a functional perspective, the
tasks above can be also categorized into “readout tasks”,
which train readout heads on top of frozen encoder repre-
sentations, and “nearest-neighbor” (zero-shot) tasks that use
pixel-level semantic label-propagation. For readout tasks,
on top of the frozen pre-trained model we train an attentive
readout head that follows the exact protocol described in re-
cent literature [15]. Read-out heads for all models, including
external ones, are trained using the same setup, with pub-
licly available checkpoints. Nearest-neighbor tasks perform
various forms of label propagation that follow the original
protocols from each evaluation dataset. For more details
on these benchmarks and the evaluation protocol, see the
Supplementary Material.

4.2.1. RVM learns strong generalist vision models

Results for large-scale models (L/H) in Table 1 reveal a clear
dichotomy in baseline performance. As an image-encoder,
DINOV2 performs well on spatial and semantic tasks but
fails on intensive spatio-temporal tasks (e.g., 36.6/39.9 point
tracking vs. video models achieving > 70). In contrast,
native video-encoders (VideoMAE, V-JEPA2) achieve high
scores on spatio-temporal benchmarks like SSv2, but trade
this off with very poor results on spatial correspondence (e.g.
< 20 mloU on VIP vs. 40 mloU for DINOV2) .

RVM unifies these capabilities, achieving strong perfor-
mance across both axes. To quantify this balance, we com-
pute a “Normalized avg.” by averaging model scores normal-
ized against the best performance per benchmark. Under this
metric, RVM-L and RVM-H not only outperform their direct
counterparts by more than 10% but also surpass giant-scale
models (DINOv2-g, VideoMAEv2-g) by a similar margin.
While the baselines show high variance with task-specific
failures, RVM is the only architecture to avoid poor perfor-
mance across the entire evaluation suite.

4.2.2. RVM learns strong small models without distila-
tion

Table 2 highlights the architectural efficiency of our ap-

proach. A key finding is that RVM continues to yield strong

performance with very efficient models (ViT-S scale) without

requiring additional knowledge distillation.

While there are not many model classes that even at-
tempt to train at this scale, RVM-S outperforms competing
baselines of similar size, achieving notable gains on SSv2
(+3.7%) and Kinetics-400 (+21.5% over 4DS-S) and out-
performing the frame-based SiamMAE model on 3 out of
4 spatial tasks. RVM-S even outperforms a VideoMAE-B
model (4x larger) on 6 out of 8 evaluations. This stands
in contrast to prior state-of-the-art methods like DINOv2,
that rely on distillation from larger teacher models to ensure
strong performance in the small-compute regime. While
distillation is clearly effective (DINOV2-S (distilled) outper-
forms RVM-S on 3 benchmarks), it remains the case that
RVM-S has the highest average normalized performance
across all benchmarks.

In fact, as seen in Figure. | (Top), because RVM does
not perform poorly on any one task, the average normalized
accuracy of RVM-S even when aggregating across all model
scales still outperforms both VideoMAEv2-g and DINOv2-g
(which are 30x larger!).

4.2.3. Long-term feature consistency

We compare the stability of features generated by different
models over extended time horizons. To do this, we utilize
the DAVIS segmentation task, specifically filtering the test
dataset to include only videos exceeding 80 frames in length.
We then evaluate and compare the tracking performance of
the models at intervals of 16, 32, 48, 64, and 80 frames.
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Table 1. RVM learns a general visual representation that succeeds at both video-centric tasks that require spatio-temporal
representations as well as tasks that primarily require strong dense geometric and spatial features. While RVM does not outperform all
baselines on every benchmark, we see that it provides the strongest general representation across all tasks, indicated by the Avg. normalized
accuracy. We compute this by averaging the scores for each model across tasks after normalizing each column by the best model performance.

Spatio-temporal tasks Spatial Tasks
Model Size(M) SSv2 Kinetics Waymo PT ScanNet DAVIS JHMDB VIP Average
Acc. (%) Acc. (T%) mloU (1) AJ(1) AbsRel(]) J&F (1%) PCK@0.1 (1%) mloU (1) Normalized (1)
4DS-L 310 57.6 452 759 81.5 1.23 - - - -
VideoMAE-L 305 62.7 52.5 74.9 78.3 1.10 54.3 45.1 18.9 82.2
V-JEPA2-L 307 67.5 59.2 73.1 73.7 1.08 47.5 333 17.2 78.8
RVM-L 375 66.7 57.3 73.2 77.3 0.91 66.0 48.4 38.0 94.4
DINOv2-L (distilled) 303 522 63.5 517 36.6 1.02 61.7 51.4 40.6 82.5
4DS-H 639 60.0 47.5 76.1 81.8 1.14 - - - -
VideoMAE-H 633 64.2 54.5 74.6 77.1 1.04 54.4 439 20.8 83.5
V-JEPA2-H 635 68.9 59.1 73.6 71.0 1.05 433 29.7 16.0 71.9
RVM-H 743 68.7 60.0 74.2 78.3 0.89 65.6 45.6 37.3 94.9
DINOv2-g 1135 54.8 65.4 50.6 39.9 0.91 62.4 51.1 40.5 85.0
VideoMAEV2-g 1013 65.6 69.7 72.6 73.7 1.08 41.7 28.6 16.9 77.9
Table 2. RVM enables strong small model performance without distillation.
Spatio-temporal Tasks Spatial Tasks
Model Size(M) SSv2 Kinetics Waymo PT ScanNet DAVIS JHMDB VIP Average
Acc. (T%) Acc. (%) mloU (1) AJ(1) AbsRel(|) J&F(1%) PCK@O0.1(1%) mloU (1) Normalized (1)
SiamMAE-S 27 40.0 41.2 55.0 65.0 1.63 62.0 47.0 373 80.8
4DS-S 24 39.9 28.1 69.6 759 2.05 - - - -
RVM-S 34 59.7 49.6 70.5 76.5 0.97 62.9 47.5 359 96.1
DINOV2-S (distilled) 21 48.3 571 51.0 33.4 1.17 62.4 48.4 394 84.4
VideoMAE-B 87 52.3 38.9 73.1 79.2 1.50 50.6 44.7 19.6 80.4
1.00 to support long-range correspondence. This result is particu-
005 larly notable given that RVM is trained with only a 4-frame
o awm horizon. In contrast, video models that process video in in-
g 0.90 dependent blocks, such as VideoMAE, degrade much faster
E oss DiNo v2 as the number of frarpes increases, h1gh11ght1ng the critical
E VideoMAE importance of carrying state across long intervals. As an
5 080 4DS VideoMAE added benefit, we also note that as the number of frames
s processed grows, RVM demonstrates significant latency ben-
efits compared with chunked video models. As seen in the

0.70

32 48 64

Number of Frames

80

Figure 4. RVM features are uniquely stable over long timescales.
We measure temporal stability of visual features by looking at label
propagation (feature correspondence) on videos with increasing
numbers of frames from the DAVIS 2017 benchmark. RVM per-
formance decays substantially less for long sequences than other
SoTA video and image models.

Figure 4 illustrates label-propagation performance as a
function of frame count. Results are normalized to each
model’s performance on 16 frames. As expected, all models
perform worse as the time horizon increases. However, RVM
demonstrates a significantly slower decline in performance,
outperforming all other video models as well as strong image-
based baselines like DINOv2. This indicates that the recur-
rent core successfully retains temporally useful information

Supplementary Material, the recurrent temporal aggregation
shows linear latency scaling as opposed to the quadratic
scaling of models that use full spatio-temporal self-attention.

4.3. Ablations

To better understand the contributions of different model
components, we conduct an extensive ablation analysis. All
ablation experiments are performed using the Small (S) ver-
sion of the model, trained on 500M examples (see Table 3).
We specifically investigate the importance of the time aggre-
gation architecture, the number of source frames, and the
scaling behavior with respect to training data size. Full de-
tails of ablations can be found in the Supplementary Material.

Number of source frames We train the model with 1, 2,
and 4 source frames while keeping all other settings con-
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num frames SSv2(1) Kinetics(T) ScanNet(])

1 41.020 39.280 1.596
2 47.230 39.020 1.620
4 52.34 39.72 1.50

(a) Number of source frames. Having more source frames helps perfor-
mance. Note that 1 source frame is an apples-to-apples comparison to
SiamMAE [34] with exactly the same data, code and architecture.

aggregator SSv2(1) Kinetics() ScanNet({)
SA 49.1 39.6 1.505
RNN 52.34 39.72 1.50

(b) Encoder architecture. The RNN performs better than full self-attention,
while being more computational efficient (see text).

num steps  SSv2(7) Kinetics(1) ScanNet(])

250M 46.38 33.84 1.75
500M 52.34 39.72 1.50
1B 55.09 44.33 1.32
2B 57.20 47.70 1.200

(c) Number of training examples and steps. Even with a small model, our
approach benefits from more data and training.

Table 3. RVM ablation experiments. We ablate some of the com-
ponents of the model. We show that (a) using more source frames
significantly improves results. (b) Using an RNN to aggregate
information across time instead of full self-attention is beneficial,
especially with tasks that require motion understanding like SSv2
and (c) that the model benefits from more data and training. Default
settings for the ablation are marked in blue .

stant. The single-frame case serves as an "apples-to-apples"”
comparison with SiamMAE, controlling for the additional
RNN layers and other training differences. With two source
frames, the model can capture constant velocity motion,
though higher-order dynamics (like acceleration) remain
out of reach. We observe a consistent improvement in per-
formance across all tasks as the number of source frames
increases from 1 to 2, and further to 4.

Encoder architecture We compare our proposed RNN
temporal aggregator against a classic self-attention Trans-
former. To ensure a fair comparison, we use a patch size of
1 % 16 x 16 and match the number of layers and parameters
to the RNN core. It is worth noting that the full self-attention
mechanism incurs a significantly higher computational cost
(FLOPs) compared to the RNN. As shown in the results, the
RNN approach is not only more efficient but also performs
favorably compared to the self-attention alternative.

Number of training examples Finally, we evaluate how
the model’s performance scales with the amount of training
data. We train four different models on 250M, 500M, 1B,
and 2B data samples, respectively. We scale the learning
schedules according to the data volume while keeping all
other hyperparameters constant. We observe that despite us-
ing a relatively small model (34M parameters), our approach
continues to benefit from additional data without exhibiting
signs of overfitting.

Video KMeans PCA Video KMeans PCA

PCA

KMeans

Figure 5. PCA and K-means of RVM features unrolled on
unseen videos. Despite being trained on only 4 frames the model
generalizes to long sequences and unrolls stably over long time
horizons. As can be seen, the model learns to extract meaningful
features from videos.

4.4. Qualitative Evaluation

We begin by qualitatively evaluating the features learned by
our model. Using a trained Large (L) model, we unroll it
over various test sequences and aggregate the features across
time. First, we observe that although the model was trained
on only 4 source frames, it generalizes well to much longer
sequences without stability issues.

For our first set of test sequences (Figure 5), we visual-
ize the features using Principal Component Analysis (PCA)
and K-means clustering. For PCA, we concatenate features
from all frames and spatial locations, compute the principal
components, and map the top three components to the RGB
channels of an image. The results show that the model cap-
tures meaningful video structures. Similarly, for K-means
(with K = b), we cluster the concatenated tokens and visu-
alize the resulting segmentation maps by color-coding each
cluster. This demonstrates that the model learns to cluster
semantically consistent regions in a self-supervised manner.
Figure 7 show K-means clustering for other models. RVM
produces comparatively clean and stable features.

To show that the model learns meaningful motion rep-
resentation, we test the model on a classic stimulus of a
solid white noise square moving on top a static white noise
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Last Fram

Video

DINOv2

VideoMAE

RVM

Figure 6. Detecting a white noise square moving on a white
noise background. From top to bottom: input sequence, RVM
K-means visualization, an example feature map. Note that each
frame independently in the input sequence is a white noise image,
and thus image models like DINO or Siam-MAE cannot extract
any useful information from these. RVM however can integrate
temporal information and "see" the moving square. It is highly
recommended to watch the video which can be found in the supple-
mentary material. All models use the same ViT-L-16 backbone.

First Frame Early Frame Middle

V-JEPA  VideoMAE DINOv2 Video

Figure 7. KMeans visualization on DAVIS video for various ViT-
L/16 models. Unlike RVM, other models produce noisy feature
maps lacking structure and consistency.

background. This stimulus is interesting because each frame
independently is just a white noise image and contains no
meaningful structure (as can be seen in Figure 6 top, compare
to the video version in the supplementary material). Hence,
image encoders like DINO or SiamMAE can not extract any
useful information from these (Figure 6 second row). RVM
however is able to "see" the resulting structure. Other video
models can also capture the underlying structure, but due to
their limited temporal support window, they are unable to
provide stable features across the whole sequence (note the
cluster reassignments in Figure 6 for VideoMAE).

5. Limitations

While RVM sets a new frontier for parameter efficiency and
enables linear scaling for long-context inference, this recur-
rent design incurs specific trade-offs. First, unlike spatio-
temporal models such as VideoMAE that patchify across
time to reduce token counts, RVM processes frames sequen-
tially. This makes RVM computationally heavier for very
short sequences where the benefits of recurrence are less
pronounced. Second, training requires back-propagation
through time with a ViT encoder at every step, which is
memory-intensive. Finally, both a benefit and limitation is
that we have yet to find the data saturation point for these
models. In this work, we train with 2B clips but find that
performance continues to improve with more data. It would
be beneficial to establish more formal scaling laws for RVM
so that we can more efficiently allocate compute.

6. Conclusion

We present Recurrent Video Masked-Autoencoders (RVM),
a novel framework that leverages recurrent computation as
a way to integrate temporal information in self-supervised
video representation learning. By coupling an asymmet-
ric masking autonecoder style training objective with a
transformer-based recurrent core, RVM effectively aggre-
gates information over time to learn "generalist" visual rep-
resentations. Our results demonstrate that RVM presents a
unique advance in the landscape of current vision models: it
matches or exceeds the spatio-temporal capabilities of video-
centric models (e.g., VideoMAE, V-JEPA) while retaining
the dense, spatial and geometric understanding properites of
strong frame-centric models (e.g., DINOv2). Furthermore,
RVM introduces a way to train strong small models, trained
without the need for knowledge-distillation, that exhibit up
to 30x greater parameter efficiency for the same averaged
performance. Finally, we find that this recurrent architecture
exhibits superior feature stability over long temporal hori-
zons compared to state-of-the-art “video model” baselines.
In sum, our work suggests that bringing back recurrent video
processing with a simple pixel-level training objective may
be sufficient for learning strong visual models from natural
video data without the need for extra tricks like strong aug-
mentation, EMA networks, regularizers etc. Future work
will explore further scaling our method and evaluating it in
the context of multi-modal and world modeling tasks like
robotic control.
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