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Abstract

State-of-the-art methods for self-supervised sequential
action alignment rely on deep networks that find correspon-
dences across videos in time. They either learn frame-to-
frame mapping across sequences, which does not leverage
temporal information, or assume monotonic alignment be-
tween each video pair, which ignores variations in the or-
der of actions. As such, these methods are not able to deal
with common real-world scenarios that involve background
frames or videos that contain non-monotonic sequence of
actions.

In this paper, we propose an approach to align sequential
actions in the wild that involve diverse temporal variations.
To this end, we propose an approach to enforce tempo-
ral priors on the optimal transport matrix, which leverages
temporal consistency, while allowing for variations in the
order of actions. Our model accounts for both monotonic
and non-monotonic sequences and handles background
frames that should not be aligned. We demonstrate that our
approach consistently outperforms the state-of-the-art in
self-supervised sequential action representation learning on
four different benchmark datasets. Code is publicly avail-
able at https://github.com/weizheliu/VAVA.

1. Introduction
Understanding human activities in video sequences is

important for applications such as human-computer inter-
action, video analysis, robot learning, and surveillance. In
recent years, a significant amount of research has focused
on supervised, coarse-scale action understanding. Most of
the work focuses on predicting explicit classes for clips cor-
responding to a certain limited set of action categories in a
supervised fashion [8,11,33,52,53,55]. While giving a cat-
egorical understanding of human behavior, such techniques
do not provide a fine-grained analysis of human action.
Furthermore, the dependence on per-frame labels requires
a large amount of human effort that does not scale up to
many different types of subjects, environments, and scenar-
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Figure 1. Temporal Variations [15]. (a) Background frames, de-
picted as gray blocks, are not related to the major activity. (b)
Frames with number 4 and 5 are redundant frames which only ex-
ist in one sequence but not in the other. (c) Frames with action 1 in
the first sequence occur before and after action 2 and forms a se-
quence of non-monotonic frames. Our approach explicitly tackles
all of these temporal variations and is suitable for aligning sequen-
tial actions in a broad context.

ios. For such supervised methods, it is also not always clear
what exhaustive set of labels is required for a fine-grained
understanding of videos. Thus, recent papers [16,28] advo-
cate self-supervised learning of video representation with-
out frame-wise action labels. They rely on the fact that hu-
man activities often involve many sequential steps in a pre-
dictable order. To drink water, one might grab a mug, drink,
and then put the mug down. To change a tire, one would
first lift the vehicle off the ground, remove the wheel, and
replace it by a spare one. Assuming the order is set, visual
representations can be learned from multiple videos of the
same activity by temporal alignment of the frames.

This is often done by monotonically aligning the frames
[25], which assumes that actions always occur in the same
order. However, in most real-world sequences, this is not
the case and temporal deviations such as those depicted by
Fig. 1 do occur. They can be summarized as follows:

• Background frames: Frames that are not related to the
major activity and should therefore not be aligned. For
example, you might get a phone call while changing
the tire. In this case, the “phone call” frames are back-
ground frames that are not related to the major activity
and should be ignored.

https://github.com/weizheliu/VAVA


• Redundant frames: Frames that only exist in one se-
quence but not in the other. For example, one person
might put on gloves before changing the tire while an-
other does not. In this case, the “glove wearing” frames
are redundant and should be ignored as well.

• Non-monotonic frames: Frames that occur in non-
monotonic order. For example, while changing the tire,
you lift your vehicle off the ground and try to remove the
tire, only to realize that you have not lifted high enough.
You then go back to the previous action, that is, lifting,
before proceeding with the remaining actions.

Our method aims at tackling all these cases and reduces
the stringent assumptions of earlier work on the tempo-
ral sequence of actions. For this purpose, we propose
an approach for learning temporal correspondences across
videos through a novel alignment framework. Our model
accounts for temporal variations exhibited across real-world
sequences with a differentiable deep network formulation
that relies on an optimal transport loss. While optimal trans-
port is able to align non-monotonic sequences based on
frame-wise matching of the features computed from indi-
vidual frames, it ignores temporal smoothness and ordering
relationships of the videos. To remedy this, we introduce
temporal priors on the transportation matrix that the opti-
mal transport algorithm takes as input. This accounts for
the temporal structure of the sequence and enforces time
consistency during alignment in a flexible way. This is un-
like previous work that either ignores temporal priors within
sequences [16] or enforces monotonic alignment between
pairs of videos [28], as depicted by Fig. 2.

In particular, we enforce a temporal prior by model-
ing the diagonal of the optimal transport matrix with an
adaptive Gaussian Mixture Model (GMM). Our temporal
prior effectively favors transportation of one sequence to
the elements in the nearby temporal positions of the other
sequence, and, hence respects the overall temporal struc-
ture and order of the sequences during alignment. At the
same time, our optimal transport based formulation aims to
find ideal frame-wise matches and handles non-monotonic
frames. To explicitly handle background and redundant
frames, we further propose an approach, which introduces
an additional virtual frame in the optimal transport matrix so
that unmatched frames are explicitly assigned to it. Further-
more, since enforcing temporal priors on video alignment
generally suffers from converging to trivial solutions [25],
we introduce a novel inter-video contrastive loss to regu-
larize the learning process. In particular, our contrastive
loss optimizes for disentangled video representations, i.e.,
videos that are close in terms of their similarity given by
optimal transport are mapped to spatially nearby points in
the embedding space and vice versa.

Our contributions can be summarized as follows: First,
we propose a self-supervised learning approach that aligns

(a) Alignment without Temporal Prior

(b) Monotonic Alignment

(c) VAVA
Figure 2. Types of Alignment Priors. Two example sequences of
people running. The first sequence shows a person starting from a
professional crouching position while the second sequence shows
another person starting from a normal standing position. (a) Align-
ment without temporal prior is based on pure appearance similar-
ity, therefore the starting “crouching” action of the first sequence
is incorrectly aligned with the “speeding up” action in the sec-
ond one. (b) Monotonic alignment enforces pure monotonic order,
therefore even though two actions look quite different, they can be
incorrectly aligned. (c) By contrast, our approach, VAVA, enforces
temporal priors to address non-monotonic frames and gracefully
handles unmatched frames (e.g. crouching position in the first se-
quence), resulting in accurate alignment between sequences.

sequential actions in-the-wild, which feature a diverse set of
temporal variations. Second, we enforce adaptive temporal
priors on optimal transport, which could efficiently handle
non-monotonic frames while respecting the local temporal
structure of sequences. Third, we extend the optimal trans-
port formulation with an additional virtual frame that ac-
tively handles redundant and background frames that should
not be matched. Finally, to prevent our model from converg-
ing to trivial solutions, we propose a novel contrastive loss
term that regularize the learning of optimal transport matrix.
In Sec. 4, we show quantitatively that these contributions
allow us to reliably learn robust temporal correspondences
and align sequential actions in real-world settings. Our self-
supervised approach, which we call Variation-Aware Video
Alignment (VAVA), uses temporal alignment as a pretext to
learn visual representations that are effective in downstream
tasks, such as action phase classification and tracking the
progress of an action, and significantly outperforms state-



of-the-art methods on four different benchmark datasets.

2. Related Work
Self-Supervised Video Representation Learning. Tem-
poral information in videos provide rich supervision signal
to learn strong spatio-temporal representations [14, 18, 45].
This contrasts to single-image based approaches [9, 17, 19,
23, 29, 31, 32, 34, 35, 39, 42, 59, 61] that only rely on spa-
tial signal. Misra et al. [40] introduce the idea of learning
such visual representations by estimating the order of shuf-
fled video frames. Inspired by the success of this approach,
several recent papers focused on designing a novel pretext
task using temporal information, such as predicting future
frames [13, 49, 54] or their embeddings [21, 27]; estimating
the order of frames [10, 20, 36, 40, 57] or the direction of
video [56]. Another line of research focuses on using tem-
poral coherence [6, 24, 26, 41, 62, 63] as supervision signal.

However, these methods usually optimize over a sin-
gle video at a time, therefore they exploit less informa-
tion compared with approaches that jointly optimize over
a pair of videos [16, 28]. Furthermore, such visual rep-
resentations are learned by maximizing the similarity of
two randomly cropped and augmented clips from the same
video [4, 18, 38, 43, 45]. This requires training videos that
contain the exact same single action. However, in real world
scenarios, a complex human activity typically involves mul-
tiple actions and even background frames. Another limi-
tation of these approaches is that they aim to learn coarse
clip-wise visual representations, therefore they are not suit-
able for frame-wise downstream tasks like fine-grained ac-
tion recognition. In contrast to these methods, we propose a
self-supervised learning strategy that can learn frame-wise
representations from unconstrained videos that involve se-
quential actions.
Video Alignment is rather straightforward to address if the
videos are synchronized. This can be done by using existing
methods such as CCA [2, 3] and DTW [7]. Recent trend in
computer vision [47] leverages deep networks and proposes
to align videos by learning self-supervised visual represen-
tations from videos with the same human activity. In this re-
gard, Sermanet et al. [47] propose to learn cross-sequence
visual representation by aligning synchronized multi-view
videos that record exactly the same human actions from dif-
ferent viewpoints. As synchronized multi-view videos are
not always available, this approach cannot be generalized
to unconstrained settings. Dwibedi et al. [16] address this
issue by finding frame correspondences across unsynchro-
nized videos with cycle consistency loss, however, this ap-
proach only looks for local matches across sequences and
does not explicitly account for the global temporal structure
of the videos.

Maybe the most similar works to our approach are [25,
28], which align video pairs with the assumption of strictly

monotonic temporal order. As we explained in the intro-
duction, this assumption is too strong and seldom happens
naturally in real-world scenarios. In contrast to these meth-
ods, our approach does not require synchronized videos and
learns to align video sequences from in-the-wild settings,
which includes temporal variations, such as background
frames, redundant frames and non-monotonic frames. As
shown in Sec. 4, our approach consistently outperforms
above methods and the margin is even larger if there were
temporal variations.
Optimal Transport. Optimal transport measures the dis-
similarity between two probability distributions over a met-
ric space. Given feature vectors associated to each entity
and matrix of distances between them, it provides a way to
establish correspondences between features that minimize
the sum of distances. Besides, it also provides guarantees
of optimality, separability, and completeness. These de-
sirable properties have been leveraged for many different
tasks, such as scene flow estimation [37, 44], object detec-
tion [22], domain adaptation [58], classification [48] and
point matching [46] that matches features in spatial domain.
However, none of them focuses on sequence alignment as
we do. One potential reason is that vanilla optimal transport
formulation does not account for temporal priors, therefore
the alignment is less reliable in the time domain, as depicted
by Fig. 2(a). One exception is [50], which uses optimal
transport only to measure the distance between skeleton se-
quences and does not learn a visual representation as we do.
Besides, it only enforces monotonic temporal priors without
accounting for the cases of temporal variations, therefore is
less flexible than our approach which specifically addresses
such situations.

3. Approach
In this section, we first formalize the problem of self-

supervised representation learning by aligning frames from
pairs of video sequences (Sec. 3.1). After that, we present
our approach for incorporating temporal priors in optimal
transport to leverage temporal information and handle non-
monotonic frames (Sec. 3.2). We then propose an effec-
tive way to deal with background and redundant frames
(Sec. 3.3). Finally, we provide a summary of our loss func-
tion and model details (Sec. 3.4).

3.1. Alignment by Optimal Transport

Given two sequences of video frames S =
[s1, s2, ..., sN ] and V = [v1,v2, ...,vM ], we take
their respective embeddings to be X = [x1,x2, ...,xN ]
and Y = [y1,y2, ...,yM ]. X and Y are computed with an
encoder network ϕ, as depicted in Fig. 3.

If frames si and vj represent the same fine-grained ac-
tion, the distance between their respective embeddings, xi

and yj , should be small, otherwise, the distance should be
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Figure 3. Encoder Network and Video Embeddings.

large. Given such embeddings, Optimal Transport (OT)
can be used to align two such sequences by first comput-
ing an N × M distance matrix, D, whose components
are Euclidean distances between embedding vectors, that is,
d(xi,yj) = ∥xi−yj∥. The optimal assignment, dO(X,Y),
between the embeddings can be found by solving the fol-
lowing optimization problem:

dO(X,Y) := min
T∈U(α,β)

< T ,D > (1)

Here, < ·, · > is the Frobenius dot product, and, α =
(α1, ..., αN ) and β = (β1, ..., βM ) are non-negative
weights that sum to one and denote the relative impor-
tance of individual frames. As we have no reason to weigh
one frame more than the others, we take αi = 1/N and
βj = 1/M , for all i and j. The set of all feasible trans-
port matrices is represented with U . A valid transportation
matrix in U satisfies that the row and column-wise sum are
equal to α and β [12], in particular:

U(α,β) := {T ∈ RN×M |T1M = α,T⊤1N = β} (2)

Eq. 1 can be solved with linear programming, however, this
is a computationally expensive procedure and is not suitable
for training purposes. To address this issue, Cuturi [12] pro-
poses to regularize OT problem with an additional entropy
term and solves it using Sinkhorn algorithm.

dO(X,Y) := min
T∈U(α,β)

< T ,D > −υh(D) (3)

where h is an entropy term that regularizes the problem and
υ is a small scalar coefficient. Here, the entries of the trans-
port matrix, i.e. the ti,j coefficients of T , can be understood
to be proportional to the probability that frame i in S is
aligned with frame j in V. A large value of distance di,j
would correspond to a small value of ti,j , which implies that
these two frames are dissimilar and thus have a low chance
of alignment. The benefit of such formulation is that we can
enforce temporal priors by modeling T to follow a prede-
fined temporal distribution.

3.2. Enforcing Temporal Priors

While optimal transport measures the minimum cost of
aligning two sequences, it completely ignores temporal or-
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Figure 4. Assignment Variations. (a) Two videos strictly follow
the same temporal order, the assignment matrix has peak values
along the diagonal. (b) The activity from one video starts a bit ear-
lier than the other one, hence the assignment matrix has peak val-
ues parallel to the diagonal. (c) The action of one video is slower
than the other, thus the assignment matrix has peak values that are
near the diagonal without being strictly parallel to it. (d) Actions
follow monotonic order in one sequence but not in the other.

dering relationships and therefore does not exploit the tem-
poral consistency that we know to be present in video se-
quences. In most cases, given multiple videos of the same
activity, the temporal position of one sequence should only
be aligned to elements in the nearby temporal positions of
the other sequence. In an extreme case where the two se-
quences are perfectly aligned, the transport matrix T should
be diagonal. In practice, this is far too strong a constraint.
As depicted by Fig. 4, the activity may start a bit earlier in
one sequence than the other; it may be faster; the actions
in one of the video sequences may be monotonic while the
other ones are not.

To capture temporal variations across sequences, while
being able to optimally align two videos, we propose to en-
force temporal priors on the optimal transport problem. To
this end, we propose a novel prior distribution of transport
matrix with an adaptive Gaussian Mixture Model (GMM)
that comprises of two temporal priors.

The first prior, which we call as Consistency Prior, fa-
vors transportation of one sequence to the elements in the
nearby temporal positions of the other sequence, and hence
respects the overall temporal structure and the consistency
in the order of the actions across sequences. With this
prior, assignment matrix is very likely to have peak val-
ues along the diagonal and the values should gradually de-
crease along the direction perpendicular to the diagonal, as
depicted by Fig. 5(a). We can model this situation with
a two-dimensional distribution, in which the distribution
along any line perpendicular to the diagonal is a Gaussian
distribution centered on the diagonal. We model the Con-
sistency Prior on the assignment matrix with a Gaussian as
follows

Pc(i, j) =
1

σ
√
2π
e−

l2c(i,j)

2σ2 , (4)

where lc(i, j) is the distance from the position (i, j) to the
diagonal

lc(i, j) =
|i/N − j/M |√
1/N2 + 1/M2

. (5)



(a) (b) (c) (d)
Figure 5. Toy Example of Temporal Priors. Light color denotes
high alignment probability. (a) Consistency prior with the peak
values appearing along the diagonal. (b) Ground-truth probability
for which there exist many non-monotonic frames. (c) Optimality
prior from transportation matrix, with the peak values appearing
on the locations of most similar pairs in the embedding space. (d)
Gaussian mixture of (b) and (c), which more accurately represents
the ground-truth, shown in (b), as compared to (a) or (c).

This prior, while modeling consistency across se-
quences, does not allow for handling unconstrained non-
monotonic sequences. For example, in the extreme case of
actions being performed in the exact reverse order across
two sequences, the consistency prior would not be able to
capture temporal variations. Similarly, for two sequences,
in which there exists many non-monotonic frames, as de-
picted by Fig. 5(b), this probability distribution would not
ideally model the alignment.

To be able to explicitly deal with non-monotonic se-
quences, we propose another prior, which we call, Optimal-
ity Prior. Recall that the transport matrix T we compute in
Eq. 3 during the training process indicates the rough align-
ment between two video sequences and changes dynami-
cally according to the temporal variations across sequences.
We exploit this transport matrix to model another temporal
prior. In particular, as depicted by Fig. 5(c), we model our
prior, such that the distribution along any line perpendicular
to the diagonal is a Gaussian, centered at the intersection of
the most likely alignment based on the transport matrix. We
model the Optimality Prior on the assignment matrix with

Po(i, j) =
1

σ
√
2π
e−

l2o(i,j)

2σ2 , (6)

where lo(i, j) is the average distance from the position
(i, j), to the frame locations that give the optimal alignment,
(i, jo) and (io, j), given by the transport matrix

lo(i, j) =
|i/N − io/N |+ |j/M − jo/M |

2
√
1/N2 + 1/M2

. (7)

In short, Consistency Prior Pc represents the general
case, in which the sequence pairs follow the same coarse or-
dering, while Optimality Prior Po models the potential tem-
poral variations across sequences. As shown by Fig. 5(d),
the ground truth distribution is more accurately represented
by the combination of these two priors, which we formulate
using a Gaussian Mixture Model, as follows:

P (i, j) = ψPc(i, j) + (1− ψ)Po(i, j) , (8)
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Figure 6. Virtual Frame. Virtual frame enables the model to
handle unmatched frames that should not be aligned. Redundant
frames (shown with 4 and 5) and background frames (shown in
gray) are explicitly assigned to it.

where ψ ∈ [0, 1] is a weighting parameter that we set to 1.0
initially and decrease gradually over time to account for the
fact that the learned transport matrix is less reliable in the
very beginning of the training and becomes more robust in
later stages. By enforcing temporal priors on optimal trans-
port, our model is able to adaptively handle non-monotonic
frames and temporal variations.

3.3. Handling Background and Redundant Frames

Consistency and Optimality temporal priors enable our
model to handle non-monotonic frames between video se-
quences. However they do not explicitly handle background
and redundant frames, introduced in Sec. 1. To be able
to account for such frames in our model, we introduce an
additional virtual frame in the transport matrix so that un-
matched frames are explicitly assigned to it, as shown in
Fig. 6.

To this end, we augment the transport matrix, T ∈
RN×M , with an additional entry for each sequence to obtain
T̂ ∈ R(N+1)×(M+1). The set of all feasible transportation
matrices introduced in Eq. 2 then becomes

U(α̂, β̂) := {T̂ ∈ R(N+1)×(M+1)|T̂1M+1 = α̂, T̂⊤1N+1 = β̂}

where α̂ and β̂ are the weight vectors expanded with one
extra element to account for the virtual frame. If the chance
of alignment with all the real frames is less than a certain
threshold value, ζ, we align this frame to the virtual frame
instead. Note that many frames can be aligned with the vir-
tual frame and the virtual frame does not follow the tempo-
ral priors we defined in Sec. 3.2.

3.4. Training Loss

VAVA Loss. Our model accounts for temporal variations
exhibited across real-world sequences with a differentiable
formulation that relies on an optimal transport loss. We reg-
ularize our loss function by exploiting temporal priors, as
explained in Sec. 3.2. For the Consistency Prior described
in Eq. 4, the large values of the transport matrix T̂ should
be along the diagonal and the rest of the values should be
small for other regions. Such a structure of the transport



matrix can be measured with

Ic(T̂ ) =

N+1∑
i=1

M+1∑
j=1

tij

( i
N+1 − j

M+1 )
2 + 1

. (9)

where we add one more row and column for virtual frames
as explained in Sec. 3.3, Ic(T̂ ) in Eq. 9 is referred to as
inverse difference moment in literature [1,50] and will have
large values for the region along the diagonal.

For the Optimality Prior described in Eq. 6, in which,
large values appear in the most likely alignment locations
given by the transport matrix, a similar structure can be cap-
tured with

Io(T̂ ) =

N+1∑
i=1

M+1∑
j=1

tij
1
2
do + 1

(10)

do = (
i− io
N + 1

)2 + (
j − jo
M + 1

)2

Our overall temporal prior that combines the Consistency
Prior and the Optimality Prior can then be represented with
the following loss function defined on the transport matrix

I(T̂ ) = ψIc(T̂ ) + (1− ψ)Io(T̂ ) , (11)

with the same ψ as we defined in Eq. 8. For a smooth align-
ment, we further enforce the expected distribution to be
similar to the temporal priors by minimizing the Kullback-
Leibler(KL) divergence between the two matrices

KL(T̂ ||P̂ ) =

N+1∑
i=1

M+1∑
j=1

tij log
tij
pij

, (12)

where P̂ is as defined in Eq. 8, except that it is augmented
with the virtual frame. Our variation-aware video alignment
(VAVA) loss would therefore be defined by combining the
temporal priors and the KL divergence within the optimal
transport formulation (Eq. 3):

Lvava = dO(X,Y)− λ1I(T̂ ) + λ2KL(T̂ ||P̂ ) , (13)

where dO(X,Y) is the Sinkhorn distance [12], as defined
in Eq. 3, with extra row and column for virtual frames; λ1
and λ2 are hyper-parameters to weigh the two loss terms.

Contrastive Regularization. Enforcing temporal priors
on video alignment generally suffers from converging to
trivial solutions [28, 50]. The previous work [28] employs
an intra-video contrastive loss term to regularize the train-
ing process. The intra-video contrastive loss for a given
video embedding, X, is defined as

C(X) =

N+1∑
i=1

M+1∑
j=1

1|i−j|>δW (i, j)max(0, λ3−D̂X(i, j))

+ 1|i−j|≤δW (i, j)D̂X(i, j), (14)

where 1 is an indicator function, which is 1, if the condition
is met, and, 0 otherwise. W (i, j) = (i − j)2 + 1, is the
distance in frame index and DX(i, j) = ||xi − xj ||, is the
distance in the embedding space. δ is a window size for
separating temporally far away and close frames and λ3 is a
margin parameter. This loss encourages close frames to be
nearby in the embedding space, while penalizing temporally
far away frames.

In our approach, in addition to using an intra-video con-
trastive loss term, we introduce an optimal transport guided
inter-video contrastive loss to regularize the training pro-
cess. In particular, we propose to contrast video pairs based
on their similarity given by optimal transport. As discussed
in Sec. 3.2, our transport matrix provides an estimate of
the alignment between two sequences in the training stage.
We leverage this information to enforce an inter-video con-
trastive loss:

C(X,Y) =
∑N+1

i=1

∑M+1
j=1 −1Ā(i,j)D̂X,Y(i, j) + 1A(i,j)D̂X,Y(i, j)

(15)
where A(i, j) denotes frames, i and j, that yield the largest
ti,j value on our transport matrix for each row or column,
while Ā(i, j) denotes frames, i and j, that are least likely
for alignment, which have the smallest ti,j values. This loss
encourages frames to have similar latent embeddings if they
are expected to be aligned by our optimal transport formu-
lation, and, if not, they are enforced to have dissimilar latent
embeddings. Our total regularization term is defined by

Lcr = C(X) + C(Y) + C(X,Y) . (16)

Final Loss. Our final loss is obtained by combining the
VAVA loss that enforces temporal priors on optimal trans-
port (Eq. 13), along with contrastive regularization terms
(Eq. 16) that optimize for disentangled representations of
frames within and across sequences.

Lall = Lvava + γLcr . (17)

Here, γ is a hyper-parameter to weigh the influence of the
regularization term.

4. Evaluation
Datasets. We evaluate our approach on four different
challenging datasets, namely COIN [51], IKEA ASM [5],
Pouring [47], and Penn Action [60]. COIN and IKEA ASM
datasets exhibit large temporal variations and comprise of
background frames, redundant frames and non-monotonic
frames, as described in Sec. 1. We therefore use them to
demonstrate the effectiveness of our approach in aligning
sequential actions in unconstrained environments. Pouring
and Penn Action datasets do not contain any such tempo-
ral variation, that is, action order is strictly monotonic and
there are no background frames in the videos. We use these



two datasets to benchmark our results against TCN [47] and
LAV [28], which assume strict monotonic alignment. On
the IKEA ASM dataset, [28] removes background frames
for model training and evaluation. Since we aim to align
unconstrained sequences, we instead keep the background
frames by treating it as an additional category. In addition,
in another evaluation setting, we remove the background
frames to be able to compare against previous work [28].
Implementation Details. Following [16, 28], we use
ResNet-50 [30] as the encoder network. The input videos
are resized to 224×224. The embeddings are extracted from
the output of Conv4c layer and are of size 14× 14× 1024.
We initialized our networks from ImageNet pre-trained
models as in [16, 28]. We set weighting of the regulariza-
tion term, γ, in Eq. 17 as 0.5. We provide further details
and ablation studies for the parameters we used in our Sup.
Mat..
Evaluation Metrics. Following [16,28], we use three dif-
ferent metrics for our evaluation. We first train our en-
coder network on the training set without using any labels,
and then evaluate the performance of our approach with the
frozen embeddings. The first metric is Phase Classifica-
tion Accuracy, which is the per frame classification accu-
racy for fine-grained action recognition. The second one
is Phase Progression(Progress) [16], which measures how
well the progress of a process or action is captured by the
embeddings. This metric assumes that actions are strictly
consistent, thus is only suitable for monotonic datasets, that
is Pouring and Penn Action, in our case. The last one
is Kendall’s Tau (τ ) [16], which is a statistical measure
that can determine how well-aligned two sequences are in
time. Since this metric assumes strictly monotonic order
of actions, it is only suitable for Pouring and Penn Action
datasets. For all measures a higher score implies a better
model.

4.1. Comparison to the State-of-the-Art

We evaluate the accuracy of our learned representation
in the action phase classification task with an SVM clas-
sifier trained on a fraction 0.1, 0.5 and 1.0 of the ground
truth labels. We compare against the accuracy numbers re-
ported in [16, 28] on the Pouring, Penn Action and IKEA
ASM datasets. Previous approaches do not report results
on the unconstrained COIN dataset. Therefore we repro-
duce the results of these baselines on this dataset, to be able
benchmark our results against them. To do so, we follow
the implementation details of [16, 28] and also validate the
accuracy of our reproduced implementation on the Pour-
ing, Penn Action and IKEA ASM datasets. We denote our
Variation-Aware Video Alignment approach as VAVA and
report results on the COIN, IKEA ASM, Pouring and Penn
Action datasets in Table 1.

Our model clearly outperforms earlier work on the COIN

Dataset Model Fraction of Labels Progress τ0.1 0.5 1.0

COIN

Supervised Learning 37.11 40.73 49.18 - -
Random Features 29.50 30.29 30.38 - -
Imagenet Features 31.32 34.74 37.43 - -

SAL [40] 34.69 39.23 40.32 - -
TCN [47] 34.87 39.73 40.51 - -
TCC [16] 35.87 39.56 40.66 - -
LAV [28] 36.79 38.85 39.81 - -

VAVA(ours) 43.77 46.18 47.26 - -

IKEA ASM
No Background

Supervised Learning 21.76 30.26 33.81 - -
Random Features 17.89 17.89 17.89 - -
Imagenet Features 18.05 19.27 19.50 - -

SAL [40] 21.68 21.72 22.14 - -
TCN [47] 25.17 25.70 26.80 - -
TCC [16] 24.74 25.22 26.46 - -
LAV [28] 29.78 29.85 30.43 - -

VAVA(ours) 31.66 33.79 32.91 - -

IKEA ASM
Background

Supervised Learning 20.74 25.61 31.92 - -
Random Features 17.03 17.41 17.61 - -
Imagenet Features 17.27 18.02 18.64 - -

SAL [40] 22.94 23.43 25.46 - -
TCN [47] 22.51 25.47 25.88 - -
TCC [16] 22.70 25.04 25.63 - -
LAV [28] 23.19 25.47 25.54 - -

VAVA(ours) 29.12 29.95 29.10 - -

Pouring

Supervised Learning 75.43 86.14 91.55 - -
Random Features 42.73 45.94 46.08 - -
Imagenet Features 43.85 46.06 51.13 - -

SAL [40] 85.68 87.84 88.02 0.7451 0.7331
TCN [47] 89.19 90.39 90.35 0.8057 0.8669
TCC [16] 89.23 91.43 91.82 0.8030 0.8516
LAV [28] 91.61 92.82 92.84 0.8054 0.8561

VAVA(ours) 91.65 91.79 92.45 0.8361 0.8755

Penn Action

Supervised Learning 67.10 82.78 86.05 - -
Random Features 44.18 46.19 46.81 - -
Imagenet Features 44.96 50.91 52.86 - -

SAL [40] 74.87 78.26 79.96 0.5943 0.6336
TCN [47] 81.99 83.67 84.04 0.6762 0.7328
TCC [16] 81.26 83.35 84.45 0.6726 0.7353
GTA [25] - - - - 0.7829
LAV [28] 83.56 83.95 84.25 0.6613 0.8047

VAVA(ours) 83.89 84.23 84.48 0.7091 0.8053

Table 1. Benchmark Evaluation.

and IKEA ASM datasets which feature temporal variations
that are exhibited by many real world applications. Par-
ticularly, the improvement over state-of-the-art methods is
around 7% (with a relative improvement of 20%) on the
COIN dataset, which demonstrates the effectiveness of our
approach for aligning sequential actions across unlabeled
videos from in-the-wild settings. Similarly, VAVA achieves
5% improvement (with a relative increase of 25%) over ex-
isting approaches on the IKEA ASM dataset that shows the
benefits of our approach in aligning videos that feature tem-
poral variations.

For Pouring and Penn Action datasets that do not in-
volve temporal variations, our approach still outperforms
previous work in phase progression, Kendall’s τ and most
of the phase classification accuracies, which demonstrates
the representation power of our framework in modeling
the progress of actions and their temporal structure. Note
also that Pouring dataset contains videos that follow a strict
monotonic temporal order, and therefore methods that rely
on the monotonicity assumption [28] are more likely to
overfit to this dataset.
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Figure 7. Frame Retrieval. VAVA can precisely reason about
fine grained actions and background frames. While we capture the
fine-grained action of opening laptop cover, [28] retrieves images
where laptop cover is already open (top). We recover background
frames more consistently in comparison to [28] (bottom).

Intra- Inter- KL Consistency Optimality Virtual Threshold Fraction of Labels
Video Video Prior Prior Frame 0.1 0.5 1.0

✓ 20.38 23.09 23.27
✓ 19.46 22.58 22.94

✓ ✓ 22.80 24.67 24.96
✓ ✓ ✓ ✓ 24.75 27.35 27.03
✓ ✓ ✓ ✓ ✓ 27.81 28.03 28.59

✓ ✓ ✓ ✓ 21.72 22.47 23.60
✓ ✓ ✓ ✓ ✓ ✓ 26.49 27.25 27.63
✓ ✓ ✓ ✓ 24.21 27.64 27.29
✓ ✓ ✓ ✓ ✓ 28.03 28.65 28.37
✓ ✓ ✓ ✓ ✓ ✓ 29.12 29.95 29.10

Table 2. Ablation. We ablate each proposed term on IKEA
ASM [5]. All proposed terms consistently improve performance.

4.2. Ablation Studies

In Table 2, we provide an ablation study to demonstrate
the influence of each design choice of VAVA on the accu-
racy of action phase classification. Intra-Video and Inter-
Video denote the effect of the contrastive loss terms we in-
troduced in Eq. 14 and Eq. 15 to regularize the training pro-
cess. KL shows the effect of KL divergence regularization
term. While Consistency Prior denotes the temporal prior,
introduced in Eq. 4, that enforces time consistency across
videos during alignment, Optimality Prior denotes the tem-
poral prior introduced in Eq. 6 that favors optimal matching
of frames across videos. Virtual Frame shows the effect of
extra virtual frame we incorporated in the optimal transport
formulation to address background and redundant frames.
We further compare our Virtual Frame strategy to a Thresh-
old approach, in which alignments with a low matching
score are removed based on a tuned threshold.

As shown in Table 2, all of our design choices consis-
tently improve the accuracy of our algorithm. Optimality
Prior tackles variations in the sequence order, whereas Con-
sistency Prior allows for respecting the coarse-level tempo-
ral structure and consistency of videos. While they both
individually improve the performance, the Gaussian Mix-
ture Model that combines the two further boosts the accu-
racy, which demonstrates the complementary nature of each
prior. We further demonstrate that Virtual Frame strategy
significantly improves performance as compared to a model
that does not include it and a model that uses a simpler
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Figure 8. Example Alignment. We align two videos from the
Attend NBA Skills Challenge task of the COIN dataset. For each
frame in video 1, we align it with the optimal match in the other se-
quence. Correct alignment means that the action frame is aligned
with another frame with the same action. Redundant frames are
aligned to the virtual frame and the background frames are aligned
to either another background frame or the virtual frame. As can be
seen by the high number of correct matches, our model can reli-
ably align two sequences with temporal variations.

thresholding based approach (Threshold) to handle back-
ground frames. We also evaluate the influence of the Intra-
Video and Inter-Video contrastive loss terms and demon-
strate that they result in superior performance, by regular-
izing the self-supervised learning process. Besides, the KL
divergence loss that encourages smooth alignment further
improves the performance. We present qualitative results of
frame retrieval, in which we match the most similar frame
with a given query frame, in Fig. 7. As shown on this ex-
ample, VAVA is able to reliably align both regular action
frames and background frames.

To demonstrate that our approach is able to align se-
quential actions in unconstrained environments, we visu-
alize the assignment matrix for a representative example
on the COIN dataset, that feature different temporal varia-
tions involving background, redundant and non-monotonic
frames. As shown in Fig. 8, our model is able to align
such sequences with high accuracy and brings in robust-
ness against temporal variations, which makes it suitable
for aligning sequential actions in-the-wild.

5. Conclusion
In this paper, we propose a self-supervised learning

framework that uses video alignment as a proxy task. The
proposed VAVA approach is able to align sequential actions
in-the-wild with an optimal transport based sequence align-
ment formulation. We further propose to enforce adaptive
temporal priors on optimal transport, which efficiently han-
dles temporal variations. Our experiments show that VAVA
outperforms the state-of-the-art on the Pouring, Penn Ac-
tion, IKEA ASM and COIN dataset. Our future work will
explore applications of video alignment for AR-based task
guidance and procedure learning.
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