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Abstract

Synchronizing videos captured simultaneously from multi-
ple cameras in the same scene is often easy and typically
requires only simple time shifts. However, synchronizing
videos from different scenes or, more recently, generative Al
videos, poses a far more complex challenge due to diverse
subjects, backgrounds, and nonlinear temporal misalign-
ment. We propose Temporal Prototype Learning (TPL), a
prototype-based framework that constructs a shared, com-
pact 1D representation from high-dimensional embeddings
extracted by any of various pretrained models. TPL robustly
aligns videos by learning a unified prototype sequence that
anchors key action phases, thereby avoiding exhaustive pair-
wise matching. Our experiments show that TPL improves
synchronization accuracy, efficiency, and robustness across
diverse datasets, including fine-grained frame retrieval and
phase classification tasks. Importantly, TPL is the first
approach to mitigate synchronization issues in multiple gen-
erative Al videos depicting the same action. Our code and a
new multiple video synchronization dataset are available at
https://bgu-cs-vil.github.io/TPL/

1. Introduction

Multiple Video Synchronization (MVS) of the same action
is a challenging problem in computer vision, particularly
in unconstrained settings. Standard solutions often rely on
pairwise alignment [2, 8, 15, 32], where each pair of videos
is matched in isolation. Although such methods are relatively
straightforward for small-scale problems, they suffer from
two major shortcomings when extended to multiple videos.
The first is the high computational cost. Consider a dataset
of N videos, each containing L frames, alongside a new
video of length L for synchronization or frame retrieval. In a
pairwise approach, every frame must be compared against
all N x L frames in the training set, incurring an O (N x L?)
complexity. This exhaustive nearest-neighbor (NN) search is
prohibitively expensive for real-world scenarios, where both
N and L can be large.

The second is the lack of global consistency. Even if
pairwise alignments yield accurate matches in isolation, they
do not necessarily guarantee a joint alignment across the
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entire collection of videos. Repeated pairwise matches can

conflict, since different pairs may learn disparate references

for similar action phases. As a result, there is no unified
representation of the action progression that consistently
aligns all videos.

To address these issues, we advocate a prototype-based
alignment strategy that bypasses the need for a single refer-
ence video and enables the synchronization of all videos at
once. We propose Temporal Prototype Learning (TPL),
which learns one-dimensional ‘bottleneck’ signals capturing
the underlying temporal structure (i.e., action prototypes) as
universal anchors. By mapping each frame in every video to
a shared temporal axis, TPL ensures global consistency and
drastically reduces the computational cost. Synchronizing or
retrieving a specific phase at time step ¢ for a new video thus
amounts to referencing the z-th point in the learned prototype,
rather than searching through the entire dataset. Figure |
illustrates the TPL framework, where multiple videos are
mapped to the same prototype space. Our main contributions
are:

* Prototype-Based Synchronization: We introduce a novel
approach to jointly align multiple videos via a shared pro-
totype space, overcoming the scalability and consistency
challenges of pairwise methods.

* Diffeomorphic Multitasking Autoencoder (D-MTAE):
A novel architecture for learning one-dimensional ‘bottle-
neck’ representation from multivariate video embeddings.
D-MTAE can be trained on any pretrained video feature
extractor and enables fast inference and robust multiple
alignment.

* Linear-Time Frame Retrieval: since, after alignment,
semantically similar frames are mapped to the same time
point, frame retrieval simply entails returning all frames at
that time point.

* Synchronization of GenAl videos: We show that TPL
can sync not only multiple real-world videos but also
multiple Al-generated videos depicting the same action.
To demonstrate this, we also generated and annotated (for
evaluation purposes only) the first GenAI-MVS dataset.

2. Related Work

Video Representation Learning. Several approaches
leverage sequence-level or pairwise matching signals to
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Figure 1. Temporal Prototype Learning (TPL) uses an ‘off-the-shelf’ feature extractor, denoted by ¢, to generate initial multichannel
action progression sequences for videos of the same action (e.g., Ball pitch [33]). Colors indicate different (and temporally-misaligned)
videos of the same action. TPL produces the joint alignment and prototypical sequence, mapping key events (e.g., Ball Release)

learn representations from videos. TCC [8] focuses on local
alignment across pairs of videos, while GTA [11] extends
this to longer sequences via a relaxed DTW-based contrastive
loss. LAV [12] introduces additional regularization to avoid
trivial solutions, and VAVA [15] allows variations in action
order using priors on the optimal transport matrix. CARL [2]
adopts a transformer-based contrastive framework with spa-
tial and temporal augmentations. Although these methods
have demonstrated success in pairwise settings, scaling them
to large collections of videos typically requires extensive
nearest-neighbor (NN) searches, which is computationally
demanding and memory-intensive. In parallel, large-scale
pretrained image models such as DINO [1] or OpenCLIP [3]
can be used for videos by extracting the [CLS] token or fea-
ture vector from each frame. Stacking these tokens over time
yields a sequence of embeddings that capture both spatial
semantics (from the pretrained image model) and temporal
information (through the ordering of frames). We show TPL
can use these embeddings for synchronizing multiple videos.

Time-Series Alignment. Classical time-series alignment
algorithms such as Dynamic Time Warping (DTW) [22, 23]
and SoftDTW [4] are widely used to find optimal, order-
preserving alignments between a pair of temporal sequences.
SoftDTW, in particular, offers a differentiable variant, which
has enabled end-to-end training when coupled with neural
network feature extractors. However, these methods have a
quadratic complexity in both time and memory w.r.t. sequence
length, limiting their scalability.

Prototype Learning and Temporal Prototypes. Proto-
type learning has proven effective in few-shot learning scenar-
ios [29], where prototypical representations facilitate robust
classification with minimal labeled data. In principle, a fem-
poral prototype can serve a similar role for video alignment,
essentially summarizing the action progression into a single
sequence. DTW Barycenter Averaging (DBA) [19, 20] and
SoftDTW barycenters (SoftDBA) [4] offer ways to compute
an average sequence under their respective distance function.
Diffeomorphic Temporal Alignment Net (DTAN) [16, 26, 27]
learns diffeomorphic warping functions [9, 10], effectively
jointly aligning all input sequences to their average. Although
DTAN enables end-to-end learning of joint alignment (JA),
it was not developed for aligning high-dimensional video
embeddings with large variation in length. In this work, we
show how TPL addresses these issues.

Multiple Video Synchronization: Limitations and Gaps.
While pairwise alignment and small-scale joint alignment
approaches have made significant progress, critical gaps
remain for large-scale, multi-video synchronization. First,
naively extending pairwise methods to N videos often leads
to O(N x L?) complexity in retrieval or synchronization,
posing severe scalability constraints. Second, aligning pairs
independently does not guarantee a globally-consistent repre-
sentation across all videos. Previous multiple video synchro-
nization (MVS) methods focus on well-behaved scenarios
that mainly involve multiple cameras recording the same
scene, where the misalignment can be explained by a simple
translation [14, 28, 31]. However, synchronizing different
scenes requires nonlinear alignment of the time axis.
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Table 1. Table of notations.

Symbol Description

Si i-th video.

st Frame ¢ of video S;.

u; = gb(sti) Per-frame embedding.

U; ={ uf IL: | Embedded feature sequence, € RCXL,
U; Reconstructed embedded sequence.

0, e R4 Predicted warp parameters for Uj;.

79 Parametric time-warp associated with 6;.
Z; Univariate representation.

U / Z Average aligned sequence.

In this paper, we propose a new framework, called Tempo-
ral Prototype Learning (TPL), that addresses the limitations
of existing approaches by jointly aligning multiple videos
in a single, shared prototype space. This design enables
robust synchronization, eliminates the need for exhaustive
nearest-neighbor searches, and yields a linear-time retrieval
mechanism for new video sequences.

3. Method

We propose a novel approach for the synchronization of
multiple videos without a reference. Our goal is to map
similar action sequences to the same time step w.r.t. the
action progression. To achieve this, we introduce TPL, which
involves performing simultaneous dimensionality reduction
and JA in the embedded space using a novel D-MTAE
(Figure 2 depicts the framework). This section is organized
as follows. We first review the required preliminaries in
§ 3.1. In § 3.2, we present a detailed explanation of the TPL
framework, including its modules and loss functions. In § 3.3,
we describe how to perform MVS and annotation transfer
with TPL. Lastly, we discuss the limitations of TPL § 3.4.

3.1. Preliminaries

Notation and Setup (see Table 1). Consider N videos,
(S,-)t.f\il._ Let S; = (s',s5,...,s}) be a video of length L,
where s} is the z-th frame. We define the per-frame embedding
ul = ¢(si) € RE, where ¢ is a feature extractor and C is
the number of channels (i.e., the embedding dimension)
of the representation of the video. The embedded feature
sequence is U; = {ul}L € RE*E. Thus, the set of video
embeddings to be synchronized is {Ui}f\i - Ui could either
be produced by applying an image-based classifier (i.e., the
DINO [CLS] token [1]) to each frame or a video-based one
such as CARL [2]. For each U;, we denote the predicted
warping parameters and the corresponding time warp as
0; € R? and T? respectively, such that U; o T% is the warped
sequence and 7% belongs to a d-dimensional parametric
transformation family. Finally, the average of the temporally-
aligned sequences is U= ﬁ Zfi] U;joTY.

The Joint Alignment (JA) problem can then be thought of

as finding the set of warping parameters between {U; }i]\i , and

U which minimizg their discrepancy, D (e.g., the Euclidean
distance). Since U is unknown, the JA problem becomes:

N
(TN, u= argmin Y D(U,U;oT;) (1)
(T l_’;’]e']’,U i=1

where (79) ,IZ , and u denote the optimal warping parameters
and average sequence, respectively, and 7 is the transfor-
mation family (e.g., phase-shift, elastic, etc.). Partly due to
the unsupervised nature of the task, a regularization term
is usually added to avoid trivial solutions and/or unrealistic
deformations. The problem is then reformulated as:

N
(1% le,,uz arg min D(U,U; o Ty) + R(T%: 1)
(10N, eT.U i<

2

where R(T‘gi ; A) is the regularizer over T9%, and A is a
hyperparameter (HP) controlling the regularization strength.
An important, yet often overlooked, fact is that A is usually
dataset specific, must be found via an expensive search, and
that finding a good value requires supervision (i.e., ground-
truth labels are needed to rank the performance with different
values of 1). To alleviate this issue, we follow a regularization-
free approach [26] to JA which uses the Inverse-Consistency
Averaging Error (ICAE; detailed below),

Diffeomorphic Temporal Alignment Nets (DTAN).
DTAN [16, 26, 27] is a learning-based model designed for
time series JA. Given N sequences {U; }f\:’ ,» DTAN predicts a
set of continuous time-warp parameters {6; } l"i to minimize
the within-class variance. This is akin to finding the average
sequence. These warps are applied via CPAB transforma-
tions [9, 10] (described below). DTAN has been designed
for univariate time series and was evaluated on the rela-
tively ‘well-behaved” UCR archive [5]. While DTAN could
arguably be generalized to multivariate representations of
videos, applying a single warp to each multivariate sequence
can overlook channel-specific temporal variations that, in
turn, hinder the average sequence’s computation. Another
limitation specific to ICAE is that the JA of variable-length
multivariate data (as opposed to variable-length univariate
data) usually results in a ‘shrinking’ effect, where the average
sequence length is much shorter than the original data.

Our proposed TPL resolves these issues by 1) introduc-
ing a univariate “bottleneck” that discards channel-specific
variations not shared across all sequences, and 2) setting the
average sequence to match the median length of the data.
This design allows for robust JA in the high-dimensional
embedding space while retaining the desirable properties of
DTAN. That is, end-to-end, misalignment-invariant learning
of a shared temporal structure across multiple videos.
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Figure 2. Diffeomorphic Multitasking Autoencoder (D-MTAE) for Temporal Prototype Learning, consists of: 1) Wepc, an encoder for
dimensionality reduction; 2) Wajign [27], for joint alignment; and 3) Wpec, a decoder. The losses for JA and DR are Ljcag and Lyec
respectively. The feature extractor, ¢, could either by trained per dataset (e.g., CARL [2]) or a pretrained foundation model (e.g., DINO [1]).

CPAB Transformations. The CPAB (Continuous Piece-
wise Affine-Based) warp [9, 10] lies at the core of DTAN.
Unlike discrete alignment approaches (e.g., DTW), a CPAB
transformation is parameterized by a parameter vector 6 that
defines a Continuous Piecewise Affine (CPA) velocity field,
v?, such that its integration yields a diffeomorphism (namely,
a smooth, differentiable map, with a differentiable inverse),
T°. In the context of time series, this is a differentiable
order-preserving time warp. This approach has three major
advantages for learning-based alignment:

1. Efficiency and Accuracy: CPA velocity fields permit fast
and accurate integration [9, 10], making them suitable for
large-scale video data.

2. Closed-Form Gradients: The CPAB gradient, VoT?,
also admits a closed-form solution [16], which enables
stable end-to-end training of neural alignment models.

3. Invertibility and symmetry: CPAB warps are invertible,
where (7%)~! = T79. This is in contrast to DTW, which
might produce different warping paths for DTW(X,Y)
and DTW(Y,X),

Once a DTAN has been trained for a particular class of

sequences, it can be applied directly to new data without

re-solving an alignment objective from scratch, thus making
the entire pipeline efficient for both training and inference.

3.2. Temporal Prototype Learning

Architecture. Given N videos depicting the same action
N, we seek

and their high-dimensional embeddings, {Ui}IZI’

to learn a temporal prototype, U € RE*L where L is the

prototype’s length and C is the number of channels in the
learned representation. Since {U,-}ZI.\:I are misaligned, a
simple averaging will result in a distorted average sequence
that represents the data poorly. Another key insight is
that while at each time 7, u} € RC, the (ul)" values
(where L; is the length of S;, hence also of U;) should
represent, in theory, phases in a 1D action progression. Thus,
to learn temporal prototypes of action progression, a 1D
representation should suffice. This is further motivated by
the fact that the high-dimensional representation might hold
irrelevant information, which hinders the alignment task.
Taking the discussion above into consideration, we propose
a simultaneous dimensionality reduction and JA to achieve a
compact representation of the action and its progression.
Specifically, we introduce a novel Diffeomorphic Multi-
tasking Autoencoder (D-MTAE; depicted in Figure 2) de-
signed to learn dimensionality reduction and joint alignment.
D-MTAE consists of: 1) an encoder, Wencoger : REXL —
R%i, that maps the C-dimensional embedding sequence,
U; € R€*Li into alatent 1D projection, Z; € RLi;2)an align-
ment module, W ajign, that performs JA on the latent represen-
tations, (Z;) ; 3) adecoder model, Wyecoger : RE — RE*L,
that maps the latent projection back to the original domain.

Latent Representation Alignment Loss. The encoder,
Wencoder, 18 @ Temporal Convolutional Network (TCN) that
maps each U; to a univariate latent sequence Z; € REi,
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The alignment module Wajign predicts warping parameters
{Oi}f\i | to produce time-warped latent signals Zi=Z;oTY.
We seek a shared prototype Z € RE that captures the common
temporal progression across all videos. Building on the
Inverse Consistency Averaging Error (ICAE) [26], which
enables JA without explicit warp regularization, we minimize

2

N
1 =~ e
Licar = ﬁ;HZoT -7 3

o

Since videos can vary greatly in length, we fix the length of
Z to be the median of all video lengths to prevent “collapse”
of the prototype (observed empirically when video lengths
differ significantly). This approach robustly maintains an
appropriate temporal scale in the aligned representation.

Misalignment-Invariant Reconstruction Loss. Ensuring
that Z accurately reflects the data’s true progression requires
preventing trivial solutions (e.g., collapsing each Z toa
single repeated scalar). To address this, we include a decoder
Waecoder that reconstructs the original embeddings from the
aligned latents, yielding U; = ‘I‘decoder(z-). We then apply
the inverse warp 7% to U; and measure the discrepancy
from the original embeddings U;:

2

N
1 ~ —0
Lue= N;Hm ~TyoT™® ©

.

This misalignment-invariant reconstruction encourages the
prototype to capture meaningful temporal structure, as it
must remain consistent when warped back to each video’s
original timeline.

Overall loss: The overall loss function is obtained by
combining the JA loss (Equation 3) and reconstruction loss
(Equation 4)

LrpL = A Licag + Lrec (5)

where A; controls the ‘annealing’ of the alignment loss. This
allows for faster and reliable convergence for the simultaneous
learning of reconstruction and alignment. It is defined as

1

b = et

(6
where « is a scaling factor (fixed at 2 for all experiments),
is the current training epoch, and 7y is the epoch at which A,
reaches 1 and the annealing stops (set to @).

The D-MTAE is trained simultaneously in an end-to-end
fashion. We used PyTorch [18] for all of our experiments.
The DIFW package [16] was used for the CPAB [9, 10] im-
plementation. Both Wepcoder and Wecoder are 3-layer TCNs.
For W ajign We follow [26] and use InceptionTime [13]. For a
detailed description of the training procedure and hyperpa-
rameters, see our supplementary material (SupMat).
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(a) Baseball swing learned 1D Latent representation.
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(b) After synchronization.

Figure 3. Univariate representations learned by TPL for 20 videos
depicting a Baseball swing colored by the phase labels, before (top)
and after Synchronization (bottom).

3.3. Multiple Video Synchronization

Aligning new videos is achieved by first predicting the warp-
ing parameters for the latent representations, (Hi)ilz \» and
applying them to the original videos; i.e., (S; o T%)N . The
temporal prototype is defined as the average of the represen-
tation of the aligned sequences:

7oA 1 . 0;
U24 > UoT%. (7

Once the temporal prototypes are computed, we can transfer
dense, frame-level, annotations from training to test data.
This is achieved by first annotating the prototypes and then
transferring their annotations to the test videos using temporal
alignment. Formally, let (A;) l’i , be the dense annotations of
the input videos (i.e., A; is a sequence of length L; where
A;[t] is the frame label at time step 7). To annotate the
temporal prototype, we take the mode (i.e., the most frequent
label) of the aligned annotations at time step ¢, (A; o T%)[t].

The prototype labels, A, for each time step are defined as
Alt] 2 mode(A[r]) (8)

where A[t] = ((A; o T%)[t])YN, are all labels at time step ¢

i=1
after alignment. New videos are annotated by aligning them
to their corresponding class prototype and using the matching
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Figure 4. Examples from our Generative Al Multiple Video Synchronization (GenAI-MVS) dataset, showing seven equally spaced frames
before (top) and after (bottom) synchronization. The first video (left) depicts a “monkey doing dips,” and the second video (right) shows a
“bear performing a deadlift.”” We highlight mismatches in the original videos in red, and TPL matching in green. In both cases, alignment via

TPL successfully synchronizes the key phases of the action progression.

frame labels. Figure 3 shows the the 1D representations
colored by the ground-truth annotations of a 20 Baseball
swing videos [33] before and after synchronization.

3.4. Limitations

TPL’s effectiveness is intricately tied to the quality of the
initial features, i.e., the initial embeddings used. Should these
embeddings be of poor quality or fail to adequately represent
the data, the resulting outcomes may be suboptimal.

4. Results

In this section, we present a series of experiments designed
to demonstrate the effectiveness of TPL for multiple video
synchronization (MVS).

4.1. Datasets

We evaluate TPL on the following datasets:

1. Pouring [24]: A standard benchmark consisting of 84
videos of people pouring liquids into glasses.

2. Penn Action [33]: This dataset contains 2326 videos
of 15 different actions performed in the wild, varying in
camera angles, lighting, action duration, backgrounds, and
subjects, with phase-level annotations produced by [8].

3. Internet Video Dataset [7]: A smaller dataset, similar
to Penn Action, comprising 124 videos of 20 actions. We
annotate the phases in the same manner as [8].

4. GenAl Multiple Video Synchronization Dataset: We
introduce a first-of-its-kind collection of Al-generated

videos using K1ingAT for the task of MVS (GenAI-MVS).

For each action, a text prompt is composed, and an initial
image is generated using ChatGPT. The image and prompt
are then used as input to K1ing AT to generate a video
of the action. Multiple videos of the same action are
generated in this manner, resulting in natural variation
in both visual appearance and temporal execution. The
dataset contains 5 classes and 82 hand-picked videos
curated for MVS, each accompanied by phase progression
annotations (see SupMat for more details).

4.2. Evaluation Metrics

As stated in [6], existing benchmarks often rely on proxy
tasks such as phase classification by a linear classifier or
Kendall’s Tau for phase progression [8]. These metrics had
been shown to be affected by spurious correlations between
the positional encoding of the model (e.g., CARL [2]) and the
phase labels. To evaluate alignment directly, we follow [6]
and introduce two metrics: Cycle-Back Consistency (CBC),
which measures how well phase labels are preserved when
warping videos to the prototype and then un-warping them
back, and Phase Label Propagation (PLP), which measures
alignment quality by transferring phase labels from a train-set
prototype to test videos. We still report phase classification
and Kendall’s Tau for completeness, but CBC and PLP offer
a clearer measure of real-world alignment performance:
¢ Cycle-Back Consistency (CBC). Measures how well the
prototype maintains phase information. The videos are
warped to the prototype and label it according to their
annotation. The prototype is then unwarped back to each
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Table 2. Comparison of different features and alignment methods on Penn Action, Internet Videos, and Gen Al. We report the alignment
objective to minimize (Obj.), Cycle-Back Consistency (CBC), Phase Label Propagation (PLP), and total runtime (Time) in seconds.

| Penn Action | Internet Videos | GenAI-MVS

Features Method Obj. | CBC  PLP Time | CBC PLP Time | CBC PLP  Time
Baseline Euc. Euc. 0.621 0.607 0.65 N/A N/A N/A N/A N/A N/A

DTAN WCSS 042 0415 588 N/A N/A N/A N/A N/A N/A

CARL DTAN WCSS +Reg. | 0.647 0.625 710 N/A N/A N/A N/A N/A N/A

+ dataset training DTAN ICAE 0.773  0.765 579 N/A N/A N/A N/A N/A N/A
DBA DTW 0.947 0925 2345 N/A N/A N/A N/A N/A N/A

SoftDTW SoftDTW 0944 0926 978 N/A N/A N/A N/A N/A N/A

TPL (ours) LrpL 0962 0939 482 N/A N/A N/A N/A N/A N/A

DTAN WCSS 0418 0419 599 0712 0.63 215 0.759  0.768 105

DTAN WCSS +Reg. | 0591  0.604 707 0.764  0.647 224 0762 0.752 110

DINO-ViT DTAN ICAE 0.572 0578 639 0.874  0.683 232 0.833  0.740 114

(“off-the-shelf”) DBA DTW 0.756  0.773 5415 | 0.882  0.871 25 0.886  0.906 62

SoftDTW SoftDTW 0.750 0777 3010 | 0.883  0.872 53 0.890  0.908 58

TPL (ours) LrpL 0.788  0.803 534 0912 0.907 112 0953  0.933 108

DTAN WCSS 0418 0419 629 0.792 0.7 223 0.834  0.803 104

DTAN WCSS +Reg. | 0.636  0.615 736 0.83 0742 229 0.754  0.748 112

OpenCLIP DTAN ICAE 0.704 0.688 680 | 0.858 0.742 237 0.535 0.614 110

(‘off-the-shelf”) DBA DTW 0.807 0.808 4692 | 0.885  0.842 33 0918  0.929 63

SoftDBA SoftDTW 0.859 0.831 1882 | 0.901  0.833 34 0.926  0.921 68

TPL (ours) LrpL 0.873 0.857 587 0916  0.902 146 0942 0.946 115

video, and the phase labels are compared. A higher CBC
indicates more accurate and robust synchronization.

* Phase Label Propagation (PLP). Assesses alignment by
transferring phase labels from a prototype to each test
video. The better the alignment, the more accurately these
labels will map onto the correct frames in the test video.
PLP thus serves as a direct measure of alignment quality.

* Phase Classification Accuracy. Assess the embedding
quality by training a linear classifier on the per-frame
embedding to predict the phase labels.

¢ Kendall’s Tau. A rank-correlation metric that evaluates
the chronological order of phases across videos.

4.3. Comparison with Multiple Sequence Align-
ment (MSA) Methods

To evaluate our method’s performance w.r.t. existing ap-
proaches, we align sets of videos depicting the same action
using TPL and compare the results against 4 representative
MSA methods: Euclidean baseline (Euc.), where we zero-pad
all videos to have the same length (according to the longest
one) and compute metrics only on each video’s valid regions.
DBA [19], SoftDBA [4], and DTAN [27]. DBA and SoftDBA
are optimization-based methods set to minimize the DTW
and SoftDTW from the average sequence, respectively. For
SoftDTW, we report the best results among y € [0.01,0.1, 1].
DTAN is a learning-based method that predicts CPAB [9]
warps to minimize the JA loss. We evaluate DTAN with three
losses: Within-Class Sum of Squares (WCSS), WCSS + Reg-
ularization (WCSS+Reg.), and the current state-of-the-art in
time series averaging, DTAN+ICAE [26]. All DTAN models
were trained using the closed-form CPAB gradient [16]. We
evaluate frame-level embedding from three feature extractors:
1) CARL [2], a video transformer that requires per-dataset

training, 2) DINO-ViT-v2 [17], a pre-train image transformer
where we use the per-frame CLS token as the embedding,
and 3) OpenCLIP [3], an open-source, more recent variation
of CLIP [21]. We note that the available video foundation
models (e.g., VideoMAE [30]) do not produce a per-frame
embedding vector and were therefore excluded from this
evaluation. We report CBC, LPL, and total runtime (training
and inference time) on the Penn [33], Internet Videos [7],
and GenAI-MVS datasets.

The results are presented in Table 2. We have found that
internet videos [7] and GenAI-MVS did not have enough data
to train CARL properly and are thus omitted. We observe
that TPL significantly outperforms all DTAN variants over all
datasets and feature extractors. As discussed in § 3.1, current
DTAN formulations are ill-equipped to handle the real-world
video embeddings. TPL also outperforms DBA and SoftDBA
across all benchmarks. While the margin in performance is
less significant compared with DTAN, TPL total runtime
is 10 times faster than DBA and 4 — 5 than SoftDBA on the
largest dataset, Penn Action [33]. GenAI-MSYV results are
further discussed in § 4.6.

4.4. Prototype-aligned Features

To determine whether TPL prototypes capture meaningful
phase progression, we evaluate phase classification accuracy
and Kendall’s Tau rank correlation on the videos affer they
have been aligned to the common prototype. By warping
each video to the TPL prototype, we test whether these
aligned representations provide more discriminative features
for recognizing action phases. We conduct these experiments
on both Penn Action [33] and Pouring [25] datasets. We
compare the prototyped-aligned features to standard bench-
marks in video representation learning: TCC [8], GTA [11]

12520



, LAV [12], VAVA [15], VSP [32], and CARL[2]. We re-
port the results from their respective papers. The results,
presented in Table 3, indicates that TPL-aligned represen-
tations are on-par with VSP and CARL, the two strongest
baselines. As mentioned in § 4.2, these metrics are not ideal
for assessing alignment quality. However, these findings indi-
cate that the synchronized embeddings retain their temporal
information after alignment.

Table 3. Phase classification accuracy (Acc.) & Kendall’s Tau (7).
Positional embedding is indicated (Pos. Emb.).

Pos. Emb.  Method Penn Action Pouring
Acc. T Acc. T
X TCC [8] 7439  0.623  86.14  0.670
X GTA [11] 7890 0.654 85.16  0.750
X LAV [12] 78.68  0.805 9284  0.856
X VAVA [15] 8448 0805 92.84 0.875
v VSP [32] 93.12 0986 9385  0.990
v CARL [2] 93.07 0985 93.73  0.992
v TPL (ours) 9331 0990 9388  0.993

4.5. Frame Retrieval Efficiency

TPL’s MVS facilitates faster frame retrieval than standard
KNN frame-retrieval approach, where each frame from each
test video is compared to all frames in all videos in the train
set. This implies O (NainNies L) (assuming fixed-length L
for simplicity). In contrast, video synchronization allows
this process to be linear in L. This advantage arises because
TPL establishes a single temporal reference for the action
progression, allowing for direct frame lookup at each time
step. For evaluation, we perform 1-NN frame retrieval
on Penn using CARL’s embedding and report the phase
classification accuracy and runtime (including inference time
for TPL). As shown in Table 4, performing frame retrieval
only between synchronized frames is 125 times faster than
a full KNN search (0.24 [sec] and 30 [sec], respectively).

4.6. Generalizing to Generative Al Videos

Beyond real-world footage, we also study the effectiveness
of TPL on synthetic videos generated via a combination
of ChatGPT and K1ingAI. For each action category, we
compose a detailed text prompt and generate an initial refer-
ence image using ChatGPT. This image and prompt are then
used as input to K1ingAT to produce a video illustrating the
target action. Finally, we annotate the phase progression in
each video similarly to [8]. A key challenge in creating this
dataset was identifying videos suitable for MVS. Current
video generators often produce truncated action progressions,
omit essential phases, or generate clips that do not depict
the intended action. After filtering out problematic samples,
we retained a diverse set of videos that still pose realistic
alignment challenges.

An example of Al-generated video synchronization via
TPL is shown in Figure 4. We display seven equally spaced

Table 4. Unsynchronized vs. synchronized Nearest-neighbor frame
retrieval comparison on Penn Action.

Method Complexity Time (sec)
Unsynchronized O (Niggin Neest L*) 30.1
synchronized (Ours) O (Nyain NiestL) 0.24

Table 5. Ablation study evaluation on Penn Action.

Condition CBC PLP
Baseline (Euclidean) 64.6%  63.5%
No 1D Bottleneck 80.4%  81.5%
Encoder Only 56.5%  51.3%
+ Decoder, Standard ICAE 97.3%  96.7%

+ ICAE with Median Length (TPL) 100% 100%

frames taken from the original (top) and synchronized (bot-
tom) sequences. For instance, in the “Bear deadlift”
example, TPL successfully aligns key motion phases, in-
cluding the moment the bear begins lifting and reaches the
upright position, demonstrating improved temporal coher-
ence. We also report the CBC and PLP for the MSA methods
and report them in Table 2. TPL achieves higher CBC
and Phase Label Propagation PLP than traditional Soft/DBA
and DTAN. These results highlight the ability of TPL to
extend beyond conventional, human-recorded video sources
to the emerging domain of Al-generated content, providing
a robust solution for synchronizing multiple generative clips
depicting the same action.

4.7. Ablation Study

Table 5 shows the ablation study for Penn Action using the
Euclidean distance as a baseline. Only using the alignment
network (without the 1D bottleneck) yields improvement in
both CBC and PLP. However, introducing only the encoder
diminishes the performance significantly, indicating the im-
portance of reconstruction for stable training, as seen by the
significant improvement in results when using the decoder.
Finally, enforcing a median-length prototype gives the full
TPL framework that achieves the best overall results.

5. Conclusion

We introduced Temporal Prototype Learning (TPL), a
novel framework for synchronizing multiple videos from
different scenes without relying on a reference by simultane-
ously reducing high-dimensional embeddings to a univariate
representation. TPL outperforms existing alignment methods
on a range of real-world datasets, while also generalizing
effectively to Al-generated content exhibiting diverse visual
styles and timing variations. Moreover, its prototype-based
alignment yields faster frame retrieval and requires fewer pair-
wise comparisons, making TPL well-suited for large-scale
video analytics.
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