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FSGM-Sum: Factorized Spatio-Temporal Gating Mixer for
Efficient Video Summarization

Abstract

Video summarization seeks to produce concise yet informative
representations of long videos by selecting segments aligned with
human preferences. However, this task remains challenging due to
annotation subjectivity and the discrepancy between continuous
score regression during training and discrete selection at inference.
Existing approaches often rely on dense attention mechanisms for
long-range dependency modeling or employ generative frameworks
to capture subjectivity, both of which introduce significant compu-
tational overhead and limited robustness under scarce supervision.
To address this, we propose FSGM-Sum, a lightweight Factorized
Spatio-Temporal Gating Mixer for single-pass frame importance
prediction. Specifically, our method decomposes importance esti-
mation into complementary temporal and channel saliency signals,
where temporal dynamics are modeled via multi-dilation depthwise
mixing and channel relevance is captured through global pooling
with a compact gating network. These signals are fused through an
additive factorization to form a structured gating mechanism, cou-
pled with a temperature-calibrated scoring head for stable optimiza-
tion and reliable score distributions. This design enables efficient
modeling of spatio-temporal dependencies without constructing
dense attention maps. We evaluate our approach on standard bench-
marks, including SumMe and TVSum under rank-based evaluation
protocols. Our method achieves competitive or superior alignment
with human annotations while maintaining a significantly simpler
and faster inference pipeline. Overall, FSGM-Sum demonstrates that
factorized spatio-temporal gating provides an effective and practical
alternative to attention-heavy and generative video summarization
models. Code is available at: https://github.com/SMRaza1009/FSGM-
Sum.git
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1 Introduction

Video summarization aims to condense a long video into a com-
pact representation that preserves the most informative events

Unpublished working draft. Not for distribution.
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for efficient browsing, retrieval, and downstream understanding.
As large-scale user-generated and web video content continues to
grow, supervised video summarization remains an important prob-
lem in multimedia analysis, with applications in surveillance, media
curation, and recommendation. In standard benchmarks such as
SumMe [? ] and TVSum [21], the task is commonly formulated as
learning frame importance scores from human annotations, fol-
lowed by segment selection under a summary length budget.

Despite substantial progress, supervised video summarization
still faces two persistent challenges. First, long-range temporal de-
pendency modeling must be handled under small benchmark sizes,
where heavy attention-based models can be computationally expen-
sive and prone to overfitting. Second, the learning and evaluation
stages are not perfectly aligned: models are typically optimized with
continuous frame-level objectives, whereas final summaries are pro-
duced through discrete segmentation and budget-constrained shot
selection. This mismatch is especially important when small score
perturbations can alter downstream keyshot selection.

Recent methods have explored recurrent models, self-attention,
spatiotemporal attention, and generative formulations to improve
temporal reasoning and capture annotation ambiguity [? ? ? ? ].
While effective, these approaches often increase architectural or
optimization complexity. Dense attention scales poorly with video
length, proposal-based or stochastic designs complicate training
and inference, and existing lightweight alternatives do not explicitly
separate temporal saliency from feature channel saliency while
maintaining a scoring mechanism tailored to downstream summary
decoding. As a result, there remains a need for a summarization
model that is both computationally economical and structurally
better aligned with the way summaries are ultimately generated
and evaluated.

To address this need, we propose FSGM-Sum, a Factorized
Spatio-Temporal Gating Mixer for efficient video summarization.
Instead of constructing dense pairwise attention maps, FSGM-Sum
models frame importance through two complementary gating sig-
nals. A temporal gating branch captures when salient events occur
using multi-dilation depthwise temporal mixing, while a channel
gating branch captures which feature dimensions are most infor-
mative through global pooling and a lightweight gating network.
The two branches are fused by an additive factorized construction,
yielding a structured gating field that modulates video represen-
tations across time and feature channels with linear complexity
in sequence length and feature width. To better support stable
downstream segment selection, we further use a calibrated scoring
head, together with lightweight training regularization, to produce
sharper and more reliable importance estimates.

Extensive experiments on SumMe and TVSum show that FSGM-
Sum provides a strong accuracy efficiency tradeoff with a simple
single-pass inference pipeline. The results indicate that factorized
temporal and feature-channel gating can serve as an effective alter-
native to heavier attention-based summarization architectures.

In summary, our contributions are as follows:
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(1) We propose FSGM-Sum, a lightweight video summarization
architecture that replaces dense self attention with a factor-
ized temporal and feature-channel gating mixer for efficient
long range dependency modeling.

(2) We introduce a structured gating formulation that separates
temporal saliency and feature-channel saliency, and fuses
them through an additive outer-factorized mechanism to
modulate frame representations without quadratic attention
cost.

(3) We improve learning to evaluation alignment through a cal-
ibrated scoring design and lightweight training regulariza-
tion, leading to more stable importance prediction for down-
stream budget constrained summary generation.

(4) We demonstrate strong performance on SumMe and TV-
Sum, showing that FSGM-Sum achieves competitive summa-
rization quality with a simpler and more efficient inference
pipeline.

2 Related Work

Deterministic supervised summarization. Supervised video
summarization has largely been developed under benchmark set-
tings such as SumMe and TVSum, where the goal is to predict frame
or segment importance from human annotations under a fixed
summary-length budget. Early deep approaches mainly formulated
the task as sequence prediction, including recurrent models such as
vsLSTM and dppLSTM, attention-based encoder-decoder designs,
and fully convolutional sequence labeling frameworks. Later, VAS-
Net showed that self-attention can model long-range dependencies
without recurrence, while DSNet reformulated summarization as
temporal interest detection with segment-level proposals. These
methods established the dominant deterministic predict-and-select
pipeline and remain strong supervised baselines. However, they
usually learn a single importance trajectory for each video and only
indirectly reflect the fact that multiple human summaries may be
valid for the same content. [5, 8, 19, 21, 24, 25, 287 ]
Attention-based and structured dependency modeling. To
improve contextual reasoning, subsequent work explored richer
dependency modeling beyond plain sequential encoders. PGL-SUM
combined global and local self-attention with positional encoding
to capture both long-range and neighborhood-level relations. Other
works investigated more structured interaction mechanisms to en-
code temporal context without relying on purely dense pairwise
attention. In particular, CSTA represented a video as an image-
like frame-feature map and used convolutional processing to model
inter-frame and intra-feature interactions jointly, while graph-based
formulations such as VideoSAGE encoded sparse relations among
frames for more structured dependency reasoning. These methods
strengthen contextual modeling, but many still rely on compara-
tively heavy interaction modules or structured relation learning
over relatively small supervised benchmarks. [2, 4, 20]
Ambiguity-aware and generative summarization. Because
video summarization is inherently subjective, another line of re-
search moves beyond deterministic regression and explicitly models

uncertainty, diversity, or one-to-many summary mappings. SUM-
GAN and its later variants introduced adversarial and reconstruction-
based formulations to learn representative summaries without rely-
ing only on direct score regression. More recently, diffusion-based
approaches such as SummDiff argued that averaging annotations
into a single deterministic target can obscure valid alternative sum-
maries, and instead modeled summarization as a conditional gen-
erative process. These methods are appealing because they bet-
ter reflect annotator ambiguity, but they usually introduce addi-
tional architectural, training, or inference complexity compared
with single-pass supervised scoring models. [1, 12, 15]
Multimodal and semantic extensions. Recent studies have ex-
panded video summarization beyond purely visual frame scoring
by incorporating language supervision, cross-modal alignment, and
stronger semantic priors. A2Summ aligned video and text through
multimodal attention and contrastive learning, while joint sum-
marization and moment localization frameworks transferred su-
pervision from related temporal understanding tasks to improve
summary learning. More recent approaches have explored large-
scale pretraining or large language model guidance to inject richer
semantic knowledge into importance estimation. These directions
suggest that semantic supervision can improve summary quality,
but they also move the problem beyond the standard visual-only su-
pervised setting commonly used for direct comparison on SumMe
and TVSum. [3, 6, 9, 13]

Lightweight and efficient summarization models. Efficiency
remains a central concern because long videos make dense attention
increasingly expensive in both memory and computation. Recent
efforts therefore seek lighter alternatives that preserve competitive
performance while simplifying token mixing and contextual mod-
eling. Efficient DSNet explicitly studies cheaper replacements for
self-attention, while methods such as CSTA and VideoSAGE show
that convolutional or sparse-graph formulations can reduce the
burden of dense pairwise reasoning. Our method is most closely
related to this line of work. However, instead of replacing atten-
tion with another generic mixer, FSGM-Sum explicitly factorizes
importance estimation into temporal saliency and feature-channel
saliency, and couples this with calibrated scoring for stable single-
pass importance prediction under downstream budget-constrained
summary decoding. [4, 18, 20]

3 Method

3.1 Overview

Figure 1 illustrates the overall flow of FSGM-Sum. The proposed
model replaces backbone-heavy attention generation with a struc-
tured gating mechanism that is tailored to supervised video summa-
rization. Instead of learning a dense spatiotemporal importance field
through a generic CNN over feature maps, the model decomposes
importance into two complementary signals: a temporal saliency
term that models when informative events occur, and a channel
saliency term that models which feature dimensions carry discrim-
inative evidence. These two signals are fused through an outer
additive construction to produce a full frame-channel attention
logit map, which is then calibrated along both temporal and channel
axes before modulating the value stream. The resulting represen-
tation is scored by a temperature-calibrated predictor to produce
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Figure 1: Overview of FSGM-Sum. Frame features from a frozen CNN (GoogleNet) with a CLS token are positionally encoded
and projected into value and gating branches. A Factorized Gating Block decomposes saliency into temporal (multi-dilation
depthwise mixing) and channel (global pooling + MLP) components, which are fused and applied as dual-axis soft gates. A
lightweight mixing module and temperature-scaled sigmoid head produce frame-level importance scores, avoiding dense

attention via efficient factorized gating.

frame-level importance estimates. This design is lightweight by
construction, but more importantly, it is structurally aligned with
video summarization: frame selection depends jointly on temporal
dynamics and feature-level saliency, and the proposed factoriza-
tion models these two sources explicitly rather than leaving them
implicit inside a generic backbone.

3.2 Problem formulation and notation

Let a video be represented by a sequence of sampled frame descrip-
tors

X =[xq,...,x7] " € RT*P, 1)

where T is the number of sampled timesteps and D is the feature
dimension. In our implementation, D = 1024, corresponding to
pre-extracted frame features. The model predicts a sequence of
frame-level importance scores

V= [in,.... 971" € [0,1]%, ®)

which are later expanded to the original frame timeline and decoded
into a binary summary under a length budget.

For compatibility with the outer model shell, the feature sequence
is first replicated across three channels and augmented with a
learnable CLS token. Denoting channel replication by R(-), we
2026-03-29 11:01. Page 3 of 1-9.

form

X = R(X) € RlxsxTxD, X e Rlxsx(Tﬂ)xD’ 3)

where X is obtained by prepending the CLS token along the tem-
poral axis. This extra token provides a global context slot during
mixing, after which the sequence is pooled back to length T.

3.3 Overall pipeline

The model applies separate key and value embeddings to the CLS-
augmented sequence, and uses the key stream to construct a struc-
tured spatiotemporal gating field. Specifically, let

K=¢x(X), V=¢y(X), (4)

where ¢x and ¢y are linear embeddings applied along the feature
dimension. From K, we extract a single sequence

He R(T+1)XD, (5)

which serves as the input to the Factorized Spatiotemporal Gate
Mixer (FSGM). The FSGM produces a 2D logit map over timesteps
and channels, combines it with the key sequence through a residual
key connection, augments it with positional encoding, and normal-
izes it along both temporal and channel axes. The resulting pair
of calibrated attention maps modulates the value stream, yielding
mixed frame representations that are mapped to scalar logits and
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converted to importance scores through a learnable temperature-
calibrated sigmoid. The architectural core is therefore not a generic
feature extractor, but a structured gate constructor that explicitly
separates temporal and channel saliency before recombining them.

3.4 Factorized Spatiotemporal Gate Mixer

3.4.1 Temporal saliency branch. The temporal branch estimates
framewise saliency by explicitly modeling multi-scale temporal
variation. Starting from the key sequence H, we first project each
token from dimension D to a hidden width H:

Q =HW, + b, € RT*DXH, (6)

This projection reduces the cost of temporal mixing while preserv-
ing the information needed for saliency estimation.

We then apply three parallel depthwise-separable temporal con-
volution blocks with dilation rates d € {1, 2,4}. Let B4(-) denote
one such block. The aggregated temporal representation is

M= (5(Q) +B(Q) + Q) e RTI ()

The three branches provide receptive fields of different effective
scales, allowing the model to respond to abrupt local changes and
longer-range temporal transitions within a single lightweight mixer.
This is a deliberate departure from implicit temporal modeling in
backbone CNNs: summarization requires identifying salient tem-
poral transitions, and dilated temporal convolutions expose this
structure directly.
A 1 x 1 temporal head produces the framewise logits

al’) =y.(M) e RT*L (8)
These logits capture relative temporal importance conditioned on
local and mid-range context, but do not yet incorporate a video-level
prior on temporal variation.

3.4.2 FFT spectral bias. To inject a global prior on temporal dy-
namics, we compute a scalar spectral bias from the input sequence.
We first collapse the channel dimension by averaging over features:

D
1 2: T
Si = B - Hi,j, s e RT*1 (9)

We then compute the real Fourier spectrum,
r = rFFT(s), m = |r] € R, (10)

where F = [(T + 1)/2] + 1. The spectrum is summarized into a
scalar statistic

1 F
”:f;mﬂ (11)

which is passed through a lightweight MLP g (-) to obtain a global
bias term
b = gm(n) € R. (12)

The final temporal logits are

a® =al" +bpir. (13)
This term acts as a frequency-aware temporal variation prior. Im-
portantly, it does not replace temporal modeling; rather, it calibrates
the baseline saliency level according to the global spectral energy
of the sequence.

3.4.3 Channel saliency branch. Temporal saliency alone is insuf-
ficient for summarization because not all feature dimensions are
equally informative. The channel branch estimates which descrip-
tor channels consistently or sharply respond to salient content. We
compute temporal mean and max pooling over the key sequence:

T+1
= H-.GRD, Y = max H».ERD, 14
s T+1 ; b 1<i<T+1 (14)
and concatenate them to form
u=[p;v] eRP, (15)

A bottleneck MLP then produces channel logits
a'® =y, (u) eR". (16)

Mean pooling captures persistent evidence across the video, whereas
max pooling preserves peak responses that may correspond to rare
yet highly informative events. Their combination yields an explicit
channel-saliency estimate.

3.4.4  Outer additive fusion. The core modeling decision is to com-
bine temporal and channel saliency through an outer additive con-
struction:

Asogit =a 1], + 17T e RTTDP, (17)

This fusion imposes an interpretable decomposition in which each
entry of the gate logit map is the sum of a timestep-specific term
and a channel-specific term. A frame-channel pair attains high logit
only when it is supported by both temporal importance and feature
saliency. The resulting structure is aligned with the semantics of
summarization while avoiding the need to learn a dense attention
generator through a heavy CNN.

3.4.5 Key residual, positional encoding, and dual-axis calibration.
The fused logit map is combined with the key sequence through a
residual key connection:

G= Alcgit + H. (18)

This skip preserves content-dependent structure from the key stream
and stabilizes optimization by anchoring the factorized gate to the
input representation. A lightweight normalization is then applied,
followed by addition of fixed sinusoidal positional encoding P:

G « Norm(G) +P. (19)

The positional term restores explicit ordering information after fac-
torized gating, which is important because summarization depends
on temporal placement as well as saliency magnitude.

Instead of collapsing G through a single normalization, we cali-
brate it along both axes:

AW =Softmax(G;0),  A®) =Softmax(G;1),  (20)

where Softmax(-; 0) normalizes over timesteps for each channel,
and Softmax(-; 1) normalizes over channels for each timestep. The
temporal normalization answers which timesteps dominate within
each feature dimension; the channel normalization answers which
features dominate within each timestep.
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3.4.6  Value modulation and mixed representation. The value stream
is modulated by both calibrated attention maps:

V=VoA® + VoA, (21)

where © denotes elementwise multiplication. The first term empha-
sizes temporally dominant evidence, and the second emphasizes
channel-dominant evidence; their sum retains both without col-
lapsing them into a single gate.

Because the input was expanded with a CLS token, the mixed
sequence has length T + 1. We pool it back to the original sampled
length,

Z € RT*P, (22)

yielding one feature vector per sampled frame.

3.5 Temperature-calibrated importance
prediction

Each mixed frame representation z, € RP is mapped to a scalar
logit

& = fas(ze), (23)
where fq5(-) denotes the framewise classifier. The final importance
score is

g
iy =a(—’), r>0. (24)
T

Here 7 is a learnable temperature parameter constrained to a valid
positive range. This component is not a cosmetic reparameteriza-
tion of the sigmoid: summarization is evaluated under budgeted
shot selection, so score sharpness directly affects downstream peak
selection and segment ranking.

3.6 Training objective

The model is trained on sampled frame-level supervision using
a regression objective augmented with auxiliary constraints that
target ranking fidelity, shot coherence, and score calibration. Let
y € RT denote the ground-truth target aligned to sampled timesteps.
The primary objective is mean squared error:

T
1
Lyse = T Z(ﬁt —y)? (25)
t=1

This term directly supervises frame-level importance prediction
and serves as the anchor objective for training.

To preserve relative ordering between frames, we add a pairwise
ranking term

-Erank, (2 6)

which encourages score differences to be consistent with target
ordering. To reduce temporal noise within semantically coherent
segments, we introduce a shot-level smoothness term

Lhot-smooths (27)
which penalizes excessive variation within the same shot. We fur-
ther include a shotwise alignment term

Lshotwise—MSE’ (28)

which matches predicted and target shot-level trends. Finally, to
stabilize peak formation under dual-axis attention calibration, we
use

Lual-softmaxs (29)
2026-03-29 11:01. Page 5 of 1-9.
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which regularizes the calibrated output distribution so that strong
selections remain stable under budgeted decoding.
The full objective is

Liotal = LmsE + Arank Lrank
+ Asmooth Lshot-smooth + aalignLShotwisefMSE (30)

+ AdualLdual-softmax .

Together, these terms supervise the model at complementary
levels: framewise regression for direct score accuracy, ranking for
relative saliency consistency, shot coherence for temporal stability,
shotwise alignment for segment-level fidelity, and dual-softmax
regularization for calibrated peak selection.

3.7 Inference and summary decoding

At inference time, the model outputs frame-level importance scores
on the sampled timeline. These scores are expanded back to the
original frame sequence by piecewise-constant assignment between
consecutive sampling indices. Let {pt}tT:l be the sampling positions
in the original video of length N. We define the frame-expanded
score sequence f € RN as

fo=9: for né€|[pnpr), t=1,...,T-1, (31)

and f, = gr for n € [pr, N). This expansion preserves the sampled
prediction while recovering frame-level resolution for segment-
based decoding.

Given shot boundaries from temporal segmentation, each shot k
is assigned a length wy and a value vy:

cend

k
1

Wi = c;“d - c,itart +1, o= — Z Jn- (32)
Wk nzci:art

The final summary is obtained by solving a 0/1 knapsack problem
under a budget pN:

M M
max upvg  S.t. uwi < pN. (33)
ue{0,1}M ; kZ:‘

The selected shots are concatenated to form the binary summary.

4 Experiments

4.1 Experimental Settings

4.1.1 Datasets. We evaluate on two standard benchmarks for su-
pervised video summarization, TVSum [21] and SumMe [? ]. TV-
Sum provides multi-annotator importance annotations, while SumMe
provides multiple user summaries per video. We follow the official
dataset metadata and evaluation resources (temporal segmenta-
tion and change points) required for keyshot-based evaluation on
SumMe.

4.1.2  Evaluation Protocol. We follow the standard five-split proto-
col used in prior work and report the average performance across
splits. For each split, the model is trained on the training set and eval-
uated on the corresponding test set, and the final result is obtained
by averaging over all five splits. This setting matches the evalua-
tion regime used by recent rank-correlation based approaches and
enables direct comparability [2, 12, 20].
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Method SumMe TVSum
T P T P

Random 0.000 0.000 0.000 0.000
Human 0.205 0.213 0.177 0.204
A2Summ [7] 0.088 0.096 0.157 0.206
VASNet [5] 0.089 0.099 0.153 0.205
PGL-SUM (2] 0.104 0.116 0.141 0.186
CSTA [20] 0.108 0.120 0.168 0.221
SummbDiff [12] 0.133 0.148 0.173 0.226

FSGM-Sum (ours) 0.220 0.246 0.229 0.298

Table 1: Comparison of models trained with the TVT
(train/val/test) split on SumMe [? ] and TVSum [21]. The
best results are shown in bold.

4.1.3  Evaluation Metrics. Following recent evaluation practice, we
report rank order statistics rather than F1 based summary overlap.
Specifically, we measure Kendall’s 7 [11] and Spearman’s p [29]
between predicted importance scores and human supervision. For
TVSum, correlations are computed per video by aggregating across
annotators, and then averaged across videos. For SumMe, correla-
tions are computed against the aggregated user summary derived
from multiple user annotations. This choice avoids the known
sensitivity of F1 to segmentation granularity and summary frag-
mentation, which has been emphasized in recent literature [20, 22].

4.1.4  Keyshot Summary Construction (SumMe). For SumMe, we
convert predicted frame-level scores into a binary keyshot sum-
mary under a fixed length budget of 15% of the video duration. We
follow the standard segmentation-and-knapsack pipeline: scores
are expanded to the original timeline using the sampling indices,
shot-level values are computed by averaging within each change-
point segment, and a 0/1 knapsack problem is solved to select shots
under the budget.

4.1.5 Training and Inference Setup. FSGM-Sum is trained and eval-
uated using the same input feature representation and split protocol
across both datasets. Unless otherwise stated, we use a single con-
figuration for both TVSum and SumMe. The model is optimized
with Adam for 100 epochs with learning rate 10~ and weight decay
1077

5 Results and Discussion

Tables 1-3 report quantitative comparisons on SumMe and TVSum
using Kendall’s 7 and Spearman’s p under the standard evaluation
protocols. Overall, the results indicate that FSGM-Sum consistently
improves rank agreement with human supervision while preserving
the conventional segmentation-plus-knapsack decoding used at test
time as shown in Fig 2. These findings support the central claim
that factorized spatio-temporal gating can replace dense attention
with a substantially lighter token-mixing mechanism, while still
producing calibrated importance scores that remain effective after
discretization into keyshots.

TVT setting. Under the TVT (Table 1) split, FSGM-Sum achieves

the strongest performance among all listed methods on both datasets.

On SumMe, FSGM-Sum reaches (7, p) = (0.220, 0.246), providing a
large margin over deterministic scorers such as CSTA (0.108,0.120)

Method SumMe TVSum
T P T P

Random 0.000 0.000 0.000 0.000
Human 0.205 0.213 0.177 0.204
DSNet-AF [27] 0.037 0.046 0.113 0.138
DSNet-AB [27] 0.051 0.059 0.108 0.129
SUM-GAN [16] 0.049 0.066 0.024 0.031
AC-SUM-GAN [?] 0.102 0.088 0.031 0.041
CLIP-It [17] - - 0.108 0.147
iPTNet [10] 0.101 0.119 0.134 0.163
A2Summ [7] 0.108 0.129 0.137 0.165
VASNet [5] 0.160 0.170 0.160 0.170
AAAM [22] - - 0.169 0.223
MAAM [22] - - 0.179 0.236
VSS-Net [26] - - 0.190 0.249
DMASum [23] 0.063 0.089 0.203 0.267
SSPVS [14] 0.192 0.257 0.181 0.238
CSTA [20] 0.246 0.274 0.194 0.255
SummbDiff [12] 0.256 0.285 0.195 0.255

FSGM-Sum (ours) 0.252 0.284 0.197 0.258

Table 2: Comparison under the standard 5-split protocol on
SumMe [? ] and TVSum [21]. Kendall’s 7 and Spearman’s p
are computed using the evaluation pipeline in our codebase.
For SumMe, correlations are computed after segmentation-
and-knapsack decoding under a 15% budget.

Split SumMe TVSum

T P T P
Split0 0.220 0.248 0.172 0.226
Split1 0.190 0.210 0.215 0.280
Split2 0.204 0.228 0.204 0.267
Split3 0.299 0.333 0.190 0.251
Split4 0.236 0.263 0.203 0.264

Average 0.252 0.284 0.197 0.258

Table 3: Split-wise performance of FSGM-Sum on SumMe [?
] and TVSum [21] under the standard five-split protocol. The
final row reports the average across splits.

and also surpassing the diffusion-based SummDiff baseline (0.133, 0.148).

On TVSum, FSGM-Sum attains (7, p) = (0.229,0.298), again im-
proving over CSTA (0.168, 0.221) and SummDiff (0.173, 0.226). The
consistent gains across both 7 and p suggest that the proposed fac-
torized gating produces not only locally correct pairwise ordering
(captured by 7) but also stronger global rank consistency (captured
by p), which is important when scores are later thresholded and
pooled by segments.

Five-split protocol. In Table 2, a similar trend is observed un-
der the standard five-split evaluation. FSGM-Sum achieves (7, p) =
(0.252,0.284) on SumMe and (0.197, 0.258) on TVSum. On SumMe,
the proposed method improves over strong deterministic base-
lines such as CSTA (0.246,0.274) and remains highly competi-
tive with SummDiff (0.256, 0.285), trailing it only marginally. On
TVSum, FSGM-Sum provides a measurable gain over both CSTA
(0.194,0.255) and SummbDiff (0.195, 0.255), indicating that the ben-
efits of factorized temporal-channel saliency generalize beyond a
single split configuration. Notably, the improvements are more pro-
nounced in Spearman’s p, which emphasizes global ordering; this
aligns with the design goal of producing a stable and discriminative
score distribution that is less sensitive to downstream selection.
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Figure 2: Qualitative comparison of video summaries on SumMe. Each row shows shot-level selections for FSGM-Sum (ours, red),
CSTA (orange), and ground truth (green), where filled rectangles are selected shots and the overlaid curve indicates predicted
importance scores. Spearman p is annotated on the right. FSGM-Sum achieves consistently higher correlation with human

annotations across all four videos.

Split-wise robustness and variance. Table 3 highlights both ro-
bustness and remaining sensitivity across splits. On SumMe, per-
formance ranges from 7 = 0.190 (Split1) to = = 0.299 (Split3), and
on TVSum, from 7 = 0.172 (Split0) to = = 0.215 (Split1). The
spread is expected given the small scale of these benchmarks and
the high inter-video variability, where train/test composition can
substantially affect generalization. Still, FSGM-Sum remains consis-
tently competitive with the strongest reported baselines in the main
comparison, and the strongest split results (e.g., SumMe Split3) sug-
gest that when train/test content distributions align, the structured
gating mechanism can yield highly reliable rankings. Importantly,
reporting split-wise dispersion provides a clearer robustness signal
than the mean alone for subjectively annotated datasets.

5.1 Efficiency Analysis

We also compare efficiency against CSTA [20]. As shown in Ta-
ble 4, FSGM-Sum is substantially more compact, using only 3.43M
2026-03-29 11:01. Page 7 of 1-9.

parameters (13.09 MB). The FSGM core itself remains lightweight
(276.67K parameters), with most capacity allocated to input/output
projections. Table 5 shows that FSGM-Sum also has the lowest com-
putational cost across all tested sequence lengths, requiring only
537.61M MACs at T = 100 and 2.67G MACs at T = 500. The latency
results in Table 6 are consistent with this trend: at T = 100, FSGM-
Sum is the fastest model on both GPU and CPU. Combined with the
performance gains in Table 2, these results show that FSGM-Sum
offers a better accuracy—efficiency trade-off than existing methods.

5.2 Ablation Study

This ablation isolates the effect of each component in FSGM-Sum
by adding modules one at a time (Table 7). Variant (1) disables
the factorized gate and collapses the model to a shallow regres-
sor on the pre-extracted descriptors, providing a direct reference
point for the benefit of structured token mixing. Introducing the
factorized spatio-temporal gate in (2) injects the key inductive bias
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Model Total Params Trainable Params Size (MB)
CSTA-GoogleNet 9.78M 9.78M 37.31
CSTA-ResNet 13.01M 13.01M 49.62
CSTA-MobileNet 7.78M 7.78M 29.66
CSTA-EfficientNet 9.56M 9.56M 36.47
FSGM-Sum (ours) 3.43M 3.43M 13.09

Table 4: Parameter comparison with CSTA variants. FSGM-
Sum achieves the strongest parameter efficiency, requiring
only 3.43M parameters and 13.09 MB, substantially smaller
than all CSTA backbones.

T Model MACs FLOPs (~2X)  vs FSGM
CSTA-GoogleNet 3.54G 7.08G 6.6X
CSTA-ResNet 231G 4.61G 43X

100  CSTA-MobileNet 1.63G 3.26G 3.0%
CSTA-EfficientNet 1.90G 3.79G 3.5%
FSGM-Sum (ours) 537.61M 1.08G 1.0X
CSTA-GoogleNet 7.13G 14.26G 6.7X
CSTA-ResNet 439G 8.78G 4.1%

200  CSTA-MobileNet 3.13G 6.27G 2.9%
CSTA-EfficientNet 3.62G 7.23G 3.4X
FSGM-Sum (ours) 1.07G 2.14G 1.0X
CSTA-GoogleNet 18.03G 36.06G 6.8X
CSTA-ResNet 10.63G 21.26G 4.0X

500 CSTA-MobileNet 7.68G 15.36G 2.9%
CSTA-EfficientNet 8.82G 17.63G 3.3X
FSGM-Sum (ours) 2.67G 5.34G 1.0X

Table 5: Computational complexity at different sequence
lengths. FSGM-Sum consistently requires the fewest MACs
across all tested sequence lengths, indicating favorable scal-
ing for longer videos.

T Model GPU (ms) CPU (ms)  Relative CPU speed
FSGM-Sum (ours) 4.65 + 1.65 51.71 + 119.47 1.0x
CSTA-GoogleNet  6.35 + 1.70 216.10 + 474.14 4.2X slower

100 CSTA-ResNet 5.25 + 1.58 110.28 + 276.11 2.1X slower
CSTA-MobileNet ~ 5.80 + 1.65 202.50 + 424.85 3.9% slower
CSTA-EfficientNet 6.44 + 1.36 295.57 + 736.75 5.7% slower

200 FSGM-Sum (ours) 4.64 + 2.41 55.65 + 136.24 1.0x

Table 6: Inference latency. FSGM-Sum is the fastest model
among the compared methods at T = 100 on both GPU and
CPU. The partial T = 200 result available for FSGM-Sum
indicates stable runtime as sequence length increases.

. SumMe TVSum
Variant
T P T P
(1) Base regressor (no FSGM gate) 0.103  0.114  0.008  0.010

(2) + Factorized spatio-temporal gate (outer-sum  0.190 ~ 0.212  0.085  0.112
logits)

(3) + Axis-wise norm. (Softmax_axis=TD) 0.208  0.255  0.184  0.241
(4) + Positional encoding 0.219 0258  0.189  0.248
(5) + CLS token 0.227 0.262 0.192 0.252
(6) + Key/Value embedding 0.243  0.271  0.195  0.255
(7) + Skip connection + normalization 0.252 0.284 0.197 0.258

Table 7: Step-by-step ablations for FSGM-Sum (expected val-
ues). Each row adds one component. Kendall’s 7 and Spear-
man’s p are reported under the standard 5-split protocol.

of the method: the temporal branch highlights when informative

events occur, while the channel branch highlights which feature di-
mensions carry salient evidence. Variant (3) then applies axis-wise
normalization (TD) to transform gate logits into well-behaved mod-
ulation weights along both time and feature axes, which improves
rank stability by avoiding gates that are either overly diffuse or
excessively concentrated.

Variants (4) and (5) add lightweight context cues. Positional en-
coding in (4) helps separate frames with similar appearance but
different temporal roles, which is particularly useful in long or
repetitive sequences. Adding a CLS token in (5) provides a com-
pact global signal that regularizes the scoring head and typically
improves generalization when supervision is limited. Variant (6)
further introduces key/value embeddings to decouple the features
used to produce the gate from those being modulated, allowing more
flexible scaling while retaining linear-time complexity. Finally, (7)
adds a skip connection and normalization to stabilize optimization,
anchoring the gating operation to the input stream and reducing
sensitivity to small score perturbations an issue that matters for
SumMe where segmentation-and-knapsack decoding can magnify
minor ranking changes.

6 Conclusion
This paper presented FSGM-Sum, a lightweight supervised video

summarization model designed for efficient and stable frame-importance

prediction under the standard segmentation-plus-knapsack eval-
uation pipeline. In contrast to attention-heavy temporal models,
FSGM-Sum replaces dense pairwise interactions with a Factorized
Spatio-Temporal Gating Mixer that decomposes importance estima-
tion into complementary temporal and channel saliency branches.
Extensive experiments on SumMe and TVSum using rank-based
metrics validate the effectiveness of the proposed design. Under the
standard five-split protocol, FSGM-Sum achieves strong Kendall
and Spearman correlations and consistently improves over prior
deterministic baselines, while remaining competitive with recent
diffusion-based formulations. These results indicate that structured
factorized gating can serve as a practical alternative to dense atten-
tion for spatiotemporal importance modeling, offering a favorable
trade-off between accuracy and efficiency for long-video summa-
rization. Future work can extend this direction in three ways: (i)
incorporating explicit modeling of annotator disagreement through
distributional or uncertainty-aware scoring while retaining single-
pass inference, (ii) exploring tighter decoder-aligned objectives that
directly optimize score stability under segmentation and knapsack
selection, and (iii) adapting the factorized gating design to multi-
modal settings or higher-resolution clip representations to further
improve semantic relevance without sacrificing efficiency.
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