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Abstract. Contrastive pre-training has propelled video-text alignment,
yet models often inherit the critical limitations of their image-text pre-
decessors like CLIP, resulting in entangled representations. These chal-
lenges are severely exacerbated by two fundamental properties in the
video domain: Temporal Misalignment, where textual descriptions often
correlate only to specific, constrained temporal windows, leaving other
frames text-irrelevant; and Semantic Asymmetry, which dictates a sparse,
bidirectional, and non-equivalent relevance between frame-level visual de-
tails and caption-level concepts. This failure persists whether captions
are short and temporally disjoint, creating ambiguity, or long and de-
tailed, fostering entanglement between static objects and their temporal
evolution. In this paper, we establish theoretical conditions that enable
flexible alignment between video and text representations across the tem-
poral dimension and at varying levels of granularity. Building on these
theoretical insights, we introduce MoVA—Modular Long Video–Text
Alignment—which learns dual asymmetric projections: a text-side pro-
jection that adaptively selects frame-aware subspaces of the caption, and
a video-side projection that disentangles text-relevant visual concepts.
Our framework ensures that the model can preserve global cross-modal
semantics while disentangling evolving, frame-specific concepts and scale
naturally to long captions and videos. Empirical evaluations show that
MoVA outperforms existing methods in multiple video-text alignment
tasks, demonstrating the effectiveness of our method.

Keywords: Video-Text Retrieval · Multimodality · Representation Learn-
ing

1 Introduction

Developing generalizable video–text representations remains an important prob-
lem in modern computer vision. Driven by rapid advances in vision–language pre-
training (VLP), large-scale cross-modal representation learning—coupled with
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A man is practicing archery. His first arrow misses the target. He loads another 
arrow, showing persistence. In front of him there are several targets with a 
backdrop behind them. He shoots again, but this time the arrow strikes the 
backdrop, causing it to collapse. The people standing around start laughing at 
the mishap. The instructor walks over to the targets, possibly to inspect the 
damage or guide the man.

A man is playing a table tennis game.

A young man talking about his play.

Person in black shirt is celebrating 
the point and the win.
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Fig. 1: Illustration of two key challenges for video–language alignment. (1) Temporal
Misalignment: Video captions are inherently temporally misaligned with the under-
lying visual content. Multiple paired captions emphasize different moments along the
video timeline—the first frame focuses on the man talking, while the second centers on
the table tennis game. A single caption may describe an action occurring within only
a short temporal window, leaving other frames potentially text-irrelevant. (2) Seman-
tic Asymmetry: Regardless of caption length, only a sparse subset of the caption is
relevant to any given frame. Text induces selective relevance, influencing each frame’s
attention toward different textual components, whereas each frame preserves richer yet
underdetermined information toward the correlated text, forming an inherent bidirec-
tional asymmetry between the two modalities.

explicit video–text alignment objectives—yields aligned embeddings that trans-
fer broadly across a diverse spectrum of downstream tasks, including video-text
retrieval [12,54,55,59,67], video captioning [21,43], and action recognition [11,73].

The success of CLIP-style contrastive learning [10, 35, 37] motivated many
video–text systems to reuse image–text encoders and perform lightweight post-
pretraining. However, CLIP itself can suffer from information misalignment in
many image–text datasets and tends to learn entangled representations [17, 27,
28,32,45,71]: different captions for the same image may highlight different con-
cepts, and a single caption may involve multiple concepts. SmartCLIP [61] ad-
dresses this issue with adaptive masking and a modular contrastive objective at
the image-level, encouraging disentangled representations of images and texts.

When extending to video, additional temporal misalignment arises because
a video is a sequence of frames, risking the loss of salient frame-level semantics
and misinterpretation of temporal dynamics. On the one hand, short captions
for a single video may describe disjoint temporal segments, leaving the model
uncertain about which parts of the text to attend to for a given frame. On the
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other hand, directly aligning long captions with videos can preserve entangled
details, preventing the learning of disentangled, atomic concepts at both the
object and temporal levels, and ultimately limiting generalization on video tasks
that demand fine-grained understanding across time and entities. We further
characterize this as semantic asymmetry, shown in Figure 1.

To mitigate the impact of the above factors, we formulate video–text align-
ment as a latent-variable identification problem over temporally indexed frames
and textual spans. We establish conditions under which frame–text correspon-
dences are recoverable from weak clip–caption supervision, enabling our frame-
work to preserve information as it evolves over time and to disentangle object-
centric from motion-centric factors. Building on these theoretical insights, we
introduce MoVA—a Modular Video–Text Alignment framework for CLIP-style
video-text models. Operationally, MoVA decomposes the text representation into
concept modules and learns a frame-aware mask selector that adaptively acti-
vates the relevant textual components per frame. The modular contrastive objec-
tive is computed at the frame level and aggregated across clips with lightweight
temporal-consistency and coverage regularization. We empirically demonstrate
that MoVA achieves competitive results across a range of downstream tasks
without extra post-pretraining data, showcasing its effectiveness in addressing
alignment challenges.

Our main contributions are summarized as follows.
– Theory for video–text misalignment and disentanglement. We formally char-

acterize the challenges of information misalignment and semantic asymmetry
in video–text alignment and cast the problem in a latent–variable framework
and derive identification conditions that guarantee recovery of frame–text cor-
respondences and concept-level factors.

– We propose dual asymmetric projections with modular contrastive learning
procedures for video-text alignment, promoting disentangled, compositional
representations.

– We conduct extensive experiments across diverse tasks, including long and
short video-text retrieval, text-to-video generation, and concept visualization.
MoVA consistently achieves competitive results, demonstrating its efficacy
and validating our theoretical contributions.

2 Related Work

2.1 Video-Text Alignment

Modern video-text alignment research is heavily influenced by the wave of con-
trastive learning in the image-text domain. CLIP demonstrated the immense
potential of natural language supervision for training robust visual models. This
image-text pre-training paradigm was rapidly adapted to the video domain in an
end-to-end manner, outperforming traditional non-CLIP methods [14, 36] and
serving as effective video learners [38]. The pioneering work CLIP4Clip [30]
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investigates various similarity calculation mechanisms and the effect of post-
pretraining on video-language datasets, which spurs a significant volume of sub-
sequent research into video-text alignment. Regarding encoder extraction [16,
50,65] focus on building more precise and comprehensive encoders for video and
text modalities. For interaction modeling between text and video modalities,
works like [31, 46, 58, 67] learn various combinations of coarse- and fine-grained,
as well as global and local representations. For instance, DGL [67] utilizes a
shared latent space to generate dynamic local prompts and employs a global-
local attention mechanism. For temporal sequence alignment, DTW (Dynamic
Time Warping) [40] utilizes a symmetric distance definition and imposes strong
temporal constraints to align the two sequences. VT-TWINS [25] aligns noisy
video-text pairs via a differentiable DTW that handles weak correlations using
local neighborhood smoothing. Other works, such as [22, 51], have focused on
learning disentangled representations for video-text alignment. More recently,
many approaches train larger models—even foundation models—on substan-
tially richer video corpora, extending video–text alignment far beyond retrieval
to domains such as video understanding [9,49,56,57] and video generation [2,48].
Long video–caption pairs are also becoming crucial: datasets like LVD-2M [62],
VideoUFO [53], and UltraVideo [66] offer longer, more detailed, and richer video-
caption pairs. Long captions are critical as they tend to retain entangled de-
tails [61, 72], and original videos with sufficient change and clear content help
expand downstream applications of video–text alignment beyond the confines of
retrieval. Our method focuses on addressing the temporal misalignment and se-
mantic asymmetry inherent in video-text pairs through mask modeling to learn
temporally interpretable concepts for long video–text alignment.

2.2 Latent Variable Identification

Latent variable identification is the process of statistically inferring and uniquely
recovering unobservable, hidden variables or constructs from a set of observable,
measured data. Identifying the latent structure that mediates video–text cor-
respondence is a principled route to robust alignment and generalization. A
large body of work shows that, under suitable auxiliary signals or structural
conditions, semantic factors become recoverable from observations. Recent re-
search further demonstrates that latent causal variables become identifiable once
additional structure is imposed on the learning problem. Temporal regulari-
ties—modeling how latent factors evolve causally over time or exhibit temporal
sparsity—supply such structure and can break indeterminacies [20, 24, 69, 70].
Complementary advances constrain the generative mechanism itself: sparsity
and related structural priors shrink equivalence classes and enable recovery of
the underlying factors [63,74,75]. Cross-modal alignment also provides anchors:
paired or multi-view observations allow contrastive or grouping-based objectives
to tie representations across modalities and render the latent structure identifi-
able even under partial observability [6,15,18,20,33,34,44,68]. Under appropri-
ate conditions, the identification of disentangled and manipulable latents enables
controllable image and video generation [23,42,60]. For video–text alignment, the
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Fig. 2: The data-generating process. The video-text pair originates from its cor-
responding representation pair. The mapping from the text representation zT to the
sequence of frame representations zV over time is sparse. The subset of text represen-
tations associated with a particular frame representation contains only partial infor-
mation about the vision representation.

objective is to learn high-level semantics from low-level observational video–text
pairs. These paired data can be treated as multi-view observations that enable
identification of information shared across views. Previous work [15, 47] adopts
flexible assumptions on the underlying distribution to identify blocks of latent
variables directly shared by two views induced by data augmentations, and [68]
extends this to the multi-view setting. However, these approaches face persistent
grouping ambiguity (e.g., whether captions from different videos belong to the
same group). SmartCLIP [61] approaches alignment from the image–text side,
where the grouping of multiple captions—short or long—is coherently deter-
mined by preserved cross-modal information, allowing the image to unilaterally
select aspects of the textual description. In contrast, video–text pairs are in-
herently bidirectional: the text abstracts transformations across frames and can
even determine which frames are unimportant, rendering a simple one-to-one
image-to-text mapping untenable. In our theoretical analysis, we show that by
properly leveraging the data-generating process, we can obtain the desired iden-
tification results for video–text alignment.

3 Problem Formulation

In this section, we formalize the data-generating process underlying video–text
alignment as the basis for subsequent theoretical analysis.
Notations. We indicate the dimensionality of a vector with d(·) and index a
subset of its components by [z]B for an index set B. For any mask vector m,
we write the support (nonzero indices) as B(m) := {i ∈ [d(m)] : [m]i ̸= 0}. We
denote the element-wise (Hadamard) product by ⊙.
Data-generating process. The data-generating process is shown in Figure 2
and specified in (1)-(2). A video is V := (X1, . . . ,XT ) with frames Xt ∈
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X ⊂ Rd(Xt) and a paired caption T ∈ T ⊂ Rd(T). Both modalities live in a
shared latent space Z ⊂ Rd(z): a text latent zT ∈ Z and per-frame latents
zVt ∈ Z for t = 1, . . . , T . Since each word can be represented by a continuous
word embedding vector in practice [3], we model the text caption as continuous
variables. We assume that each video-text pair (V,T) originates from seman-
tic latents together with modality-specific nuisance variables through modality-
specific generators: the video generator gV and the text generator gT. Concretely,
frames are generated by gV : (zVt , ϵ

V
t ) 7→ Xt and the caption is generated by

gT : (zT, ϵT) 7→ T. To capture temporal locality and semantic asymmetry, we
introduce dual sparse asymmetric projections:
i Text→frame mask mT

t ∈ MT ⊂ {0, 1}d(z), which selects a subset of text
concepts relevant to frame t (global text → local frame).

ii Frame→text mask mV
t ∈ MV ⊂ {0, 1}d(z), which selects the subset of frame-

level visual factors accountable to the subset of text concepts (local frame →
local text).

We assume modality-specific generators with nuisance variations ϵVt (e.g., motion
blur, illumination) and ϵT (e.g., syntax, tense), and encode frame-aware dual
selection as a per-frame semantic-consistency constraint, as shown in (2).

Xt := gV(zVt , ϵ
V
t ), T : = gT(zT, ϵT), (1)

mT
t ⊙ zT = zVt ⊙mV

t , t = 1, . . . , T. (2)

Goal. Our goals can be formalized as follows.
a Preserve global cross-modal semantics over time: recover the complete caption-

level latent zT and maintain its consistency with the span zVt |Tt=1.
b Disentangle frame-specific concepts at multiple granularities: identify and sep-

arate temporally localized factors within zVt that correspond to sparse, caption-
conditioned subspaces selected by (mT

t ,m
V
t ), even when such atomic factors

are unseen during training.
Examples. As illustrated in Figure 2, the global caption contains two events:
“A man is practicing archery.” and “The arrow strikes the backdrop, causing it
to collapse.” Consider two frames at different time steps, indexed by i and j
(i < j in this case). From the text→frame perspective, for the frame Xi, the
text→frame mask mT

i activates {man, practicing, archery}; for the later frame
Xj , mT

j activates {arrow,backdrop, collapse}. From the frame→text perspec-
tive, each frame may include additional visual content beyond what is explicitly
mentioned (e.g., trees, shirt for Xi). Accordingly, mV

i selects the subset of visual
factors in Xi that correspond to the text subset chosen at time i (e.g., archer’s
posture, bow, arrow motion rather than background trees), while mV

j prioritizes
the arrow–backdrop contact and collapse dynamics at time j.

4 Identification Theory

We establish the theoretical guarantees that motivate the modular design in
Section 5. We show that a suitable objective recovers the latent semantics shared
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by video and text up to block-wise equivalence, even though captions provide
only weak, temporally sparse supervision.

Definition 4.1 (Block-wise Identifiability). A latent vector v is block-wise
identifiable if it is related to its estimate v̂ through an invertible map on every
block selected by the associated mask m.

Learning objective. Let ẑVt = ĝV(Xt) and ẑT = ĝT(T) denote the encoder
outputs defined in Section 5. We estimate frame-wise masks m̂V

t , m̂
T
t ∈ M by

solving

min
ĝV,ĝT,{m̂V

t ,m̂T
t }

∑
t

(
∥m̂V

t ∥0 + ∥m̂T
t ∥0

)
s.t.

∑
t

∥∥ẑVt ⊙ m̂V
t − ẑT ⊙ m̂T

t

∥∥2 < η.
(3)

The constraint captures the limiting form of the modular contrastive loss in
Section 5, forcing the dual-mask relation between m̂T

t ⊙ ẑT and ẑVt ⊙ m̂V
t to be

close for every frame. The sparsity objective encourages minimal supports on
both sides so that only frame-relevant coordinates remain active.

Condition 4.2 (Identification Conditions).

(i) Smoothness & invertibility. The generators (gV, gT) in Section 5 are smooth
and admit smooth inverses, so no semantic information is lost in (Xt,T).

(ii) Full joint support. Every pair (z,m) that satisfies the dual-mask constraint
in Section 5 occurs with positive density, ensuring that concepts are observed
under all admissible temporal spans.

(iii) Temporal stability. Each video admits segments {Sk} such that the true
text-side mask is constant on Sk while visual masks may vary as long as the
dual-mask constraint holds.

(iv) View diversity. Conditioned on (z,m), the nuisance variables (ϵVt , ϵ
T) vary

in a neighborhood, yielding multiple conditionally independent realizations
of every semantic block.

Theorem 4.3 (Identification Theorem). Assume the data-generating pro-
cess in Section 3 and let (ĝV, ĝT, {m̂V

t , m̂
T
t }) be an optimum of (3). Under Con-

dition 4.2, the true representation block [z]B̃ is block-wise identifiable for any
index set B̃ that can be written as either ∪m∈VB(m) or ∩m∈VB(m) over any
subset of masks V ⊂ M.

Concept preservation. Theorem 4.3 ensures that the concept block associ-
ated with a temporal span m is retained in the learned representation. Hence,
even when a caption highlights only a short portion of a long video, MoVA pre-
serves the frame-level semantics selected by m, preventing unrelated frames from
overwriting them.
Concept disentanglement. The intersection operation in Theorem 4.3 allows
us to recover atomic concepts that recur across temporally disjoint captions.
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Fig. 3: MoVA overview. We integrate dual asymmetric projections: the Temporal Mask
Network selects which subset of the global text representation to be used, while the
Concept Mask Network selects the parts of the frame representation that align with
the selected, correlated text.

For example, repeated mentions of the same actor or action can be isolated by
intersecting the corresponding masks, which explains the compositional behavior
observed in Section 6.
Theoretical contribution. Theorem 4.3 extends the multi-view identification
frameworks of [47, 68] to temporally indexed video–text data without requiring
explicit segment labels. Whereas prior work presumes the view group of each
caption is known, our objective infers the grouping automatically through the
dual-mask constraint, providing the first temporal identification guarantee for
CLIP-style video–text models. For the proof of the identification theory, please
refer to the supplementary material.

5 MoVA: Modular Video-Text Alignment

In this section, we present our empirical approach to modular video-text align-
ment based on the identification theory in Section 4, detailing the asymmetric
dual projections, model architecture and training objectives.
Text-to-Video Projection Learning. From the global text representation
to each local frame, the text-to-video projection aims to account for frames’
differing focal points on the text, pairing every frame with the portion of the text
most relevant to it. mT(·) denotes the masking projection of Xt. The Temporal
Mask Network (TMN) consists of a two-layer Transformer block. It takes the
frame and its learnable positional embedding as the query, allows every token to
interact with that frame and with all other tokens in the sequence, and outputs
a binary vector mT(ẑVt ) via a straight-through estimator [4], i.e., the subset of
text most associated with that frame. Starting from each frame, we (i) pull the
frame’s visual embedding ẑVt closer to its corresponding masked text embedding
ẑTt ⊙ m̂T

t and (ii) enforce that for the current frame t, its similarity to its own
masked text exceeds its similarity to the masked texts of other frames (e.g.,
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t− 1). Frames farther away in the current video (beyond the temporal window)
and frames from other video samples are regarded as harder examples. We define
the contrastive frame-level loss as follows:

ℓctrf(t) =
[
1− ⟨ẑVt , ẑTt ⊙ m̂T

t ⟩
]
+[

max(0, ∆− ⟨ẑVt , ẑTt ⊙ m̂T
t ⟩+ ⟨ẑVt , ẑTk ⊙ m̂T

t ⟩)
]
,

(4)

where ⟨·, ·⟩ denotes the cosine similarity; ∆ is the contrastive margin; and ẑTk
denotes the k-th negative sample. For brevity, we omit the explicit sample index
i in (4). The aggregate loss is given by:

Lt→v
align =

1

L

N∑
i=1

Li∑
t=1

ℓctrf(t), (5)

where Li denotes the valid frames per sample, L =
∑N

i=1

∑Li

t=1 This is consis-
tent with our goal of addressing temporal misalignment and enforces alignment
between the global text and the local frames.
Video-to-Text Projection Learning. Each frame in the video preserves, in
its entirety, the cross-modal semantic information contained in the temporally
combined text subset obtained from text-to-video projection learning. We shift
the control from text to frames: each frame selects the portion most related to
its own visual information and aligns it with the correlated text subset. Follow-
ing [61], we introduce temporal modeling and extend it to video–text alignment.
We build the Concept Mask Network (CMN), m̂V

t (·), which learns a masking
projection of text subset ẑTt ⊙ m̂T

t , which we denote as ŝT for brevity. It con-
sists of a single-layer Transformer block and an attention-pooling layer that
adaptively down-samples the output to match the dimensionality of the CLIP
representation.

To disentangle frame-specific factors and ensure identifiability, we learn the
projection with two modular contrastive terms. Same-Frame Different-Mask
(sfdm) fixes a frame representation ẑVt (encoder output, normalized) and applies
caption-conditioned visual-dimension masks produced from different captions;
letting m̂j,t denote the selector induced by caption j fot t-th frame and using
temperature τ ,

Lsfdm = − 1

L

N∑
i=1

Li∑
t=1

log
exp

(
⟨m̂V

i,t⊙ẑVi,t, ŝ
T
i ⟩/τ

)
∑N ′

j=1 exp
(
⟨m̂V

j,t⊙ẑVi,t, ŝ
T
j ⟩/τ

) . (6)

Different-Frame Same-Mask (dfsm) contrasts the text subset ŝT in the positive
pair with randomly sampled frame representations (from both intra-video and
inter-video):

Ldfsm = − 1

L

N∑
i=1

Li∑
t=1

log
exp

(
⟨m̂V

i,t⊙ẑVi,t, ŝ
T
i ⟩/τ

)
∑N ′

j=1 exp
(
⟨m̂V

i,t⊙ẑVj,t, ŝ
T
i ⟩/τ

) . (7)
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Table 1: Retrieval performance on ActivityNet. “↑” denotes that higher is better.
“↓” denotes that lower is better. Bold and underlined values denote the best and
second-best results, respectively. † denotes that the method uses DSL [13] as post-
processing operations.

Method Text → Video Video → Text

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓

CLIP4Clip [30] 43.8 74.9 86.6 2.0 6.4 42.9 75.3 86.6 2.0 6.4
DRL [51] 44.2 73.9 84.1 2.0 7.9 42.7 73.8 84.5 2.0 7.7
X-CLIP [31] 42.9 73.7 84.7 2.0 7.4 42.2 74.6 85.5 2.0 6.9
ProST [29] 44.5 72.5 83.6 2.0 8.5 43.7 73.9 84.7 2.0 7.0
InternVideo [56] 42.2 73.1 84.7 2.0 7.7 41.6 73.8 85.0 2.0 7.1
DiCoSA [22] 43.7 73.8 84.4 2.0 8.0 40.6 71.8 83.8 2.0 7.7
DGL [67] 43.5 74.2 84.8 2.0 8.2 43.4 73.6 85.1 2.0 7.9
VideoCLIP-XL [49] 46.9 75.1 86.3 2.0 6.6 37.7 68.2 81.1 2.0 10.1

MoVA (Ours) 47.8 77.4 87.0 2.0 7.0 46.7 76.6 86.8 2.0 6.3
MoVA† (Ours) 53.6 79.1 88.1 1.0 6.3 54.4 79.9 88.6 1.0 5.7

Thus, we have the alignment objective from frames to text:

Lv→t
align = Lsfdm + Ldfsm (8)

MoVA training objective. We utilize a global symmetric retrieval loss Lg

following [30] as grounding, where the similarity matrix is given by cosine simi-
larities between global video and text representations. We impose sparsity con-
straints for both m̂T and m̂V , encouraging textual and visual concepts to be
encoded in a minimal set of latent dimensions, thereby facilitating the disentan-
glement of distinct concepts. The training objective of MoVA is a weighted sum
of aforementioned loss terms:

L = λgLg + λtvLt→v
align + λvtLv→t

align + λsLs (9)

6 Experiments

6.1 Setup

Datasets. MoVA is evaluated on both long and short video–text benchmarks.
Classic video-text retrieval datasets ActivityNet [26], MSVD [5] (YouTube2Text),
and DiDeMo [1] are utilized for evaluation, following the standard train/val/test
splits [30]. To test scalability to longer descriptions, we adopt the recently re-
leased VideoUFO [53] and UltraVideo [66].
Implementation details. To facilitate the transfer of sparse mapping infor-
mation from image-text alignment to video-text alignment, we first train on
the image-caption dataset ShareGPT4v [8] following [61], and use the result-
ing weights to initialize our text encoder, frame encoder, and Concept Mask
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Network. We adopt a positional encoding capable of handling 248 tokens, over-
coming the 77-token limit in the original CLIP. For mask modeling, we apply
sigmoid to restrict the output to the range (0, 1) and employ straight through
estimation (STE) [4] to binarize the outputs. The initial learning rate for text en-
coder and frame encoder is 10−7, and the initial learning rate for other modules
is 10−4. Unless stated otherwise, all methods use ViT-B/16 initialization during
training with batch size 256. For VideoCLIP-XL [49], we evaluate the publicly
released checkpoint, which was trained with ViT-L/14 initialization. We set the
max token length, max frame length, and number of training epochs to 64, 64,
and 20 for ActivityNet, DiDeMo, VideoUFO, and UltraVideo, and to 32, 12, and
3 for MSVD; for VideoCLIP-XL and our method, the maximum token length is
248. DSL [13] post-processing is only applied when explicitly noted.
Metrics. We use retrieval metrics that capture both precision and ranking sta-
bility. Recall at K (R@1/5/10) quantifies whether the correct item appears within
the top-K retrieved results, while Median Rank (MdR) and Mean Rank (MnR)
diagnose the heavy-tail behavior introduced by long ambiguous descriptions. All
metrics are reported for both text→video and video→text scenarios following
prior work [30,31].

6.2 Results

Video-text retrieval. In this work, we focus on methods that adapt image-
pretrained CLIP models to video without large-scale video post-pretraining cor-
pora. Accordingly, our controlled comparisons emphasize approaches whose ini-
tialization and supervision mainly come from image-based CLIP pretraining.
Methods that leverage extra post-pretraining video data, e.g., CLIP-ViP trained
with HD-VILA-100M [64,65] and VidLA trained with YT-VidLA-800M [39], are
outside the main controlled setting. We include VideoCLIP-XL [49] as a reference
for long-caption video-text retrieval. We compare our model with several state-
of-the-art works on the video-text retrieval task. Our model achieves the best
results on all datasets even without post-processing like DSL, as shown in Ta-
bles 1 and 2. We find that for nearly all methods, R@1 in text-to-video retrieval
is higher than in video-to-text, which is the opposite of the pattern in image–text
retrieval (where image-to-text R@1 typically exceeds text-to-image). This high-
lights the greater complexity of video–text alignment relative to the near one-to-
one mapping in image–text alignment, underscores the guiding role of the global
text representation in video–text alignment, and shows the benefit of leveraging
it to help disentangle the representations. The gains are consistent across all
caption–video length regimes—from short-caption/short-video (e.g., MSVD) to
long-caption/long-video (e.g., VideoUFO)—demonstrating strong bidirectional
vision–language correspondence and favorable scaling behavior.

Long-text-to-video generation. Figure 5 highlights MoVA’s ability to keep
long textual descriptions intact when serving as the language interface for text-
to-video generators such as VideoCrafter2 [7]. Compared with CLIP and Smart-
CLIP—which focus exclusively on image–text alignment—our method generates
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…

A man in a red shirt talks to a camera before the camera cuts away to a room full of people playing professional
beer pong and competitive social event. The man is seen talking again interspersed with people playing beer pong, 
winning beer pong trophies and posing with him for still shots. Several people hold up award cards, hug and 
cheer before one last interview with the man and a fade out to marketing material.

Fig. 4: A test example on ActivityNet illustrating the most relevant text subsets and
weights assigned by the Temporal Mask Network to each frame (top-3 only).

A black Labrador in a snug dark leather jacket sits in a
small, round, worn wooden coracle on green-brown water.
Two matte metal mugs lie on the coracle’s boards, and the
dog picks up one to sip. The Labrador turns its head to one
side, scanning the surroundings with a worried gaze. Its wet
fur shines; the jacket shows a soft leather sheen; the wood grain
is rough and damp. Ripples spread out in all directions from
the coracle and touch the faint reflections. The boat and the dog
both mirror on the surface. Not far ahead, low green banks
come into view. The shore’s plants are barely visible, with
dim reflections on the water. Overcast sky gives soft, even
light; colors remain natural and muted. The scene stays calm
yet slightly tense, with only the dog and boat—no people present.
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Fig. 5: Example of Long-text-to-video generation. We replace the CLIP text
encoder in VideoCrafter2 [7]. Compared with existing text encoders trained through
image–text alignment when used for text-to-video generation, our method MoVA com-
prehensively captures modular temporal-level and object-level concepts. MoVA can
generate details such as the matte metal mug and the pick up motion.

videos that are more vivid and more faithfully aligned with the text. TMN dy-
namically selects span-level concepts and CMN aligns them with temporally
evolving frames, which allows the generator to render subtle objects (e.g., the
matte metal mug) and actions (the dog picking up the mug) that would oth-
erwise vanish. For quantitative evaluation, we use VBench [19] to benchmark
VideoCrafter2 in a zero-shot setting by replacing only its CLIP text encoder,
and evaluate on 2,048 prompts randomly sampled from VidProM [52]. The re-
sults are reported in Table 3.
Temporal mask analysis. Figure 4 visualizes the top-3 textual spans selected
by TMN across an ActivityNet video. It shows our model can select the aligned
portion of the global text for various frames. This provides a perspective on ad-
dressing temporal misalignment, and it avoids using identical masks for adjacent
frames, which reflects the role of the per-frame contrastive loss in Eq. (4).
Concept-level visualization. Concept GradCAMs in Figure 6 reveal that
CMN isolates object-centric and motion-centric bases: when the caption em-
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Table 2: Text-to-video retrieval performance on various datasets. “↑” denotes
that higher is better. “↓” denotes that lower is better.

Method MSVD DiDeMo

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓

CLIP4Clip [30] 47.4 77.8 85.6 2.0 10.3 44.8 73.4 81.6 2.0 13.5
DRL [51] 49.8 81.2 89.5 2.0 9.5 49.0 76.5 84.5 2.0 12.0
X-CLIP [31] 50.4 80.6 89.8 1.0 8.4 47.8 79.4 82.3 2.0 12.5
ProST [29] 46.4 74.4 83.8 2.0 12.1 47.5 75.2 84.6 2.0 12.3
InternVideo [56] 44.2 74.5 84.1 2.0 10.9 50.8 78.8 86.6 1.0 6.9
VideoCLIP-XL [49] 48.6 81.0 86.6 1.0 10.2 38.6 63.6 73.0 3.0 49.2

MoVA (Ours) 52.6 83.0 90.6 1.0 7.8 57.5 83.2 91.6 1.0 4.8

Method VideoUFO UltraVideo

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓

CLIP4Clip [30] 34.5 62.1 72.4 3.0 45.1 43.3 74.6 84.9 2.0 9.2
DRL [51] 24.2 45.7 54.9 7.0 227.5 35.9 65.9 76.5 3.0 16.6
X-CLIP [31] 37.7 65.6 75.6 2.0 35.4 41.9 73.5 84.3 2.0 7.7
ProST [29] 48.2 74.5 82.7 2.0 28.0 51.8 83.5 90.3 1.0 5.7
InternVideo [56] 42.8 70.2 76.4 2.0 33.6 35.4 65.9 76.3 3.0 14.0
VideoCLIP-XL [49] 57.4 82.2 88.4 1.0 23.6 42.6 71.8 82.2 2.0 8.4

MoVA (Ours) 62.4 87.0 92.3 1.0 6.9 58.5 87.8 94.4 1.0 3.4

Table 3: Quantitative evaluation results on VBench.

Method
Subject

consistency
Background
consistency

Motion
smoothness

Aesthetic
quality

Imaging
quality

Avg.

CLIP 0.9700 0.9690 0.9799 0.6271 0.6822 0.8456
SmartCLIP 0.9671 0.9722 0.9856 0.7064 0.6980 0.8659
MoVA (Ours) 0.9776 0.9766 0.9849 0.7126 0.7023 0.8708

phasizes “some pigs,” activations gather around the animals despite distracting
background motion. This supports our claim that semantic asymmetry must be
modeled bidirectionally—text modules decide which frames to attend to, and
frame-conditioned visual masks decide which text concepts remain active. To-
gether with the retrieval gains, these qualitative trends provide high-level evi-
dence that MoVA preserves global semantics while remaining compositional.

6.3 Ablation Study

Scalability. Panels (a) and (b) of Figure 7 compare video-text retrieval when
training on ActivityNet and UltraVideo. MoVA exhibits steadily improving re-
trieval performance as training epochs increase. Panel (c) further shows consis-
tent improvements when swapping ViT-B/16, ViT-L/14, and ViT-H/14 back-
bones [37], indicating that TMN/CMN act as architecture-agnostic plugs rather
than overfitting to a specific capacity regime. Collectively, these curves demon-
strate that the dual asymmetric projections scale gracefully with both data vol-
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Fig. 6: Visualization of learned concepts. We perform representation visualization by
formulating a proxy classification task. The cosine similarity between frame embeddings
across time and a generated caption (e.g., “some pigs”) serves as the classification score
for GradCAM [41] attribution. Red boxes mark the temporally active regions.

(a) (b) (c) (d)

Fig. 7: (a) Scaling with epochs on ActivityNet; (b) Scaling with epochs on UltraVideo;
(c) Scaling trends across ViT backbones; (d) Ablation on loss-coefficient ratio λg/λtv.

ume and model size, which is essential for the long-form scenarios highlighted in
the Introduction.
Loss weighting. Figure 7(d) studies the interaction between the global retrieval
loss Lg and the modular alignment loss Lt→v

align,Lv→t
align. We fix λtv = λvt = 0.5 and

sweep λg, plotting performance against λg/λtv. Extremely small ratios (e.g.,
0.2) under-emphasize the global constraint and slightly hurt MnR, whereas
overly large ratios (> 1.2) collapse the per-frame masks, validating the spar-
sity/coverage trade-off. The sweet spot around 1.0 balances whole-video ground-
ing with frame-level disentanglement.

Table 4: Ablation studies on the Activ-
ityNet dataset. “↑” denotes that higher is
better. “↓” denotes that lower is better.

Ablation
Items

Text → Video Video → Text

R@1↑ R@5↑ R@10↑ MnR↓ R@1↑ R@5↑ R@10↑ MnR↓

i 43.7 73.5 84.0 7.9 42.5 72.9 84.2 7.7
ii 35.6 65.1 77.6 11.7 33.7 62.4 75.8 11.6
iii 42.0 70.0 81.5 9.7 41.9 70.8 80.8 9.0
iv 47.6 77.4 87.0 7.0 46.7 76.6 86.8 6.3

Effectiveness of dual asymmet-
ric projections. Table 4 sum-
marizes three intermediate vari-
ants derived from the SmartCLIP
initialization. (i) Fine-tuning with
only the global retrieval loss Lg re-
moves all modular objectives, cor-
responding to the image-text set-
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ting and yielding the weakest R@1. (ii) We retain SmartCLIP’s single-direction
visual→text masking by learning a 3D mask from video frames to text tokens;
this ignores the text-side global guidance emphasized in Section 1 and is unable
to resolve temporal misalignment, leading to the sharpest degradation (R@1
35.6). (iii) We keep our TMN but apply temporal masks directly on raw text
tokens rather than on the global text representation. (iv) The full MoVA stacks
both TMN and CMN so that text can guide frame selection while frames can
reweight textual concepts. These targeted ablations corroborate that learning
dual asymmetric projections is effective for video-text alignment.

7 Conclusion

In this paper, we address temporal misalignment and semantic asymmetry in
video–text alignment by formulating identification conditions that explicitly con-
nect textual descriptions to their atomic visual counterparts. Building on these
insights, MoVA introduces dual asymmetric projections that maintain global
semantics while isolating frame-specific concepts, leading to disentangled and
compositional cross-modal representations. Quantitative evaluations and quali-
tative studies jointly validate the theoretical claims, confirming that principled
structure can translate into practical gains for multimodal video-text alignment.
Looking ahead, MoVA will be integrated with next-generation multimodal foun-
dation models to better handle long-horizon narratives, event compositionality,
and fine-grained temporal grounding.
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