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Abstract

Masked video modeling, such as VideoMAE, is an effective
paradigm for video self-supervised learning (SSL). How-
ever, they are primarily based on reconstructing pixel-
level details on natural videos which have substantial tem-
poral redundancy, limiting their capability for semantic
representation and sufficient encoding of motion dynam-
ics. To address these issues, this paper introduces a novel
SSL approach for video representation learning, dubbed
as SMILE, by infusing both spatial and motion semantics.
In SMILE, we leverage image-language pretrained mod-
els, such as CLIP, to guide the learning process with their
high-level spatial semantics. We enhance the representation
of motion by introducing synthetic motion patterns in the
training data, allowing the model to capture more complex
and dynamic content. Furthermore, using SMILE, we estab-
lish a new self-supervised video learning paradigm capable
of learning strong video representations without requiring
any natural video data. We have carried out extensive ex-
periments on 7 datasets with various downstream scenar-
ios. SMILE surpasses current state-of-the-art SSL methods,
showcasing its effectiveness in learning more discriminative
and generalizable video representations. Code is available:
https://github.com/fmthoker/SMILE

1. Introduction

Self-supervised learning (SSL) [43, 44, 57, 59] plays a cru-
cial role for many video understanding tasks, such as action
recognition [18, 26, 51, 52, 55] and detection [28, 32], sig-
nificantly reducing the reliance on extensive human annota-
tion. The goal of video SSL is to learn video representations
that capture both spatial and temporal semantics effectively.
Masked video modeling has emerged as a promising ap-
proach with state-of-the-art performance [12, 21, 53, 57]. Tt
involves masking a large portion of video frames and recon-
structing the masked regions using the unmasked parts.
However, this approach has some limitations. First, it
relies heavily on pixel reconstruction, which can lead to
overfitting low-level details. This limits the model’s abil-
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Figure 1. Comparison with SOTA masked video modeling
methods. Our method significantly outperforms prior masked

video modeling methods across diverse downstream settings.

ity to learn meaningful high-level semantics essential for
discriminative representations, as shown by the suboptimal
linear probing performance of current masked video mod-
eling methods [12, 21, 53, 57] in Figure 1. The second key
issue in masked video modeling is the substantial tempo-
ral redundancy of video data with most videos having lit-
tle foreground motion, human or object. Consequently, the
reconstruction objective can be solved using the temporal
correlations between co-located patches or by spatial cor-
relations in tube masking [57], resulting in inadequate mo-
tion awareness in the learned representations. This inturn
leads to poor generalization on downstream tasks, requiring
a finer motion understanding as shown in [55].

In this work, we address these limitations by proposing
a novel framework for masked video modeling, dubbed as
SMILE (Spatial and Motion semantlcs in masked video
LEarning), to capture high-level spatial and motion se-
mantics leading to generalizable video representations. To
improve the spatial semantics in masked video model-
ing, we propose to explicitly infuse high-level spatial se-
mantics from pretrained image foundation models such as


https://github.com/fmthoker/SMILE

CLIP [45]. Such models encapsulate high-level semantics
learned through large-scale image-text alignment and have
been adapted for video understanding tasks. For example,
ActionCLIP [61], ViFiCLIP [47], and X-CLIP [36]) adapt
CLIP for action recognition using videos with action la-
bels, whereas ViCLIP [64] and VideoPrism [72]) adapt it
for video-text alignment with video-text pairs. We take in-
spiration from them but aim to learn video representations
with unlabeled videos. In particular, we propose replacing
the reconstruction of pixels in masked video modeling with
that of CLIP embedding, thus providing high-level seman-
tics as the supervision signal.

To improve motion awareness, we propose to reduce the
temporal redundancy in input training videos with synthetic
motion patterns. Specifically, we randomly paste objects
onto the video frames and move them smoothly along the
temporal dimension to simulate variable temporal transi-
tions of motion-intensive videos. This reduces the temporal
redundancy in the original videos and results in videos with
an additional prominent foreground motion. Furthermore,
adding objects with known locations allows us to add a mo-
tion focus to the mask-and-predict task by explicitly mask-
ing the regions of object motion. This in turn encourages the
network to avoid an over-reliance on static spatial informa-
tion and encode the motion dynamics of the added objects,
when solving the reconstruction task. We summarize our
contributions as follows.

We introduce SMILE, a novel SSL approach for masked
video modeling. It encodes spatial and motion seman-
tics using guidance from image-text pretrained models
and synthetic-motion augmented videos, leading to more
discriminative and generalizable video representation.
We present a new strategy to augment video data with di-
verse synthetic motions, paired with a masking strategy
that focuses on reconstructing these added motions to im-
prove masked video modeling pretraining.

Through extensive evaluation on 7 datasets, including
Kinetics-400 [26], UCF-101 [52], HMDB-51 [29], Fin-
eGYM [50], EPIC-Kitchens-100 [8], SomethingSome-
thing V2 [18], and Charades [51], we demonstrate that
SMILE significantly outperforms existing state-of-the-art
video SSL methods and exhibits better generalization.
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2. Related Works

Video Self-Supervised Learning. Video SSL aims to learn
the spatio-temporal dynamics of video data without the
need for any supervision. Three main learning paradigms
have emerged: transformation prediction, contrastive learn-
ing, and masked video modeling. In transformation predic-
tion, models learn video patterns by solving tasks such as
space-time puzzles [I, 25, 27], predicting order in video
clips [15, 24, 30, 33, 34, 66], or estimating speed [3, 7,

]. Contrastive learning is based on instance discrimina-
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tion [38] and learning invariances to spatio-temporal aug-
mentations [2, 6, 14, 35, 40, 42, 44, 46, 54, 56]. Masked
video modeling methods [12, 21, 53, 57, 67], like Video-
MAE [57], use a mask-and-predict task to reconstruct
videos from partial data with an encoder-decoder setup sim-
ilar to MAE [20]. By masking a high proportion of pix-
els (e.g., 90%) and reconstructing them such methods learn
useful video representations. Our approach aims to improve
the spatial and motion semantics of the video representa-

tions learned by masked video modeling.

CLIP for Video Understanding. CLIP [45] captures de-
tailed spatial semantics from extensive image-text training,
making it a strong foundation for directly modeling video
data with added temporal dynamics, e.g., [36, 41, 58, 61,

, 68]. ViFiCLIP [47] finetunes CLIP on video by adding
a temporal pooling layer, ActionCLIP [61] includes a tem-
poral positional embedding and aggregation layer, and X-
CLIP [36] integrates cross-frame attention to share infor-
mation between frames. Most relevant to us are works that
also use CLIP for video representation learning [ 13, 31, 64].
ViCLIP [64] initializes a model with CLIP weights and em-
ploys further contrastive pretraining with video-text pairs.
UMT [31] uses CLIP as a teacher and aligns its predictions
with the CLIP features for unmasked tokens, followed by
a 2nd stage of learning from video-text contrastive pairs.
TGM [13] relies on CLIP text-encoder features to guide
masked video modeling and video-text contrastive learning
in a unified framework. In contrast, our SMILE only learns
from video data in a self-supervised manner, reconstructing
CLIP features of masked tokens and added objects.

Motion-aware Video Self-Supervised Learning. Encod-
ing motion dynamics in video representations is essential
for generalizing across various video tasks [55]. As a re-
sult, many video SSL methods focus on enhancing the
motion sensitivity of learned representations. For exam-
ple, [16, 19, 21, 37, 65] capture motion using optical flow,
[9, 60] do so by removing background or static elements
and [ 1,22, 56, 59] incorporate synthetic motions. [22, 59]
learn by predicting the speed and trajectory of the pseudo
motions, and [56] contrasts video with different types of
motions. These approaches are specific to transformation
prediction and contrastive learning paradigms. We take in-
spiration from these works and inject synthetic motions into
the masked video learning.

Most relevant to our work are methods like [12, 21,

, 67], which enhance motion understanding in Video-
MAE [57] by modifying certain design choices. MG-
MAE [21] and MGM [12] improve masking strategies to
mask the regions of motion using optical flow and motion
vectors. MotionMAE [67] adds frame difference as an addi-
tional target for reconstruction, and MME [53] uses optical
flow to extract dense object trajectories and then predicts
these trajectories and their HOG features. However, these



methods are limited by the temporal redundancies in the
original data, restricting the amount of motion or motion-
focused regions available for learning in the reconstruction
task. In contrast, we add synthetic motions to the original
video data, reducing temporal redundancy and increasing
motion-rich regions to learn from. As shown in our experi-
ments, reconstructing these modified videos encourages the
model to capture motion dynamics, enhancing the motion
awareness of the learned video representations.

3. Methodology
3.1. Revisiting Masked Video Modeling

The goal of masked video modeling [12, 21, 57] is to learn
video representations by employing a mask-and-predict
task with an asymmetric encoder-decoder architecture. An
input video V' € RT*H>XWX3 ig firgt divided into non-
overlapped 3D space-time tokens (e.g., 2 x 16 x 16) as T
= {v1,...,un}. From T, a subset of tokens 7™ are
randomly masked with a high masking ratio (e.g., 90%) and
the unmasked tokens 7 4mask — T\ Tmask are fed into a
transformer encoder ®.,,.. Then, the output of the encoder
and the learnable tokens containing the positional informa-
tion of the masked tokens are passed to a shallow decoder
D ;4. to reconstruct the input pixel with the following loss:

Y = Yil3,
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where v; refers to the pixel values of the i-th space-time
token in 7% and Y; = ®gee(Pene(T4™e5k)) denotes
the corresponding reconstructed pixels for ¢-th token given
the set of all unmasked tokens 7 "5k

Such pixel reconstruction drives the model to focus on
low-level features, and with high temporal redundancy in
video data, it primarily reconstructs static appearance de-
tails of video data. However, effective video understanding
also requires capturing temporal progression and high-level
semantics, such as scene context and object interactions.

3.2. General Scheme of SMILE

Our goal is to infuse spatial and motion semantics in
masked video modeling. To achieve this, we integrate two
key elements into the masked video modeling paradigm. To
improve motion semantics, we overlay local motion pat-
terns in input videos in the form of moving objects. To
improve spatial semantics, we replace the low-level pixel
targets with high-level features extracted from a pretrained
CLIP encoder. By combining both, we learn video repre-
sentations that can encode both spatial and motion dynam-
ics necessary for modeling downstream video tasks. The
overview of our method is shown in Figure 2.

Motion Infusion. Given a input video V € RT*HxWx3,
We first sample a random object o from a set of predefined
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segmented objects O. Next, we generate a motion trajec-
tory (Section 3.3), along which we overlay this object onto
the video V' to obtain the motion-augmented video V’. By
adding objects with synthetic motions, we reduce temporal
redundancy in the original videos and encourage the model
to learn from the motion dynamics of the overlaid objects.
Masking. We employ two separate masking strategies on
V' as follows. For the original regions, we employ ran-
dom tube masking as in VideoMAE [57]. For added ob-
ject regions, we propose trajectory-based masking. Since
we know the location of the object in each frame of V', we
explicitly drop space-time tokens at random along its trajec-
tory. Employing a high masking ratio along the object tra-
jectory ensures that solving the reconstruction task requires
encoding the object's motion dynamics, thereby enhancing
the motion awareness of learned representations.
Architecture. We employ a teacher-student reconstruction
architecture with a pretrained image-encoder as the teacher
and an asymmetric encoder-decoder network ® as the stu-
dent. The augmented video is patchified into 3D space-time
tokens 7 = {v},..., vy} as in general video masked au-
toencoders (Section 3.1). The tokens are then masked us-
ing tube and trajectory-based masking to generate sets of
masked 7% and unmasked 7 “"™¢$* tokens. The un-
masked tokens 7 “"™%$* and the learnable tokens contain-
ing the positional information of the masked patches are
used as the input to ® as in Section 3.1.

Reconstruction. Instead of directly reconstructing pix-
els, we project the input video V' onto the teacher’s fea-
ture space to generate high-level targets. In particular, we
choose a CLIP model as the projection network due to
its high-level semantics learned from language guidance.
Specifically, the input V’ is passed frame-by-frame through
the CLIP encoder to extract features. The extracted fea-
tures are stacked into a sequence of feature tokens as F =
{fis--» fn}. To match the number of tokens with 7T, we
only use the CLIP features for the first time slice of the 3D
space-time tokens, thus generating a total of N feature to-
kens, each corresponding to a space-time token in the input
video. The encoder-decoder is then trained with a masked
feature reconstruction loss as:
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where fi/ is the CLIP feature projection of i-th space-time
token v; in 77k and Y; = ®gee(Pepe(THm5F)) de-
notes the corresponding reconstructed feature for i-th token
given the set of all unmasked tokens 7 "¢ Such for-
mulation first increases the temporal dynamics in otherwise
static data, avoiding learning shortcuts for reconstruction.
Second, projecting targets onto the CLIP space encourages
the network to capture more high-level video semantics.
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Figure 2. Overall architecture of our SMILE. An input video clip V is overlaid with a segmented object along a randomly generated
trajectory to generate % infusing synthetic object motion in V. V' is passed frame-by-frame through the CLIP encoder to extract feature
tokens F. V' is patchified into a set of space-time tokens 7. We apply two types of masking upon 7, tube masking on the space-time
tokens of the original video and trajectory-based masking on the tokens of added objects. The unmasked tokens Tynmask are fed into the
encoder-decoder network ®ey, P4 Which is trained to reconstruct the masked feature tokens in F.

Overall, the key intuition is that CLIP features capture
high-level information, such as scene context and object in-
teractions, which guides the network to attend to both the
overlaid object motions and the original video semantics.

3.3. Motion Generation

To infuse motion, we overlay a segmented object along
a randomly generated trajectory onto the original video
frames. To introduce more complex dynamics, the object
is also transformed e.g. rotation, along the trajectory.

Appearance and Trajectory. To infuse a new synthetic
motion onto a video sequence V =[vy, va, ..., vr| compris-
ing T frames, we begin by selecting an object o from O
at random, where O denotes the set of off-the-shelf seg-
mented objects generated using Stable Diffusion [48] and
X-Paste[71]. We then sample a scale Px@ from a pre-
defined set of sizes for o to model different object sizes,
where P < H and Q < W. Next, we sample a sequence
of locations for the object Traj, = [(z*,y'),.., (2T, yT)]
representing the center coordinate (z¢,y%) of the object
o in the corresponding frame. Specifically, we generate
a random non-linear path for the trajectory by sampling
M 2D points (M > T) uniformly from = € [0, H]|
and y € [0,W]. To ensure smoothness in the motion, a
1D Gaussian filter is applied along = and y dimensions
as [(h(a'), h(y")), ..., (h(z™), h(y™))]. where h(z)
ﬁe‘zz/ 2%* and & is the smoothing factor. The result-
ing trajectory is then downsampled to 7" target locations for
the object 0. This formulation introduces diverse motions
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Time

Figure 3. Motion overlaid videos showing the position change
and transformation of the added objects along the time dimension.

with varying spatio-temporal dynamics in the form of ob-
jects with different shapes, sizes, and temporal progression.
Transformation. To increase the complexity of the ob-
ject’s motion, we also apply scale and rotation transforma-
tions along the temporal dimension. Specifically, we select
3 frame indices, the first, the last, and a random middle one,
V1, Um, and v, respectively. For these three frame indices,
a rotation angle «;, and a scaling factor S; are selected ran-
domly. The angles and scales for the rest of the frames are
linearly interpolated between these keyframes. Finally, the
object o is rotated and scaled with the corresponding trans-
formations (7% 5" ) and (7 ¢ ). before overlaying
it onto the video frame v;.

Figure 3 shows two sample videos with our added mo-
tions. While these motions may not appear entirely realistic,
they represent complex motion dynamics of moving struc-
tured pixels, and introducing them into a mask-and-predict
framework guides the model to learn from such dynamics.



This results in video representations with improved down-
stream performance on motion-aware tasks, as we also val-
idate empirically. Interestingly, we also show in the exper-
iments (Section 5) that overlaying such object motions on
black or noise frames can learn strong video representations
without requiring any original videos.

3.4. Training Procedure

By adding synthetic motions, we have introduced a do-
main shift in the input for reconstruction, which may affect
the performance of downstream tasks. To explore effective
learning from both original videos V' and motion-overlaid
videos V', we explore two training strategies, i.e. mixed
training and progressive training. In the mixed training
strategy, we use both V and V' as the input to the network
and directly optimize for the reconstruction of both inputs.
The idea is to simultaneously encode the spatio-temporal
dynamics of the original video data and the motion dynam-
ics of the augmented data, with a limited domain shift. In
the progressive training strategy, we employ a two-stage
learning approach that first learns from augmented data V'
alone, then continues to train the model with the original
data V' alone. This way we can first learn to encode the
spatio-temporal dynamics of the augmented data and then
align the network to further encode the dynamics of the
original data and its domain.

4. Experiments

We evaluate SMILE against prior video SSL methods on
action recognition benchmarks: Kinetics-400 (K400) [26],
SomethingSomething V2 [18] (SSv2), UCF-101 [52]
(UCF), HMDB-51 [29] (HMDB), FineGYM [50] (GYM),
and EPIC-Kitchens-100 [8] (EPIC), achieving the best per-
formance in linear probing and full finetuning (Section 4.2).
SMILE also shows better generalization on the SEVERE
benchmark[55] (Section 4.4). Ablations and further discus-
sion are provided in Section 4.3 and Section 5, respectively.

4.1. Implementation Details

Model. Following VideoMAE [57], we use ViT-S or ViT-B
with joint space-time attention for our student network. We
choose CLIP ViT-B [45] as our teacher network.

Motions. We follow PIN [10] to create the set of segmented
objects O with Stable Diffusion [48] and X-Paste [71].
We sample the object size Px () uniformly from [32x32,
128x128] and sample the rotation angles from [—90, 90]
and scaling factors from [0.5, 1.5].

Pretraining. We follow previous masked video modeling
works [12, 21, 53, 57] and use Kinetics-400 [26] (K400) or
SomethingSomething V2 [18] (SSv2) for pretraining unless
specified otherwise. We use the same hyperparameters as
in VideoMAE [57]. Unless stated otherwise, we train with
our proposed progressive training for a total of 600 epochs,
300 epochs in each stage. More training details are in sup-
plementary material.
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Table 1. Linear probing comparison of masked video model-
ing methods. Our SMILE learns highly discriminative video rep-
resentations useful for both spatial and motion-focused domains.
All results are obtained with the ViT-B backbone pretrained on
K400 and Top-1 accuracies (%) are reported.

Method K400 UCF HMDB SSv2 GYM EPIC
VideoMAE [57] 20.7 586 377 17,5 239 332
MVD [63] 18.7 49.1 28.6 122 227 29.7
MME [53] 19.1 560 37.1 16.6 29.0 322
MGMAE [21] 249 644 413 168 26.1 332
EVEREST [23] 14.1 518 303 145 233 305
MGM [12] 19.8 625 403 21.7 258 324
SIGMA [49] 475 80.7 523 20.8 30.1 342
SMILE w/o motion 54.6 82.6 51.7 21.6 279 323
SMILE (ours) 56.2 83.8 534 237 30.2 344

4.2. Comparison with State-of-the-Art

Linear Probing. We freeze the pretrained backbone and
only train a linear classifier on the target dataset. When
evaluating the prior works for comparison, we utilize their
publicly available checkpoints for the ViT-B backbone pre-
trained on the K400 dataset for 800 epochs except for MVD
(2000 epochs) and MME (1600 epochs). We evaluate the
downstream task using a common setup for a fair compari-
son. Details about datasets and experimental settings are in
the supplementary material.

Table 1 shows that our method, even without synthetic
motion, significantly outperforms all state-of-the-art meth-
ods on K400 and UCF, and is among the top performers
on HMDB, SSv2, GYM, and EPIC. This highlights that
CLIP feature reconstruction offers a stronger supervisory
signal than pixel reconstruction, especially in tasks requir-
ing spatial semantics like K400 and UCF. Adding synthetic
motions further boosts performance by an average of 1.8%
across datasets, enhancing motion cues through reconstruc-
tion. On motion-sensitive datasets like SSv2, GYM, and
EPIC, our approach consistently surpasses MGM [12], MG-
MAE [21], and MME [53], confirming that synthetic mo-
tions help overcome the lack of motion diversity in current
datasets that may limit these methods.

Full Finetuning. We finetune both the pretrained
backbone and the classification head end-to-end following
[21, 53, 57] on the downstream datasets K400 and SSv2.
Following prior masked video modeling works [12, 21, 57],
we show results with self-supervised pretraining on K400
and SSv2 datasets for the VIT-B backbone. We follow
VideoMAE [57] for finetuning and evaluation protocols
with more details in the supplementary.

Tables 2 and 3 show the results for SSv2 and K400, re-
spectively. On SSv2, we achieve the best performance with
both K400 and SSv2 pretraining, highlighting our method’s
effectiveness for both in-domain and cross-domain transfer.



Table 2. Full finetuning comparison of various self-supervised
methods on Something-Something V2. All results are obtained
with a ViT-B backbone. * denotes results obtained by our evalu-
ation. Our SMILE achieves state-of-the-art performance. Top-1
accuracies (%) are reported.

Method Backbone | Epochs | Pretrain | Top-1
VideoMAE [57] | ViT-B 800 K400 | 68.5
OmniMAE [17]| ViT-B 800 K400 | 69.0
MGMAE™ [21] ViT-B 800 K400 | 68.9
MME [53] ViT-B 800 K400 | 70.5
SIGMA [49] ViT-B 800 K400 | 71.1
MGM™ [12] ViT-B 800 K400 | 71.1
SMILE (ours) ViT-B 600 K400 | 72.1
‘OmniMAE [17]| VIT-B | 800 | SSv2 | 69.5
VideoMAE [57] | ViT-B 800 SSv2 | 69.6
MGM [12] ViT-B 800 SSv2 | 70.6
MME [53] ViT-B 800 SSv2 | 70.0
SIGMA [49] ViT-B 800 SSv2 | 71.2
MGMAE [21] ViT-B 800 SSv2 | 71.0
SMILE (ours) ViT-B 800 SSv2 | 725

For K400, we exceed the prior top SSL approach by 1.6%.
Additionally, our gains over motion-focused methods, such
as MGMAE (1.5% on SSv2, 1.9% on K400), MME (2.5%
on SSv2, 1.6% on K400), and MGM (1.9% on SSv2, 2.3%
on K400), confirm our improved motion sensitivity, even
in full-finetuning settings. Notably, our model surpasses
VideoMAE, MotionMAE, MME, and MGMAE trained for
more than twice the number of epochs (see supplemen-
tary for the extensive comparison). We attribute this effi-
ciency to CLIP feature reconstruction, which directly cap-
tures high-level semantics compared to pixel-level learning.

4.3. Ablations

We ablate various components of our SMILE to show their
impact on the downstream performance in Table 4. For
computational efficiency, we use ViT-S as the backbone and
pretrain with a smaller subset of K400, denoted as K400,,,
containing around 80K samples. For evaluation, we use
K400, and SSv2,, that denotes a subset of SSv2 with 50%
training data. Unless stated otherwise, we use CLIP features
as the reconstruction target, add two synthetic objects, mask
90%, use trajectory masking, and train for 400 epochs.
Synthetic motion, yes or no? In Table 4a, we show the im-
pact of adding synthetic motions to the masked video mod-
eling framework for both pixel and feature reconstruction.
We can see that adding our synthetic motion patterns signif-
icantly improves the downstream performance of both pixel
and feature reconstruction.

Reconstructing pixels or features? Table 4h compares
pixel-based and feature-based reconstruction targets in
masked video modeling. Reconstructing in feature space
significantly boosts performance over pixel reconstruction,
with a +12.1% gain on spatially-focused tasks like K400,
and +5.1% on motion-focused tasks like SSv2,,. This sug-
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Table 3. Full finetuning comparison of various self-supervised
methods on Kinetics-400. All results are obtained with a ViT-
B backbone. * denotes results obtained by our evaluation. Our
SMILE achieves state-of-the-art performance. Top-1 accuracies
(%) are reported.

Method Backbone | Epochs | Pretrain | Top-1
SVT [46] ViT-B - K400 | 784
VideoMAE [57] | ViT-B 800 K400 | 80.0
BEVT [62] ViT-B - K400 | 80.6
OmniMAE [17]| ViT-B 800 K400 | 80.8
MGM [12] ViT-B 800 K400 | 80.8
MGMAE [21] ViT-B 800 K400 81.2
SIGMA [49] ViT-B 800 K400 | 81.5
MME* [53] ViT-B 800 K400 | 81.5
SMILE (ours) ViT-B 600 K400 | 83.1

gests that using a high-level feature space as the reconstruc-
tion target provides more meaningful supervision for learn-
ing transferable spatio-temporal representations.
Reconstructing which features: CLIP, MAE or
DINQO? Table 4b compares several image foundation
models—MAE [20], DINO [4], DINO-v2 [39], and
CLIP [45]—as reconstruction targets. CLIP features out-
perform the others, likely due to CLIP’s image-text align-
ment training on a large dataset, enhancing its transferabil-
ity and adaptability to video tasks as shown in [36, 47, 61].
Compared to pixel reconstruction in Table 4h, all feature-
based approaches show substantial performance gains.
Trajectory-based masking: yes or no? Table 4g shows the
impact of our trajectory-based masking. Without trajectory
masking, all tokens are masked using tube masking, which
masks the whole video without distinguishing between ob-
ject and non-object space-time tokens. In contrast, trajec-
tory masking first masks space-time tokens associated with
objects, followed by tube masking on the remaining tokens,
maintaining the overall masking ratio. Our trajectory mask-
ing improves performance by approximately 1% on both
K400,, and SSv2,,, validating that masking along object tra-
jectories enhances motion-aware representation learning.
How much to mask? Table 4e shows the impact of mask-
ing ratio m on downstream performance. We mask m of
space-time tubes within the objects and m of space-time
tubes in the whole video with m being 95%, 90%, or 80%.
We observe the best performance with m=80%.

How many synthetic objects? In Table 4f, we analyze the
impact of adding more object motions to the input video on
downstream performance. We evaluate adding 1,2 and 3
object motions and compare the results. We observe that
adding 2 objects is better than using a single object and the
performance saturates when adding more objects.

Which object transformations? In Table 4c, we show
the impact of object transformation on downstream perfor-
mance. Both rotation and scaling improve the performance
individually and combining them achieves the best results.



Synth. Target K400, SSv2y Target K400, SSv2, Transform K400, SSv2y Training K400, SSv2im
w/o Pixels 66.0 55.1 MAE [20] 77.6 59.5 None 77.0 60.8 Single 78.9 61.6
w/ Pixels 68.1 56.8 DINO [4] 77.6 59.7 Scaling 78.4 61.3 Mix 79.5 62.2
w/o Features  78.1 60.2 DINOV2 [39] 77.8 59.7 Rotation 78.2 61.4 Progressive ~ 79.8 62.5
w/ Features  78.9 61.6 CLIP [45] 78.1 60.2 Both 78.9 61.6

(a) Synthetic motion, yes or no? Yes.
It improves performance for both pixel
and feature targets.

(b) Reconstructing which fea-
tures? CLIP features provide the
best target. No motion is added.

Ratio Target K400, SSv2n, # Objects K400, SSv2n,
95%  features  77.7 60.4 1 78.6 61.0
90%  features  78.9 61.6 2 78.9 61.6
80% features  80.3 62.0 3 78.6 61.3

(¢) How much to mask? Masking (f) How many objects? Adding

80% trajectory and total tokens. two object motions is the best.

Which training strategy? Table 4d compares our pro-
posed training strategies. We also compare learning with
the single learning strategy, where only augmented videos
are used for training. We observe that both mixed and pro-
gressive learning are better than learning from augmented
videos only. Progressive is better than mixed, most likely
due to a reduced domain shift in the second stage where
only original videos are used.

Qualitative analysis. To compare the temporal dynamics
of video representations learned by different SSL methods,
we compute their feature similarity across different frames
of input videos (Figure 4). For our model, the features of
different frames have larger differences, indicating better
temporal awareness. More plots are in the supplementary.

VideoMAE MGMAE

076 0.69 066 0.61 059 0.57 0.54 [E

SMILE(Ours)

066 0.59 055 0.54 051 0.50 0.47

083 0.79 076 0.73 072 0.71 0.68 [O3

l0.47 050 0.51 055 0.54 0.60 0.6

Figure 4. Feature similarity across different frames for differ-
ent SSL methods. We compute this on K400 validation videos.

4.4. Generalization Assessment

To demonstrate the generalization of our learned video rep-
resentations to diverse downstream video setups, we eval-
uate SMILE on the SEVERE benchmark [55], which in-
cludes 8 experiments targeting 4 key generalization factors:
domain shift, sample efficiency, action granularity, and task
shift. Detailed configurations are provided in the supple-
mentary. Beyond SEVERE, we also show generalization
to more temporal tasks in supplementary.

Table 6 shows the results. For the Domain Shift, we test
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(d) Which training strategy?
Progressive training outperforms
both for the same number of itera-
tions.

(c) Which object transforma-
tions? Using both rotation and
scaling works the best.

Masking K400, SSv2in, Target K400, SSv2n
w/o Trajectory ~ 77.8 60.7 Pixels 66.0 55.1
w/ Trajectory 78.9 61.6 Features  78.1 60.2

(g) Trajectory masking, yes or (h) Reconstructing pixels or fea-
no? Yes. Both targets are fea- tures? Reconstructing features is
tures. much better. No motion is added.

Table 4. Ablation experiments of our proposed SMILE. The default setting uses clip reconstruction targets with two synthetic objects and
a 90% masking ratio with trajectory-based masking. We also show full-scale ablations with ViT-B and K400 pretraining in supplementary.

cross-domain adaptability on SSv2 and Gym99, which dif-
fer from the pretraining dataset (K400). Our method signifi-
cantly outperforms all others, demonstrating superior adapt-
ability to domain shifts. For Sample Efficiency, we evalu-
ate low-shot action recognition on UCF and GYM with only
1,000 samples for finetuning. Our approach surpasses pre-
vious methods, achieving a 5% improvement on GYM over
the best prior model, MME, showcasing its strong low-shot
recognition capability even in motion-sensitive tasks. For
the Action Granularity, tested on FX-S1 and UB-S1 from
FineGym, our model achieves the best results, excelling
at distinguishing fine-grained motions within gymnastics
routines (e.g., jump variations in FX-S1). It outperforms
motion-aware models like MME, MGMAE, and MGM,
highlighting superior motion generalizability. For Task
Shift, evaluated with temporal repetition counting on UCF-
RC [70] and multi-label recognition on Charades [51], our
method matches prior performance on repetition counting
and achieves a 9% improvement over MME on Charades,
demonstrating broad task adaptability. Overall, SMILE
(without synthetic motion) is on par with the prior best with
the mean performance of 64.9%. With synthetic motion
SMILE, we observe a further 3.0% gain, reinforcing our
model’s generalization strength through synthetic motion.

S. Discussions

Comparison with Other CLIP Adaptations. Table 5
presents a comparison between our SMILE and the CLIP
adaptation methods ViCLIP [64] and UMT [31], along with
the CLIP baseline. Our method achieves superior perfor-
mance on motion-sensitive datasets, particularly in linear
probing, indicating that our CLIP adaptation learns better
video representations than the video-text alignment of Vi-
CLIP and the unmasked feature alignment of UMT, despite
using less data. More results are in the supplementary.



Table 5. Comparision with CLIP adap-

Pretraining Finetuning Linear Probing
tations for video representation learn-
Method Video Dataset UCF GYM SSv2 EPIC UCF GYM SSv2 EPIC g Despite using less data, we learn bet-
CLIP [45] - 936 88.0 667 503|775 207 113 25.1 ter video representations than other CLIP
ViCLIP [64] Intervid-10M [64]| 95.2 89.7 67.9 55.0 |86.7 27.3 189 27.3  adaptations, especially for motion-focused
UMT [31] K700 [5] 96.0 89.9 70.1 50.1 |88.0 264 188 28.2  downstream domains.
SMILE (ours) K400 [26] 964 90.8 719 633 |83.8 30.2 23.7 34.6

Table 6. Generalization assessment on SEVERE benchmark [

] for recent video SSL methods in terms of domain shift, sample

efficiency, action granularity, and task shift. We evaluate prior works with the official ViT-B backbone checkpoints pretrained on the K400
dataset. SMILE shows the best generalization performance across setups. Adding synthetic motions further improves the performance.

Method Domain shift  Sample efficiency (10°) Action granularity Task shift Mean
SSv2  Gym99 UCF GYM FX-S1 UB-S1 UCF-RC| Charades
VideoMAE [57] 68.6 86.6 74.6 25.9 42.8 65.3 0.172 14.4 57.6
MVD [63] 70.0 82.5 67.1 17.5 31.3 50.5 0.184 16.1 52.1
MGMAE [21] 68.9 87.2 77.2 24.1 33.7 79.5 0.181 17.9 58.8
MGM [12] 71.1 89.1 78.4 26.4 38.6 86.9 0.152 22.5 62.2
SIGMA [49] 70.9 89.7 84.1 28.0 55.1 79.9 0.169 23.1 64.2
MME [53] 70.1 89.7 79.2 29.8 55.5 87.2 0.155 23.6 65.0
SMILE w/o motion  71.6 90.0 852 32.0 534 74.3 0.175 30.5 64.9
SMILE (ours) 72.1 90.8 86.4 35.1 55.1 88.3 0.170 32.5 67.9

Table 7. Learning without natural videos. We train a ViT-S for
pixel reconstruction. Our synthetic object motions can learn video
representations without using any natural videos.

Unnatural Video Scheme Pretrain Data K400,, SSv2,,

No Pretraining - 39.7 282
‘Video-frame ~ K400,-1frm 540 43.1
Video-frame + Motion K400,-1frm  63.6  53.2
Tmage 1 Places-80K  52.1  40.5
Image + Motion Places-80K  60.1 52.1
‘Black image + Motion - 592 500
Noise image + Motion - 619 512

Learning without Natural Videos. In prior experiments,
we overlay our object motions onto natural videos from the
Kinetics-400 dataset, raising the question of whether down-
stream improvements stem from original video priors (mo-
tion, action, scene) or our added object motions. To inves-
tigate this, we construct videos by overlaying object mo-
tions onto four different backgrounds: (1) a single frame
from natural videos, (2) a single scene image from the im-
age dataset Places [73], (3) a plain black image, and (4) a
noise image. Each background image is duplicated across
T frames, creating static clips onto which moving objects
are placed. For (1), we select one frame per video from
K400,, (denoted K400,,-1frm), preserving action and scene
cues without motion priors. For (2), we sample 80K im-
ages from Places (Places-80K), matching the dataset size
of K400,,-1frm, to remove action and motion priors. Ap-
proaches (3) and (4) exclude all natural video or image pri-
ors entirely. Evaluation involves full finetuning on K400,

and SSv2,,, consistent with our previous ablation studies.
Table 7 reports results for different augmented video
types. Adding object motions consistently enhances down-
stream performance, whether combined with action and
scene cues from natural videos (row 2 vs. row 3) or only
scene cues from images (row 4 vs. row 5). Even with black
or noisy backgrounds (rows 6 and 7), performance remains
robust. Remarkably, using object motions alone yields sub-
stantial improvements—22.2% on K400,, and 23.0% on
SSv2,, compared to no pretraining. These findings demon-
strate our method’s effectiveness in learning video repre-
sentations from synthetic motions alone. More results are
in the supplementary. In summary, our method enables a
new paradigm of learning strong video representations with
masked video modeling without relying on natural videos.

6. Conclusions

In this work, we proposed SMILE, a novel self-supervised
approach for video representation learning that addresses
key limitations in existing masked video modeling meth-
ods by integrating both spatial and motion semantics. Our
SMILE, leverages the high-level spatial semantics from
image-language pretrained models like CLIP and enhances
motion representation through synthetic motion patterns.
By capturing complex spatial features and motion dy-
namics, SMILE achieves superior performance on diverse
downstream tasks, demonstrating improved discrimination
and generalization over state-of-the-art video SSL methods.
Our extensive evaluations demonstrated the advantages of
our SMILE, setting a new paradigm for robust and effective
video self-supervised learning.
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