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Abstract

Despite the impressive progress of recent pretraining methods on multimodal tasks,
existing methods are inherently biased towards either spatial modeling (e.g., CLIP)
or temporal modeling (e.g., V-JEPA), limiting their joint capture of spatial details
and temporal dynamics. To this end, we propose UniViT, a cluster-driven uni-
fied self-supervised learning framework that effectively captures the structured
semantics of both image spatial content and video temporal dynamics through
event-level and object-level clustering and discrimination. Specifically, we leverage
offline clustering to generate semantic clusters across both modalities. For videos,
multi-granularity event-level clustering progressively expands from single-event to
structured multi-event segments, capturing coarse-to-fine temporal semantics; for
images, object-level clustering captures fine-grained spatial semantics. However,
while global clustering provides semantically consistent clusters, it lacks model-
ing of structured semantic relations (e.g., temporal event structures). To address
this, we introduce a contrastive objective that leverages these semantic clusters
as pseudo-label supervision to explicitly enforce structural constraints, including
temporal event relations and spatial object co-occurrences, capturing structured
semantics beyond categories. Meanwhile, UniViT jointly embeds structured object-
level and event-level semantics into a unified representation space. Furthermore,
UniViT introduces two key components: (i) Unified Rotary Position Embedding
integrates relative positional embedding with frequency-aware dimension alloca-
tion to support position-invariant semantic learning and enhance the stability of
structured semantics in the discrimination stage; and (ii) Variable Spatiotemporal
Streams adapt to inputs of varying frame lengths, addressing the rigidity of conven-
tional fixed-input approaches. Extensive experiments across varying model scales
demonstrate that UniViT achieves state-of-the-art performance on linear probing,
attentive probing, question answering, and spatial understanding tasks.

1 Introduction

Visual representations are fundamental to the success of various downstream tasks. Contrastive [48,
71] and self-supervised [6, 10, 44] frameworks have strong spatial semantic modeling and cross-
modal alignment. However, existing methods exhibit inherent biases toward specific modalities,
limiting their joint capture of spatial details and temporal dynamics: Image-centric models (e.g.,
CLIP [48]) capture static semantics but inadequately model temporal dynamics, while video-centric
models (e.g., V-JEPA [10]) incorporate temporal cues but exhibit deficiencies in fine-grained spatial
modeling.
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(a) Image Discrimination (b) Video Discrimination (c) UniViT Discrimination

Figure 1: Comparisons of cluster discrimination in image, video, and unified representation. (a)
Image multi-label cluster discrimination improves semantic cohesion by assigning multiple samples
to cluster centers, capturing various granularities of visual signals at the object level, but is limited to
image representations. (b) Video cluster discrimination assigns discrete event-level labels to video
segments, modeling dynamic semantics but lacking fine-grained spatial structures. (c) The proposed
UniViT adopts unified multi-label discrimination at event and object levels with shared clusters and
encoders, bridging spatial semantics and temporal structures within a unified representation.

The key to unified visual pretraining lies in jointly modeling static and dynamic semantics through
structured, semantically coherent representations. Recent approaches such as UNICOM [2],
MLCD [4] and RICE [64] enhance perception of structured semantics in images by introducing
clustering mechanisms. MLCD further advances this approach by employing multi-label clustering
to capture multiple semantic components in images, as depicted in Fig. 1 (a). Furthermore, Chat-
Univi [34] introduces video event clustering for semantic modeling; however, it remains primarily
focused on static objects and isolated events, lacking semantic modeling at the structured event
level, thus failing to capture structured temporal dynamics. For instance, although actions such as
“grabbing a cup” and “grabbing a phone” differ in their visual manifestation, a model with event-level
abstraction can generalize them into a unified “grabbing” event category and capture the semantic
relationship between the action and the target object. Moreover, such a model can infer the structural
role of an action within an event sequence, such as recognizing that “grabbing a bowl” often precedes
the event of “serving food.” This capability signifies a transition from isolated event recognition to
structured event understanding. Therefore, we argue that transitioning from instance semantic recog-
nition to cross-modal structured modeling is essential for constructing a unified visual pretraining
framework.

In this work, we propose UniViT, a cluster-driven unified self-supervised learning framework that
effectively captures the structured semantics of both image spatial content and video temporal
dynamics through event-level and object-level clustering and discrimination, as depicted in Fig. 1(c).
Specifically, we design a two-stage cluster-discrimination training paradigm. In the clustering stage,
we employ offline clustering to generate semantic for both modalities. For videos, we perform
multi-granularity event-level clustering by densely sampling frames at multiple temporal scales,
progressively organizing individual events into structured segments of multiple events, thus capturing
coarse-to-fine temporal semantics. For static images and individual video frames, we employ object-
level clustering extracts fine-grained spatial semantics. Subsequently, in the discrimination stage,
we introduce a contrastive objective that utilizes these semantics as pseudo-label supervision to
explicitly enforce structural constraints, including temporal relations among adjacent events and
spatial co-occurrences among objects. This approach captures structured semantics beyond isolated
categories, aligning dynamic and static semantic content within a unified representation space.

The core of this method is to jointly model structured semantics across image and video modalities
within a unified representation space, effectively bridging static spatial details and dynamic temporal
relations. Therefore, UniViT introduces two critical components: (i) Unified Rotary Position Embed-
ding (U-RoPE), decomposing positional embeddings into distinct spatial and temporal components
through frequency-aware allocation, thereby facilitating position-invariant representation learning
and enhancing stability of structured semantic representations during the discrimination stage; and
(ii) Variable Spatiotemporal Streams (VS2), adapting to varying frame lengths, enabling the model
to flexibly capture fine-grained spatial details and diverse temporal scales simultaneously. Notably,
UniViT retains the original vision encoder without incurring extra inference costs.
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Figure 2: Overview of the UniViT framework for unified representation learning. Image and video
inputs are processed by 2D/3D convolutions, with video features segmented into events. The resulting
tokens are fed into a shared UniViT backbone with U-RoPE, followed by Attentive Pooling to produce
a class-level representation for contrastive learning against memory bank class centers.

Extensive experiments across varying model scales demonstrate that UniViT achieves state-of-the-art
performance on multiple downstream tasks, including linear probing, attentive probing, image and
video question answering, and spatial understanding. The contributions are summarized as follows:
(i): We propose UniViT, a cluster-driven unified self-supervised learning framework that effectively
captures the structured semantics of both image spatial content and video temporal dynamics through
event-level and object-level clustering and discrimination. (ii): We introduce U-RoPE and VS2

strategies to explicitly disentangle spatial-temporal positional embeddings and adaptively handle
varying frame lengths, facilitating position-invariant and structured spatiotemporal representations.
(iii): Extensive experiments across diverse model scales and tasks demonstrate that UniViT achieves
state-of-the-art performance on multiple downstream tasks.

2 Methodology

Our goal is to achieve unified representation learning across image and video modalities (Fig. 2).

Variable Spatiotemporal Streams (VS2). Given visual samples X = fxigNi=1, each sample xi
is uniformly divided into non-overlapping patches, accommodating both images and videos in a
unified manner. Specifically, each image sample xi 2 RH×W×3 is partitioned into spatial patches
of size P � P , while each video sample xi 2 RT×H×W×3 is partitioned into variable-length frame
sequences fFi,sgSi

s=1, with each sequence Fi,s 2 RTi;s×H×W×3 covering consecutive RGB frames
(e.g., 1, 2, 4, 8, or 16 frames) over the same spatial regions, where Si denotes the number of
sequences within the i-th video. Subsequently, each sequence Fi,s is independently encoded via a
shared Transformer-based encoder �(�) into spatiotemporal embedding tokens Zi:

Zi = [�(Fi,1); �(Fi,2); : : : ; �(Fi,Si
) ] 2 RM×C ; with M =

SiX
s=1

Ms: (1)

where Ms and C denote the number of embedding tokens and the embedding dimension for the
s-th sequence, respectively. The resulting tokens are projected into D-dimensional vectors, forming
token embeddings Ei = fei,jgMj=1 2 RM×D that encode local visual features [21]. Subsequently,
positional encodings are dynamically assigned using the VS2 strategy. Therefore, this design enhances
flexibility and spatiotemporal representational capacity.

Event-level and Object-level Clustering. Iterative clustering-discrimination approaches commonly
suffer from substantial computational overhead [14]. To address this issue, we adopt a single-step
offline clustering to efficiently capture both object-level semantics from images and event-level
semantics from videos. Specifically, image embeddings are obtained by pooling the features extracted
from local object patches, eobji = ei 2 RD, while video embeddings which are derived from a
fixed-length 16-frame input are obtained by concatenating frame-level features within each segment,
yielding eevti,s = [ei,1; : : : ; ei,s] 2 Rs×D from variable-length sub-clips of s 2 f1; 2; : : : ; Sig. We

define a set of shared semantic centroids C = fcobjk g
Kobj

k=1 [fcevtk g
Kevt

k=1 � RD;whereK = Kobj+Kevt

represents the total number of clusters across both modalities. The clustering objective is then
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formulated separately for object and event embeddings:

Cuni = arg min
{cobj

k ,cevt
k }

NX
i=1

 
min

k∈[1,Kobj]
keobji � cobjk k

2
2 +

SiX
s=1

min
k∈[1,Kevt]

keevti,s � cevtk k22

!
; (2)

where N is the number of samples. Cuni integrates object-level and event-level semantics for
consistent representation learning.

Unified Rotary Position Embedding (U-RoPE). Unlike traditional absolute position encoding
defined as p = (t; x; y), U-RoPE adopts a relative scheme [53] �p = (t1� t2; x1�x2; y1� y2) that
supports position-invariant semantic learning, enabling better modeling of multi-event structures in
videos. Specifically, the rotary position embedding is applied directly to the query-key dot-product
attention matrix, i.e., Ai,j = (qiRi)(kjRj)

⊤: For image inputs, the temporal position t is fixed across
the spatial grid (x; y). For video inputs, temporal positions vary across frames while spatial positions
are computed the same way as for images. Existing methods, such as M-RoPE [60], typically allocate
temporal position encodings with high-frequency components, determined by the rotary frequency
�n = �− 2n

C . This allocation causes periodic oscillations, leading to unstable frame representations
that conflict with dense label discrimination. Therefore, we propose a unified frequency allocation
strategy that assigns global event-related temporal structures to smoother low-frequency components,
while retaining high-frequency components for local spatial details:

�S = f�− 2(2j+k)
C j j 2 [0;

3

4
L); k 2 f0; 1gg; �T = f�− 2j

C j j 2 [
3

4
L;L)g; (3)

where �S and �T respectively denote the rotation frequencies used for spatial and temporal rotary
applying to the 2L-dimensional embedding space, with L = C

2 , and � represents the base frequency.

Joint Training Objective. Visual samples commonly exhibit multiple semantic components, includ-
ing object-level semantics from images and event-level semantics from videos, rendering single-label
assignments inadequate for unified multimodal representation learning. To capture both object-level
and event-level semantic structures, we introduce a contrastive objective that leverages these semantic
clusters as pseudo-label supervision to explicitly enforce structural constraints. Specifically, for
each visual embedding ei 2 RD, we identify multiple positive semantic labels from the unified
semantic centroid set Cuni 2 R(|Cobj |+|Cevt|)×D, consisting of both object-level Cobj and event-level
Cevt centroids. The remaining centroids in this unified set are treated as negative labels. Subsequently,
the joint multi-label semantic discrimination objective is formulated as:

LJoint =
X

m∈{obj,evt}

24log(1 +
X

j∈Ωm
n

exp(�m
j )) + log(1 +

X
i∈Ωm

p

exp(��m
i ))

35 ; (4)

where m 2 fobj; evtg denotes the semantic granularity level, corresponding respectively to object-
level (images or single frames) and event-level (video segments). 
m

p and 
m
n represent the sets of

positive and negative semantic labels for granularity level m, while �m
i and �m

j indicate embedding
similarity scores to positive and negative semantic centroids, respectively. The embedding similarity
score �m

u,k is computed as �m
u,k = e⊤u c

m
k , where u and k index visual embeddings and semantic

centroids within the corresponding positive or negative sets, respectively. This unified formulation
leverages semantic clustering to capture spatiotemporal structures for discriminative embeddings.

Unified Image and Video Understanding. As shown in Fig.3a, the frame-to-frame similarity under
the multi-event setting is significantly lower than that of the single-event counterpart, indicating finer-
grained temporal discrimination and better action segmentation. The lower training loss in Fig. 3b
indicates that fine-grained temporal modeling in the multi-event setting benefits video understanding.
In Fig. 3c, U-RoPE demonstrates faster convergence and improved stability over absolute position
encoding and M-RoPE. By decoupling spatial and temporal dimensions and avoiding high-frequency
temporal encoding, U-RoPE enables robust position-invariant learning across both images and videos.
Fig. 3d illustrates the distribution of cosine similarity between image and video feature embeddings,
indicating that video and image representations are related yet significantly different.

3 Experiments
3.1 Implementation Details.

Pretraining Setup. Our models are pre-trained on the LAION400M[50], COYO700M[13], and
InternVid[61]. We use 80 H800 GPUs for the training process. During training, we maintained a 1:1
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