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Abstract

Video fusion aims to integrate complementary cues from heteroge-
neous sources, producing visually informative videos with coherent
spatio-temporal structures. Jointly learning cross-modal comple-
mentarity and temporal dependencies typically relies on large-scale,
high-quality video datasets, whose storage and repeated use during
optimization incur substantial costs, making data-efficient learn-
ing highly desirable. To address this challenge, we rethink video
fusion from the perspective of dataset condensation and propose
STAR-VF, the first framework that condenses spatio-temporal rep-
resentations for data-efficient video fusion. STAR-VF condenses
the original training set into a compact set of learnable spatio-
temporal representations, which are decoded into synthetic video
clips and optimized using feature-level supervision provided by a
frozen proxy model. The resulting condensed data preserves fusion-
relevant spatial and temporal cues without requiring ground-truth
fused videos as supervision. To adapt fusion learning to condensed
representations, we equip the final fusion model with flow-free
inter-frame temporal modeling and query-driven intra-frame ag-
gregation, enabling direct temporal interaction and adaptive selec-
tion of fusion-relevant information in representation space. Exten-
sive experiments on infrared-visible, multi-exposure, multi-focus,
and medical video fusion benchmarks demonstrate that STAR-VF,
trained with only approximately 1/16 of the original temporal train-
ing set, achieves fusion quality comparable to methods trained
on the full data. Further analyses validate the contributions of
learned condensation and flow-free temporal modeling, and demon-
strate the robustness of the condensed supervision across differ-
ent proxy encoders and downstream fusion models. Project page:

https://github.com/.
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1 Introduction

Video fusion [7, 23, 31, 35, 37, 39] is an important yet under-explored
task that aims to integrate video sequences from different sensors or
vary acquisition conditions into a unified and temporally consistent
output, yielding a more informative representation for dynamic
scenes. Compared to static image fusion [8, 17, 18, 22, 29-34], video
fusion is more challenging, as it must jointly integrate complemen-
tary heterogeneous information at the frame level while preserving
content stability and temporal structural consistency across frames.

Despite recent advances in video fusion, prior works [7, 23,
37, 39] still follow a full-data training paradigm, learning spatial
complementarity and temporal dependency from complete aligned
video pairs. Although effective, this paradigm implicitly assumes
continuous access to large-scale raw spatiotemporal training data.
For video fusion, however, the challenge lies not only in the larger
scale and higher training cost of videos, but also in the dual nature
of the supervision required for effective fusion: the model must
capture complementary information across heterogeneous input
sources while preserving temporal coherence over time [7, 11, 37].
Once the training data is compressed, both signals can be degraded
simultaneously, weakening the model’s ability to learn reliable fu-
sion patterns [12]. Therefore, the central question for dataset com-
pression in video fusion is not whether less data can be used, but
whether the spatio-temporal supervision essential to effec-
tive fusion can still be preserved after substantial data reduction.

Therefore, applying dataset condensation to video fusion intro-
duces three key challenges. (1) Conventional temporal alignment
based on optical flow estimation [2, 24] and feature warping [40]
is designed for raw frames or dense features, making it poorly
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Figure 1: Comparison of temporal alignment paradigms un-
der video fusion dataset condensation. Conventional flow-
based alignment is not naturally suited to condensed syn-

thetic clips , whereas our method models order-aware tem-
poral dependency in compact representation space.

matched to compact condensed representations. (2) In the con-
densed setting, fusion-critical cues are no longer expected to be
uniformly distributed over all elements, so uniform aggregation
can easily dilute the most informative components. (3) After sub-
stantial data reduction, the condensed training source must still
preserve the fusion-relevant supervision required for both cross-
source complementarity and temporal coherence. However, these
challenges remains largely underexplored. Existing dataset con-
densation methods are primarily designed for static tasks such as
image classification [4, 20]. Therefore, making dataset condensa-
tion truly applicable to video fusion requires not only compressing
the training data, but also developing a fusion framework that pre-
serves spatio-temporal supervision and remains compatible with
condensed representations.

To address this issue, we propose STAR-VF, a Spatio-Temporal
Aware Representation condensation framework for data-efficient
Video Fusion. STAR-VF compresses the original training set into
a small set of learnable compact spatio-temporal representations,
which are decoded into synthetic video clips under feature-level su-
pervision from a frozen proxy network to preserve fusion-relevant
signals. Built on this condensed set, the final fusion model is fur-
ther designed to operate effectively on compact representations,
with flow-free inter-frame temporal modeling for direct temporal de-
pendency learning in compact space and query-driven intra-frame
aggregation for adaptive extraction of fusion-critical intra-frame
information, shown in Figure 1. Extensive experiments on four
representative video fusion tasks show that, using only condensed
synthetic data amounting to 1/16 of the original dataset, STAR-VF
still achieves performance close to full-data training. These results
suggest that spatio-temporal representation condensation can serve
as a viable data-efficient learning paradigm for video fusion. The
main contributions of this paper are as follows:
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(1) We first revisit video fusion from a data-efficient learning
perspective and approach it through the lens of dataset con-
densation, aiming to enable efficient training while retaining
fusion-critical spatio-temporal information.

(2) We propose STAR-VF, a new video fusion framework with
spatio-temporal aware representation compression, which
learns a condensed training source and adapts fusion to con-
densed representations via flow-free inter-frame temporal
modeling and query-driven intra-frame aggregation.

(3) We evaluate STAR-VF on four video fusion tasks, validating
that training on condensed data (1/16 of the original dataset)
still achieves performance competitive with full-data-trained
state-of-the-art approaches.

2 Related Work

Video Fusion. Video fusion extends image fusion from static scenes
to dynamic temporal sequences. While existing image fusion works,
including CNN- [22, 32], Transformer- [17], GAN- [18], and diffusion-
based [33, 38] approaches, have shown strong ability in multi-source
information integration, they are primarily designed for single-
frame settings and do not explicitly account for temporal depen-
dency [3]. Directly applying image fusion models frame by frame to
videos often causes flickering, motion discontinuity, and inter-frame
inconsistency. Recent video fusion works [7, 23, 31, 37, 39] therefore
place greater emphasis on temporal modeling. UniVF [37] intro-
duces multi-frame learning with flow-guided warping, but suffers
from considerable computational overhead. MambaVF [39] allevi-
ates this issue by replacing explicit motion alignment with state-
space-based temporal modeling. TemCoCo [7] further improves
fused quality and temporal consistency through visual-semantic
collaboration. However, these methods still rely on full-data train-
ing pipelines and original video representations, leaving compact
condensed representations largely unexplored.

Dataset Condensation. Existing dataset condensation methods
can be broadly divided into three categories based on their matching
objectives . In performance matching, DD [26] represents the meta-
based line by learning synthetic samples through bilevel optimiza-
tion, while RFAD [15] improves kernel-based performance match-
ing with random feature approximation to reduce computational
cost. In parameter matching, IDC [9] belongs to the single-step
line and improves condensation efficiency through synthetic-data
parameterization under limited storage, whereas MTT [1] extends
this idea to multi-step parameter matching by aligning training
trajectories over multiple optimization steps, thereby alleviating
the limitation of single-step matching, which only constrains local
updates. In distribution matching, IDM [36] represents the single-
layer line and improves naive feature distribution matching by
addressing feature-number imbalance and unreliable embeddings
for distance computation, while CAFE [25] further advances to
multi-layer matching by aligning real and synthetic features across
various scales, thus providing stronger global supervision and better
discriminative preservation. Although these methods have achieved
strong performance, most existing dataset condensation studies
are still primarily developed and evaluated on image classification
benchmarks [6], leaving limited exploration of multimodal video
fusion, where condensed data should preserve not only cross-modal
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complementarity but also temporal dependency in compact spa-
tiotemporal representations.

3 Preliminaries

3.1 Problem Formulation

Given a pair of source videos from two modalities, denoted by
(V1,V2), each modality-specific video for k € {1, 2} is written as

Vi = {Ik,t}tT:r (1)

Here, I ; € RE*HXW denotes the t-th input frame, where Cy, is
the channel number of modality k, H X W is the spatial resolution,
and T is the full video length.

The goal of multi-source video fusion is to generate a fused
video ((/\f = {’I\f,,}[T:1 from (V4,V;). Unlike static image fusion,
multi-source video fusion must preserve both cross-modal comple-
mentarity within each frame and temporal coherence across neigh-
boring frames. Accordingly, the task naturally involves two coupled
aspects: intra-frame information aggregation and inter-frame tem-
poral dependency modeling. The original training set is denoted
by 7, which consists of paired source videos.

In data-efficient scenario, the fusion model is not applied to
the full sequence at once. Instead, both training and inference are
conducted on a local temporal window of length L. Therefore, T
denotes the full video length of a sample, whereas L denotes the
effective temporal context visible to the model at each step. This
distinction is important because the subsequent temporal modeling
is window-based rather than full-sequence based.

3.2 Condensed Training Set

Instead of directly training on the full dataset 7, we consider a
condensed training set S containing N learnable multi-source sam-
ples. Each condensed sample is parameterized as a pair of learnable
compact spatiotemporal canvases (Gy, G3), where each modality-
specific canvas for k € {1, 2} satisfies

Gy € RO*PPnxpPw, ©)

Here, p denotes the grid size and Pj, X P,, denotes the spatial size of
each grid cell. Under this parameterization, one condensed sample
contains Ty = p? compact frame units. To recover video-like
inputs from the compact canvases, we introduce a canvas decoder
U, which maps each Gy to a decoded clip:

Vi = U(Gy) = {Te, 1. 3)

Here, each decoded frame Tk,t lies in RE->*HXW 'matching the chan-
nel dimensionality and spatial resolution of the original input frame.
These decoded clips serve as the synthetic training source for subse-
quent fusion learning. Accordingly, (S, U) defines the condensed-
data branch used only during training, while only the final fusion
model is retained at test time.

3.3 Challenges under Condensed
Representations

Dataset condensation changes not only the amount of training
data, but also the representation form on which fusion is learned.
Instead of operating on natural video streams directly, the model

MM ’26, 10 November - 14 November 2026, Rio de Janeiro, Brazil

is trained on decoded clips reconstructed from compact spatio-
temporal canvases.

Under this setting, video fusion faces the following three chal-
lenges. Challenge 1: Temporal modeling mismatch. Conventional
video fusion often relies on optical flow estimation and feature
warping to establish cross-frame correspondence. However, such
designs are developed for raw video frames or dense feature maps.
In the condensed setting considered here, training is performed on
decoded clips reconstructed from compact representations. As a
result, conventional flow-based temporal alignment is not naturally
matched to the representation form of condensed data. Challenge
2: Intra-frame information dilution. In condensed representations,
fusion-relevant cues are no longer expected to be uniformly dis-
tributed over all elements. Instead, they are more likely to con-
centrate in a sparse informative subset. Consequently, uniform
aggregation can dilute the most useful information for fusion, mak-
ing it difficult for the model to emphasize the elements that are truly
critical. Challenge 3: Supervision preservation under data com-
pression. Effective video fusion depends on two coupled types of
supervision: cross-modal complementarity within each frame and
temporal coherence across neighboring frames. Once the training
set is compressed into a small number of synthetic samples, both
signals may be weakened simultaneously. Therefore, the last chal-
lenge is to preserve the fusion-relevant spatio-temporal supervision
after substantial data reduction.

These three challenges show that dataset condensation for multi-
source video fusion is not merely a data reduction problem. It also
requires a fusion pipeline that remains compatible with condensed
spatio-temporal representations.

4 STAR-VF
4.1 Overview

As shown in Figure 2, STAR-VF contains a condensed-data branch
and a final fusion model. The condensed set is

S= {(Gl,sa GZ,s)}i\isla Gk,s € Rckxpph XPPW> (4)

where k € {1, 2}. A modality-conditioned decoder U maps the pX p
cells of each canvas, in row-major order u = (a—1)p + b, to Vj s =

U(Gis:k) = {Tk,s,u }‘Zil. Let Nieal be the number of paired temporal

NsP2
L. . . Nreal
The canvases are optimized variables rather than selected clips, and

U converts their cells into full-resolution training inputs. We use
p = 4 and choose N; such that r.,,q = 1/16. This ratio measures
temporal training units rather than spatial downsampling.

Training has two stages. Stage I optimizes S and U by matching
statistics extracted by a frozen proxy. Stage II fixes the condensed
branch and trains Fg on paired synthetic clips. For each target
time ¢, the final model encodes a local window, models inter-frame
dependency, aggregates informative elements from both modalities,
and reconstructs the fused center frame. At inference, only Fo is
retained to process real video pairs.

units in the original set. The training-source ratio is reong =

4.2 Flow-Free Inter-Frame Temporal Modeling

Decoded synthetic frames do not provide reliable motion fields for
feature warping. We therefore model temporal dependency directly
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Figure 2: Overview of the proposed STAR-VF framework. In Stage I, learnable compact spatio-temporal canvases and the canvas
decoder U are jointly optimized under feature-level supervision from a frozen proxy feature extractor, yielding the learned
condensed set S* and decoder U*. In Stage II, the learned condensed set is decoded into synthetic temporal samples to train the
final fusion model Fy with flow-free temporal alignment and query-driven intra-frame aggregation. During inference, only the
trained fusion model is used, without the condensed set or proxy model.

in representation space, allowing neighboring frames to interact
without optical-flow estimation. This module uses the center frame
as the query and the complete local window as temporal memory.

For a neighborhood N (t) of length L, the modality-specific en-
coder produces

+ = E(l,) € R, Te N(t),k e {1,2}, 5)

where ] is the number of tokens. Let h be the number of heads and
dy, = d/h. For head m,

QY =X, W, K =X W, VY =X W, (6)
with W, W™, W™ € R _For token j, M-RoPE uses p.j =
(7, xj,y;) and ¥(V, pr,j) = R: ()R (x;)Ry (y;)V to encode temporal
order and spatial position. We concatenate the encoded keys and
values over the window:

=(

m) (m) (m
K., =C t¥(K, ", ps),
ke = GO e o)

th) = Con((:a)tV](C ™) (7)
NG kT

both in RY/*%  Temporal attention is normalized over all L] key

tokens:

—=(m)T

\P(Qk t Pt)Kk t

(m) _ A (m)y7 (’")
\/ﬁ ’ Hk,t _Ak,t V

(m) _
Akf;' = Softmaxy;

®

Joint normalization lets tokens from different frames compete while
keeping the response scale independent of L. M-RoPE retains their
temporal order and spatial location.

The enhanced center-frame representation is

Zy; = Proj [Concat(H(l)

h
O < OIS e ©)

4.3 Query-Driven Intra-Frame Aggregation

Fusion-relevant cues are not distributed uniformly across the J to-
kens, so direct pooling may suppress localized or modality-specific
details. For each modality, M learnable queries Qigg € RMXd sum
marize the enhanced representation into aggregation slots. With
wk ,Wk,Wk € R e compute

Q Qaggwk Izk,t = Zk,twks i\Ik,t = Zk,twl‘cp (10)

T

Yy : = Softmax; Vi, € RMxd, (11)

The row-wise attention weights allow each slot to select a different
subset of compact elements. This produces a structured summary
for each modality while retaining non-uniform information selec-
tion.

The modality features are concatenated along the feature dimen-

sion and reconstructed by O : RM*2d _, RO *HXW,

’I\f,t = D[Concatd(Yl,[,Yz,,)] . (12)



STAR-VF: Spatio-Temporal Aware Representation Condensation for Data-Efficient Video Fusion

MM ’26, 10 November - 14 November 2026, Rio de Janeiro, Brazil

Table 1: Quantitative comparison on IVF (VITMOT), MVF (Harvard), MEF (YouTube-HDR), and MFF (DAVIS). The training-
data ratio ry,in, denotes the fraction of the original temporal training units used to train each method. STAR-VF uses only

approximately 1/16 of the original training source, yet achieves fusion quality comparable to the full-data baselines. Red and

Blue indicate the best and second-best metric values.

Method Train IVF (VIMOT [41]) MVF (Harvard [21]) MEF (YouTube-HDR [27]) MFF (DAVIS [19])
Ratio . , ‘ 4
CCT ENT SSIMT BiSWE| MS2R| CCT ENT SSIMT BiSWE| MS2R| CCT ENT SSIMT BiSWE| MS2R| CCT ENT SSIMT BiSWE| MS2R|

UniVF [37] 1 0.65 6.81 0.65 3.95 035 0.78 4.27 0.75 29.92 123 096 7.25 0.65 6.44 034 098 7.41 0.90 6.04 1.11
VideoFusion [23] 1 0.62 6.59 0.62 3.14 0.59 078 4.91 0.69 19.71 131 091 6.82 0.58 9.98 1.82 096 7.34 0.82 9.07 6.13
TemCoCo [7] 1 0.63 6.68 0.60 6.26 059 0.77 540 0.24 28.41 1.57 0.90 7.34 0.53 11.62 1.70 0.97 7.45 0.84 12.34 4.08
MambaVF [39] 1 - - 0.65 3.91 0.36 - - 0.76 29.61 1.27 - - - 6.96 0.16 - - - 8.29 -
STAR-VF (ours) ~1/16 0.64 6.73 0.65 3.91 035 0.80 4.37 0.76 28.36 126 091 7.28 0.55 10.23 1.28 096 7.42 091 5.53 1.18

Algorithm 1 Two-Stage Training Pipeline for Video Fusion

Require: training set 7, condensed set size N, and window length L
Ensure: (S*, U", F3)

1: Initialize S and U
Stage I: Condensation

2: for each iteration do

3: Sample a real clip pair from 7~ > real supervision source

4 Samples € {1,...,N;} and decode Vis — U(Gps;k) for k €
{1,2} > synthetic clips from compact canvases

5: Compute Lonq and update S, U

6: end for

7. (S, U*) « (S, U)

> learn condensed branch
> freeze for Stage II
8: Initialize Fg

Stage II: Fusion Training
9: for each iteration do

10: Decode synthetic clips from (S*, U*)

11: Construct ‘W, with length L > local temporal window
12: Predictif,t — Fo (W) > center-frame fusion
13: Compute Lgse and update © > train final fusion model
14: end for

15: 5 «— Fo

16: return (S*, U*, F5)

4.4 Condensed Set Learning and Final Fusion
Training
Stage I: Condensed Set Learning. For each sampled real clip and

decoded synthetic clip, a frozen proxy ¢, [37] extracts multi-level
features

Frome =Pk Pl =dee(lisn).  (13)
Following multi-level feature matching [25], we use
Leona = Difie + 1D + 22 (D + D)+ MiLegor - (19)
———

multi-level feature matching pixel-space matching

Here DS matches mean 16 x 16 proxy feature maps, Dy, matches
channel mean and standard deviation, and @Zp matches spatial
mean and standard deviation on a g X g grid. Each term is summed
over modalities and proxy levels after pooling over sampled clips
and frames. L¢olor applies the same moment matching in pixel
space [5, 14], preventing feature matching from drifting toward im-
plausible image statistics. Stage I therefore preserves representative

spatial statistics in a compact paired source.

Stage II: Final Fusion Model Training. After fixing (S, U), we
train Fo from scratch on local windows “‘W; sampled from the
decoded clips:

Tf,t = %((Wt)- (15)
The fusion objective is
Liuse = Lint + Lgrad + Lssim + /14£temp~ (16)

We use the intensity and gradient objectives of [32], SSIM [28],
and the local temporal-consistency objective of [37] without mod-
ification. The first three terms supervise complementary source
content in each fused frame, while Lemp regularizes changes across
adjacent predictions.

5 Experiments

5.1 Experimental Setup

Datasets and Metrics. We evaluate STAR-VF on four video-fusion
tasks: infrared-visible fusion (IVF) on VTMOT [41], medical video
fusion (MVF) on Harvard [21], multi-exposure fusion (MEF) on
YouTube-HDR [27], and multi-focus fusion (MFF) on DAVIS [19].
These datasets are used under their corresponding fusion tasks
following the UniVF protocol, without additional custom pairing,
alignment, or split construction. We compare with the dedicated
video-fusion methods UniVF [37], VideoFusion [23], TemCoCo [7],
and MambaVF [39].

We report the image-level metrics CC, EN, and SSIM used in
IVIF-ZOO [13], together with the video-level temporal metrics
BiSWE and MS2R from VF-Bench [37]. Higher CC, EN, and SSIM
and lower BiSWE and MS2R indicate better performance. Efficiency
is measured by parameters, FLOPs, latency, and peak GPU memory.

Implementation Details. In Stage I, compact canvases are ini-
tialized by sampling and spatially interpolating real frames. A
frozen UniVF model provides proxy features, and the condensed
branch is optimized for 10,000 iterations using Adam [10] with
(B1, B2) = (0.9,0.999) and a learning rate of 1072, In Stage II, the
condensed branch is fixed and a fusion model with C = 32 and four
Transformer blocks is trained from scratch for 20,000 iterations. We
use M = 8 aggregation queries and the centered 3-frame window
N(t) = {t—-1,t,t+1}. AdamW [16], a cosine schedule from 2x10™*
to 1079, and a batch size of 8 are used. We empirically set Ay, A3, A3
and A4 to 0.5, 0.1, 0.1 and 0.5, respectively.
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Figure 3: Qualitative comparison on four representative benchmarks. For each example, we show the input pair, our method,
the full-size variant trained on the original data, and competing video fusion baselines (VideoFusion, UniVF, and TemCoCo).
The cyan boxes indicate enlarged local regions for detailed comparison.
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Figure 4: Frame-by-frame qualitative comparison on a repre-
sentative multi-source video fusion sequence.

5.2 Main Results

Quantitative Results. Table 1 shows that STAR-VF, trained with
the dataset-specific synthetic budgets in Table 2, remains competi-
tive with full-data methods. It ranks first in CC and SSIM on MVF
and in SSIM and BiSWE on MFF, while remaining close to the
best MS2R, showing that a compact training source retains useful
per-frame fusion cues and temporal regularity.

Qualitative Results. Figure 3 shows that STAR-VF preserves
salient structures and complementary details across all four tasks,
including pedestrian contours on VITMOT, tissue boundaries on
Harvard, highlight and shadow details on YouTube-HDR, and focus
transitions on DAVIS. The enlarged regions expose local structural
and brightness differences. In Figure 4, STAR-VF also exhibits fewer

Table 2: Training-source budgets used by STAR-VF.

Dataset Task Train seqs Nieal N Neond Teond
VTMOT IVF 75 22,500 88 1,408 1/16.0
Harvard MVF 49 1,308 6 96 1/13.6
YouTube-HDR MEF 450 66,595 261 4,176 1/15.9
DAVIS MFF 120 8,195 32 512 1/16.0

Table 3: Computational efficiency comparison.

Model Resolution Params GFLOPs Latency Memory
UniVF [37] 256X256 9.16M 934.7 531.4ms 696.8MB
Condensed (ours) 256%256 0.32M 184.0 110.5ms  696.8MB

480X 854 9.16M 6139.1 820.7ms  4110.5MB
480x854 0.32M 1066.6 468.5ms  4110.5MB

UniVF [37]
Condensed (ours)

brightness fluctuations and more consistent colors than the com-
pared methods.

Training-Source Efficiency. Table 2 reports the actual budget on
each benchmark, where Neong = NsTeond- All settings use p = 4,
Py X Py, = 64 X 64, and T,ong = 16. STAR-VF reduces the training
source to approximately 1/16 of the original temporal units on
three datasets and 1/13.6 on Harvard, substantially lowering the
data required for fusion training.

Computational Efficiency. Table 3 compares the deployed fusion
architectures; the condensed branch and proxy are absent at infer-
ence. Relative to UniVF, STAR-VF reduces parameters from 9.16M
to 0.32M. At 256x256, FLOPs and latency decrease from 934.7G and
531.4 ms to 184.0G and 110.5 ms; at 480X854, they decrease from
6139G and 820.7 ms to 1066.6G and 468.5 ms. These inference gains
arise from the final lightweight architecture and are distinct from
the reduction in training-data budget.
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Figure 5: Visual comparison between the full dataset and the
learned condensed dataset.
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Figure 6: Alignment consistency comparison across video
fusion methods, evaluated by frame-wise aligned ROI lumi-
nance trajectories after min-max normalization

Frame-Wise Consistency. We extract luminance trajectories from
aligned regions of interest and apply min-max normalization to
remove scale differences. Figure 6 shows that STAR-VF follows the
shared temporal trend with smaller local deviations, indicating a
more stable fused appearance.

5.3 Ablation Studies

Effect of Flow-Free Temporal Modeling. Using the complete train-
ing set, we replace VideoFusion’s RAFT-based alignment and fea-
ture warping with M-RoPE attention while retaining the same fu-
sion setting. Table 4 shows comparable fusion quality and temporal
consistency on IVF and MFF, indicating that direct representation-
level interaction removes explicit flow estimation without sacrific-
ing performance. Because condensation is disabled in this compar-
ison, the result isolates the contribution of the temporal module
from the effect of reducing the training source.

Effect of Condensation Grid Size. Table 5 reveals a non-monotonic
trade-off. The 2x2, 3x3, and 55 grids favor image-level CC/SSIM
but yield BiSWE values of approximately 5.07-5.17, indicating
stronger temporal fluctuation. The 4x4 grid does not maximize
per-frame correlation, but achieves the lowest MS2R (0.35) and
lower BiSWE (3.91). We therefore use 4x4 as the best balance be-
tween representation capacity, compactness, and temporal stability.

Attribution to Learned Condensation. On VTMOT, using the
same final architecture and 1/16 budget, five random compact

MM ’26, 10 November - 14 November 2026, Rio de Janeiro, Brazil

Table 4: Ablation of flow-free temporal modeling on IVF.

Method cCt ENT SSIMT BiSWE| MS2R|
UniVF [37] 0.65 6.81 0.65 3.95 0.35
w/o condensation 0.64 6.73 0.64 3.91 0.36
Ours (w/o RAFT) 0.64 6.73 0.65 3.91 0.35

Table 5: Ablation on condensation grid size on IVF.

Grid #Frames  CCT ENT SSIMT  BiSWE| MS2R|
1X1 (full) 1 0.64 6.73 0.64 3.91 0.36
2X2 4 0.90 7.25 0.87 5.07 0.36
3X3 9 0.89 7.82 0.88 5.10 0.36
4x4 (ours) 16 0.64 6.73 0.65 3.91 0.35
5X5 25 0.90 6.62 0.88 5.17 0.36

Table 6: Proxy robustness and downstream transferability

on VIMOT. “Full” denotes UniVF trained on the complete

real set; all other rows use a 1/16 condensed source.
Downstream Source/Proxy ENT CCT SSIMT BiSWE| MS2R]|

UniVF Full 6.814  0.654 0.652 3.950 0.353
UniVF Default 6.370  0.625 0.626 5.505 0.379
UniVF ResNet-18 6.320  0.601 0.626 5.101 0.382
UniVF VGG-16 6.510  0.660 0.628 5.205 0.375
STAR-VF Default 6.731  0.641 0.648 3.920 0.356
STAR-VF ResNet-18 6.720  0.591 0.635 3.586 0.355
STAR-VF VGG-16 6.709  0.643 0.646 3.445 0.354

sources obtain 5.64%0.79 EN, 0.48+0.12 CC, and 0.51+0.08 SSIM,
whereas learned condensation achieves 6.73, 0.64, and 0.65. This
controlled comparison attributes the gain to optimized condensa-
tion rather than model size or arbitrary data reduction. The substan-
tial gap under an identical budget further shows that the number of
synthetic frames alone cannot explain the observed performance.

Proxy Robustness and Transferability. Table 6 shows that ResNet-
18 and VGG-16 proxies produce condensed sources comparable to
the default encoder for STAR-VF. The same sources also train UniVF
effectively, with the VGG-16 proxy reaching 6.510 EN, 0.660 CC,
and 0.628 SSIM. Thus, the condensed supervision is not tied to a
particular proxy or downstream fusion model.

6 Conclusion

In this paper, we introduced STAR-VF, the first spatio-temporal
representation condensation framework for data-efficient video
fusion. Across four representative tasks, STAR-VF achieves per-
formance comparable to full-data-trained methods using only a
1/16 training-source budget, demonstrating that compact synthetic
representations can preserve fusion-relevant spatial and temporal
cues. Controlled comparisons further show that the improvement
arises from learned condensation rather than random compact con-
struction or model-size reduction. Experiments with different proxy
networks also indicate that the condensed supervision is transfer-
able and not tied to a specific feature extractor or downstream
model. Since the condensed branch and proxy are used only during
training, inference operates directly on real multi-source videos
using the final fusion model. Nevertheless, performance remains
bounded by the capacity of the condensed source, and a fixed bud-
get may become insufficient as the diversity of the original data
increases.
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