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Abstract

We address the problem of action segmentation in
instructional task videos with a small number of weakly-
labeled training videos and a large number of unlabeled
videos, which we refer to as Semi-Weakly-Supervised
Learning (SWSL) of actions. ~ We propose a general
SWSL framework that can efficiently learn from both
types of videos and can leverage any of the existing
weakly-supervised action segmentation methods. Our key
observation is that the distance between the transcript of
an unlabeled video and those of the weakly-labeled videos
from the same task is small yet often nonzero. Therefore, we
develop a Soft Restricted Edit (SRE) loss to encourage small
variations between the predicted transcripts of unlabeled
videos and ground-truth transcripts of the weakly-labeled
videos of the same task. To compute the SRE loss, we
develop a flexible transcript prediction (FTP) method that
uses the output of the action classifier to find both the length
of the transcript and the sequence of actions occurring
in an unlabeled video. We propose an efficient learning
scheme in which we alternate between minimizing our pro-
posed loss and generating pseudo-transcripts for unlabeled
videos. By experiments on two benchmark datasets, we
demonstrate that our approach can significantly improve
the performance by using unlabeled videos, especially when
the number of weakly-labeled videos is small.'.

1. Introduction

Many of humans everyday tasks are procedural, where a
task consists of a sequence of actions that must be followed
to achieve the desired goal. Therefore, there has been
an explosion of instructional videos on the web, teaching
how to perform tasks, such as cooking recipes, repairing
devices, assembling furnitures, performing emergency first
aid, etc. [1, 10, 15,23, 38, 56, 60, 67]. Automatic learning
of procedural tasks from instructional videos has important
applications, such as teaching intelligent agents to perform
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Figure 1. Transcript variation within each task for three different tasks.

complex tasks, constructing large knowledge bases of com-
pact instructions, and automatic performance evaluation for
executing tasks. Over the past several years, we have
seen great advances on different aspects of learning from
instructions [1,4,8,15,19,20,33,35-37,49,50,56,606,67].

A major challenge in learning from instructional videos
is that videos are long and have many actions, therefore
annotation is costly and complex. This poses a major
challenge for scaling the learning to a large number of
tasks and videos. Therefore, while a few fully-supervised
methods have studied learning from densely-annotated
videos [24,27,45,49,51,53,64,606], the majority of existing
works have focused on using less supervision. Specifically,
weakly-supervised methods assume that each training video
is accompanied with its transcript (ordered list of actions)
[5, 7, 12, 30, 35, 44, 67] or action-set (unordered list of
actions) [16,31,32,36,43]. While using weak supervision
reduces the annotation cost by removing the need for
specifying temporal boundaries of actions, it still requires
annotators to watch entire videos. On the other hand,
unsupervised methods remove the need for annotation by
using unlabeled videos and leveraging the similarity of
videos of the same task. However, existing similarity
constraints, e.g., videos following the same sequence of
actions or the same pairwise action ordering, are limiting
and often violated in videos (see Figure 1). This has led to
performance of unsupervised methods significantly lagging
behind that of the weakly-supervised algorithms.

Paper Contributions. Motivated by the above discussion,
we study a new action segmentation problem in which we
assume having access to a small number of weakly-labeled
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training videos and a large number of unannotated videos
(with only task labels) from multiple tasks. We refer to
this setting as Semi-Weakly-Supervised Learning (SWSL)
of actions, whose goal is to learn a video segmentation
model using both types of training videos. Using unlabeled
videos allows us to effectively regularize learning from a
small number of weakly-labeled videos, which would be
insufficient for learning action segmentation/classifier using
current methods. On the other hand, using weakly-labeled
videos allows us to guide learning from unlabeled videos by
leveraging a few transcripts of each task.

We propose an SWSL method to find the parameters of
a video feature learning module and an action classifier by
simultaneously learning from weakly-labeled and unlabeled
videos. Our key observation is that transcripts of unlabeled
videos often have small but nonzero distances to the
transcripts of the weakly-labeled videos from the same task,
accounting for small variations by which the task could be
accomplished. Therefore, we develop a differentiable Soft
Restricted Edit (SRE) loss, which allows us to predict a
transcript for an unlabeled video that is close to ground-
truth transcripts of the weakly-labeled videos of the same
task, yet could be different from them. To compute the
SRE loss, we develop a flexible transcript prediction (FTP)
method that uses the output of the action classifier to find
both the length of the transcript and the sequence of actions
occurring in an unlabeled video. Motivated by prior works
on self-training [28, 62, 63], we propose a learning scheme
in which we alternate between i) minimizing our proposed
loss (sum of the weakly-supervised and SRE losses) on both
types of videos; ii) adding a few most confident unlabeled
videos and their pseudo-transcripts to the weakly labeled
set. An advantage of our method is that it can use any
existing weakly-supervised method. By experiments on two
benchmark datasets of Breakfast [23] and CrossTask [67],
we demonstrate the effectiveness of our approach.

2. Related Works

Action Segmentation. Depending on the supervision
type, existing works on action segmentation in instructional
videos can be divided into three categories. First, fully-
supervised methods assume that frame-wise annotations
of actions in videos are given [24,27,45,49,51, 53, 64,

].  Second, weakly-supervised methods assume each
training video comes with an ordered or unordered list of
its actions [5, 7, 30, 31, 35, 36, 43, 44, 67] or its summary
[39,60]. Third, unsupervised learning methods exploit the
common structure, cross-modality consistency or temporal
information of videos of the same task to discover and
localize actions [14, 15, 18,25,48,50]. In this paper, we
propose the new setup of semi-weakly-supervised learning
from instructional videos, which has not been explored yet.

Weakly-supervised action segmentation methods mostly

use the transcripts to learn a mapping from video features to
framewise action class probabilities, so the major difference
among prior works is the choice of mapping functions and
loss functions. In the paper, we leverage two existing
weakly-supervised methods [30,54]. Specifically, [30] uses
a GRU layer with a fully-connected layer as the mapping
function, while [54] uses a deep convolutional neural
network. As for the loss functions, [30] uses a constrained
discriminative forward loss (CDFL) to distinguish the
valid frame labelings, consistent with the ground-truth
transcripts, from invalid labelings. [54] has a module to
predict the class and length of segments and uses the mutual
consistency (MuCon) loss to enforce the consistency of the
frame-wise probabilities and predicted segments.

Semi-supervised learning (SSL) approaches aim to learn
from both labeled and unlabeled data [21, 34, 41, 46, 61,

, 05]. In video understanding, SSL has been studied
for temporal action proposals, human pose estimation,
salient object detection, action recognition, etc. [42, 52,

, 62] There are two major directions in SSL: self-
training and consistency regularization. Self-training based
methods [28, 62, 63] first train a model using supervised
methods and then predict pseudo-labels for unlabeled
data. Consistency regularization, first proposed by [3] and
extended in several works including temporal ensembling
[26] and mean teacher [57], minimizes the discrepancy
between predictions of perturbed input data.

Sequence Alignment. Our work is related to sequence
alignment. Dynamic Time Warping (DTW) is a classic
algorithm to measure the distance between two temporal
sequences [47]. Recent variants of DTW include dif-
ferentiable approximations [9, 19] and allowing skipping
outliers [13]. Weak sequence alignment algorithm (WSA)
[50] performs one-to-one alignment while allowing some
items to be unmatched, and is extended to be differentiable.
However, all of these works require the alignment to strictly
obey a temporal order. Order-preserving Wasserstein dis-
tance [55] can tackle local temporal distortion via optimal
transport, but it is multiple-to-multiple or one-to-multiple
alignment and not differentiable. Our work is motivated
by edit distance, which measures the distance between two
strings. Levenshtein distance [2,29] is a specific-type of edit
distance that allows deletion, insertion and substitution, and
can be computed by Needleman-Wunsch [40] algorithm.
[22] extends the inputs of Needleman-Wunsch algorithm
from strings to time series and makes it differentiable, but
it does not allow adjacent transposition. Restricted Edit
Distance and Damerau—Levenshtein distance [11, 17] allow
the transposition of two adjacent characters, but neither
of them are differentiable. Our proposed SRE loss is an
extension of restricted edit distance, which can be applied
to temporal sequences and is differentiable.
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Figure 2. Alignment of two transcripts by different methods.

Ilustrative Example: To better highlight the difference
between the Restricted Edit distance and other sequence
alignment methods, Figure 2 shows the alignment between
two transcripts by different methods. DTW strictly aligns
every entry in the two sequences, leading to many false
alignments. While Edit Distance or WSA can obtain a
one-to-one alignment and skip some unmatched items, they
strictly follow temporal ordering and cannot handle the
transposition from “crack egg” to “add salt and pepper”.
In contrast, the Restricted Edit distance can handle outlier
elements and the transposition of adjacent items.

3. Problem Statement

In the semi-weakly-supervised learning of actions, we
assume there are N weakly-labeled videos, { X }_,, and
M unlabeled videos, { X% }M_,. The videos come from
multiple tasks and each video consists of a sequence of
actions required to achieve the underlying task. Let O
denote the number of tasks and A denote the number of
action classes across all videos. Our goal is to learn a
model that segments a test video into different actions and
recognizes the action of each segment and the underlying
task of the video.

More specifically, for weakly-labeled training videos,
we assume we have triplets {( X, G, y®)})_, of video
features, transcripts and task labels,

w

wo_ w w
X, = (aznﬁl, Ty o -- ,wn’T#,),

Gﬁ = (gn,hgn,Qa"'agn,Ln)a (1)

yy €{1,...,0},

where x;/;, € R? is the d-dimensional feature of the i-
th frame in the n-th weakly-labeled video and 7 is the
length of the n-th video. Also, G, is the video transcript
(weak label), with the one-hot encoding g,,;, € {0, 134
denoting the [-th action in the n-th video, L,, is the length
of the transcript, and y,¥ is the task label. For each task
o € {1,...,0}, we denote the set of transcripts of all
weakly-labeled videos from the task by G,, i.e.,

G, = {G, |if yy) = 0,VYn}. 2)
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Figure 3. Our proposed framework for learning from both weakly-labeled
and unlabeled instructional videos of multiple tasks.

On the other hand, for unlabeled videos, we have pairs
{(XE ye )M of video features and task labels,

u u u
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u
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where ¥

m.i 1s the feature of the i-th frame in the m-th
unlabeled video, and T}% is the length of the m-th video.
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4. Semi-Weakly-Supervised Action Learning
4.1. Overview of Proposed Framework

We propose a general framework for jointly learning
from (small) weakly-labeled and (large) unlabeled videos.
As shown in Figure 3, our framework consists of two
branches for learning from both types of training videos
while using a shared action classifier. For weakly-labeled
videos, in our proposed framework, we can flexibly use any
existing weakly-supervised method. Let L. denote the
associated loss, which is introduced in Sec. 4.2.

For unlabeled videos, given the video features as in-
puts, we use the action classifier to output a frame-
wise probability matrix P € [0,1]7*4 that captures
the probability of each frame belonging to each action.
To predict the transcript of each unlabeled video, we
propose a Flexible Transcript Prediction (FTP) algorithm
that takes P as input and outputs the transcript of the
video and the associated segmentation. We use the key
observation that the predicted transcript of an unlabeled
video should have a small distance to the transcripts of the
weakly-labeled videos of the same task, corresponding to
small variations by which a task could be accomplished.
Therefore, we propose the Soft Restricted Edit (SRE)
distance, a differentiable loss that allows insertion, deletion,
substitution and adjacent transposition for computing the
distance between the predicted transcript and the training
transcript set. Thus, we can predict transcripts of unlabeled
videos that are sufficiently close to those of the weakly-
labeled videos, instead of enforcing the predicted transcript
to coincide with the training transcripts.



As training proceeds, we generate pseudo-transcripts for
the unlabeled videos and gradually add the videos with the
most confident transcripts into the weakly-labeled set. This
self-training strategy is introduced in Sec. 4.5.

4.2. Weakly-Supervised Action Segmentation

To learn from weakly-labeled training videos, whose set
is denoted by WV, weakly-supervised action segmentation
learns a mapping Fe : R7*¢ — RT*4 from the features of
each video to framewise action class probabilities, P, and
uses the provided transcript, G, for supervision, i.e.,

: _ 2
m@m; Lyeak (P, G), where P = Fg(X).> (4)

As an advantage of our framework, we can leverage
any existing weakly-supervised method and use unlabeled
videos to significantly improve its performance, especially
when the number of weakly-labeled videos is small. In the
paper, we use two state-of-the-art methods, MuCon [54] and
CDFL [30], which we reviewed in Sec. 2.

4.3. Flexible Transcript Prediction (FTP)

Given the framewise probability matrix P € [0,1]7*4
of a video, where T is the number of frames and A is the
number of action classes, our goal is to predict the transcript
probability, denoted by Q € [0,1]X*4, where L is the
predicted transcript length, i.e., the number of actions in the
video. The i-th row of @ indicates the probabilities that the
entry  in the transcript will be each of the A actions. Notice
that both the transcript length and the sequence of actions
are unknown. Therefore, we propose a Flexible Transcript
Prediction (FTP) algorithm to estimate both.

To tackle the problem, first notice that, given a fixed
transcript length L, we can find the segmentation bound-
ary points (to,t1,t2,...,tr) and the classes of segments

(ay,as,...,ar) by solving
. tg=0,t,=T. (5
{tfﬂffé H H Dja; S 0=20, %L (5

=1 j=t;—1+1

In other words, we simultaneously search for the segmenta-
tion and the assignment of each segment (¢;—1 + 1, ¢;) to an
action class a; that gives the maximum likelihood. Given
that the transcript length, L, is itself unknown, we modify
the problem to also search for a transcript of sufficiently
small length. Thus, we add L as a penalty to the negative
log-likelihood in (5) and solve

Z Z logpja; + AL ©

=1 j=t;_1+1
s.t. to=0,tL =T, lpyin < L < lpag,

{t}{a}L

2For simplicity of notation, we have dropped the subscript 4 when
referring to P; and G; fori € W.

Algorithm 1: Flexible Transcript Prediction (FTP)

input : Probability matrix P € [0, 1]7*4
Compute cumulative sum of negative log-likelihood:
St,a = Zt/gt —log qt’ a5
2 Compute the minimal cost of each segment:
Cty,ty = MiNg(Sty,0 — St1-1,0), 1 <t1 <t < T
3 Dynamic program: d;; = mint/<t(dt/ -1+ cri1),
te{l,....,THhie{l,... . bmax};
4 Optimal 1ength. L =argmin, <, % + Al;
s Back-tracking: t;, =T,
ti—1 = argminKti (dt,i—l + Ct+1,ti),i S {L, e 1};
output: Segmentation boundary points (to,...,tr).

—-

where (Lin, bmaz) 18 a predefined range for the tran-
script length (which can be estimated from weakly-labeled
videos), and A is a regularization hyperparameter.

To solve (6), we develop a dynamic programming-based
method, shown in Algorithm 1. For each possible segment
(t1,t2), we define a cost ¢;, 4, = min, Z?:tl —log pi as
which corresponds to the inner summation of the first
term in (6) and represents the negative log-likelihood of
assigning the segment to its most likely action. We can
calculate ¢, , efficiently by precomputing the cumulative
sum of negative log-likelihood. We then dynamically
update d; ;, which computes the minimal cost value for the
first ¢ frames and [ segments, via step 3, where we find
an optimal boundary point ¢’ that minimizes the cost of
splitting the first ¢’ frames into [ — 1 segments and setting
(' + 1,t) as a segment. Here, dr; denotes the minimal
cost of splitting the video into [ segments, so we find the
optimal length L that minimizes (6). Finally, we recover
the segmentation boundary points by back-tracking.

After solving (6), we compute the probability matrix
of the predicted transcript using the geometric average of
the probabilities within each predicted segment, i.e.,

L 1
[T »)" " )

t=t; _1+1

Computational Complexity. In Algorithm 1, the com-
plexity of step 1 is O(T?), step 2 is O(T?A), step 3 is
O(T%lnaz), step 4 is O(€yq,) and step 5 is O(L). Thus,
the overall complexity is O(T?({mar + A)). We can also
significantly improve the complexity by a factor of 1/52
through applying a temporal average pooling with stride S
to P, which we investigate in the experiments.

4.4. Soft Restricted Edit (SRE) Distance

We develop the differentiable Soft Restricted Edit (SRE)
loss that finds the distance between two sequences while
allowing the operations of insertion, deletion, substitution
and adjacent transposition. This allows us to obtain



a predicted transcript for an unlabeled video, Q =
(gy, -+ ,qy), that has a small distance to the transcripts
of the weakly-labeled videos of the same task. More
specifically, with G denoting the set of transcripts G =
(g1, ,95) € {0,1}2%4 of the weakly-labeled videos
of the same task, we propose to minimize L. defined as

Lre(G,Q) = Inin SRE(G, Q). ®)

To motivate our method for computing SRE loss, we start
with the toy example of restricted edit distance between two
strings, and then generalize it to arbitrary sequences.

Motivating Example. Consider the two strings of x =
(‘p,a,r, s, ¢)andy = (‘e’, ‘r’, ‘a’, s’ ‘e’, ‘r’). Our
goal is to find the least number of operations to convert one
string into the other, where the admissible edit operations
are insertion, deletion, substitution and transposition of two
adjacent characters.> As shown in Figure 4 (left), the
restricted edit distance between the two strings is 3.

To compute the restricted edit distance between two
strings « and y, of lengths L, and L,, we use dynamic
programming. We compute a cumulative cost matrix E =
le;j] € RL«T1xLyFl whose entry e;; is the distance
between the first ¢ — 1 entries of  and the first j — 1 entries
of y, see Figure 4 (right). As a result, the last entry of E,
ie., er,+1,0,+1 corresponds to the restricted edit distance
between the two sequences. We can recursively compute
€;,; as the minimum among

€i—1,; + 1 (deletion)

€;j—1+ 1 (inSéI‘tiOl’l)

ei—1,j—1 + 1(xi—1 # y;_;) (substitution)

ei—2,j—2 + Lif (®i2 = y;_;,®i1 = yj72) (transposition)

)

where 1(-) is an indicator function, which is one when its
argument is true and is zero otherwise. Notice that the last
entry in (9) is the cost of adjacent transposition. In our
toy example, see Figure 4 (right), if we want to update
the (4,4)-th entry of E (the blue box), we check if the
2nd and 3rd characters in the two strings are the same but
swapped. Since they are, we move two steps back and take
the value of the (2, 2)-th entry (the orange box), which is 1,
and increment it by one for the adjacent transposition cost.

SRE Forward Propagation. We make the restricted edit
distance to be differentiable (for efficient classifier and
video feature learning) and extend it to handle the more
general case of computing distances between sequences of
vectors. In our case, the two sequences are the ground-truth
transcript of a weakly-labeled video, G = (gy, - ,g1/),
and the predicted transcript of an unlabeled video, Q =

3The main difference between restricted edit distance and the edit
distance [22,29] is that we allow adjacent transposition.

e r a § e r
parse
- 01231456
substltutlonl
carse 1[1]2(3[4]|5]6
transposition A% 2121(2(|21|3[4]5
erase r|(31(3(2]2]3 (4|4
insertion ! s|alal3|3]2]3]4
eraser
e|5]|4]4]4(3]|2]3

Figure 4. Left: restricted edit distance between two strings. Right:
Cumulative cost matrix. The last entry is the distance between sequences.

(qq, -+ ,qyr)- To achieve this, we modify (9) as

€i—1,j +Cp,
. e;,j—1 +cr,
€4,7 =1INNg

€i1,j—1+ 0ic1,j—1,

€i—2,j—2 + 0i—2j—1+ 6i—1,j—2+cr (Vi,j > 3),

(10

where i) we change the cost of edit operations from
1 to positive constant costs of cp,cy,cr for deletion,
insertion and adjacent transposition, respectively; ii) for
substitution, we use a continuous distance function ¢
between two vectors, instead of the indicator function; iii) to
make the distance differentiable, we replace the minimum
operation with soft-min, defined as ming{ai,as,...} =
—plogy e~r/B_where 8 is a smoothing hyperparame-
ter. The Soft Restricted Edit (SRE) loss will be the last entry
of cumulative matrix F,

SRE(G,Q) = €L'4+1,L+1- (11)

Algorithm 2 summarizes the forward propagation steps for
computing the SRE loss.

In the paper, we compute the distance J; ; between the
entry ¢ in the weakly-labeled transcript G and the entry j in
the predicted transcript @ using the inner product

dij = —(g;,10gq;), (12)
which is the negative log-likelihood that the j-th action in
the predicted transcript is the same as the i-th action in
weakly-labeled transcript.

SRE Backward Propagation. Given that an input to the
SRE distance is @, which is obtained using the framewise
probabilities from the action classifier, not only we can
find the best alignment between the predicted transcript and
weakly-labeled transcripts, but also supervise the learning
of video features and action classifier to get a better
alignment. Hence, to update © (parameters of the feature
learning and classifier modules), we need to compute
T

Ve SRE(G, Q) = (‘;—g) VoSRE(G,Q). (13)

Let J £ SRE(G,Q). We first define two intermediate

i L= 0J .o — 0J i
variables r; ; = 95, and h; ; = fe. ;- Aswe show in the




Algorithm 2: Forward Propagation for SRE

input : Pairwise cost matrix A = [§; ;] € RV *L;
¢p,cr,er, 3> 0.
161 = (i—1)~CD,iE {1,2,...,[/4—1}
2 61,]‘:(j—1)~C[,j€{2,...,L—‘r1}
3 fori<+ 2to L' +1do
4 for j < 2to L + 1do
5 | update ¢; ; via (10);

output: SRE Loss, Lsrc = €141 141

Algorithm 3: Backward Propagation for SRE

input : Pairwise cost A = [J; ;] € RE'*L;

cumulative cost E = [e; ;] € RF 1< L+1;
cr,cp,er, 3> 0.

1 hppip41 =1

2 fori+ L'+ 1to1do

3 for j < L+ 1to1do

4 update a; ;, b; ;, h;; via Eq. (13) in the
supplementary material;

s Update r; ; via (4.4) and set R = [r; ;].

output: Vo SRE(G, Q) = (%%Q))TR

supplementary materials, we can efficiently compute 7; ;
using h; ;, and two auxiliary gradient matrices with entries

deit1.j 8eito i
defined as a; ; = <54+ and b; ; = <5242 where
1,7

67;,]' ’
Tig = Rig1,j4+1 * @iy + Rig g2 - bicaj + Rivo 41 - bij—1.

We also show that h; ;, a; j, b; ; can be recursively updated
starting from the last row and column of E. Algorithm 3
shows the backward propagation for computing the gradient
with respect to Q. Once finished, we can back-propagate
the gradient w.r.t. © by using (13).

4.5. Training and Inference

To jointly learn from both weakly-labeled and unlabeled
videos, we propose to minimize

Eswsl = Zﬁweak(X$7 Gﬁ) + pz ﬁsre(gylﬁHQZlL (14)

over the parameters of the feature learning and action
classifier modules as well as searching over the predicted
transcripts, shown in Figure 3, where p > 0 is a hyper-
parameter. The first term in (14) minimizes the distance
between each weakly-labeled video and its ground-truth
transcript, while the second term minimizes the distance
between the predicted transcript of each unlabeled video
and the set of weakly-labeled transcripts of the same task.
Motivated by works on self-training [28, 62, 63], we
propose a training strategy which alternates between mini-
mizing L5 and moving some of the unlabeled videos and

their predicted transcripts to the weakly-supervised set. We
show that this approach works better than optimizing (14)
once. More specifically, we minimize L, using both the
current weakly-labeled videos and unlabeled videos. We
then generate pseudo-transcripts for unlabeled videos and
add the unlabeled videos with the most confident pseudo-
transcripts to the weakly-labeled set (see below for details)
and retrain the model by minimizing L5, and so on. In
the last iteration, all unlabeled videos have been moved to
the weakly-labeled set, therefore, we minimize L,cq.

For self-training, given an unlabeled video, we compute
Loyeak between the video and all transcripts in the weakly-
labeled set, and find the transcript G* € {0,1}%" %4 with
the minimum loss. We use the transcript probability Q@ €
[0,1]%%4 produced by FTP, and compute the restricted
edit distance between G™ and @ to find their alignment
M € {0,1}F%L where m; ; = 1 indicates that the i-
th action in the transcript occurs in the j-th segment in
Q. We then generate the one-hot pseudo-transcript for the
unlabeled video using @ = M T G*. Finally, we choose a
few videos with the smallest loss values and add them along
with their pseudo-transcript to the weakly-labeled set.
Remark 1 A conventional self-training approach has two
major differences with our method. First, it only minimizes
the first term of (14), i.e., p = 0. Second, it generates
a pseudo-label for an unlabeled video using the most
probable transcript from the training videos. However,
this enforces the unlabeled videos to have exactly the
same transcript as weakly-labeled videos, which is limiting,
especially when the number of weakly-labeled videos is
small. In the experiment, we show that this strategy does
not perform well compared to our method.

5. Experiments
5.1. Experimental Setup

Datasets. For our experiments, we use two benchmark
datasets of Breakfast [23] and CrossTask [67]. Breakfast
consists of 1,712 videos of people making breakfast with
10 cooking tasks. The dataset contains 48 actions in total
and on average, about 7 action instances are performed in
each video. We use the existing 4 training/testing data splits
in the dataset and report the average performance on the 4
splits. CrossTask consists of videos from 18 primary tasks.
We follow [35] and use the 14 cooking-related tasks, which
contains 2,552 videos and 80 classes of actions. We use the
same training/testing split as in [35], with 90% training and
10% testing videos. For each dataset, we randomly split the
training set into two subsets: one subset with weak labels
(action transcripts and task labels), and the other subset with
only task labels, and evaluate the performance on testing
set. We investigate the effect of using different ratios of
the number of weakly-labeled videos to the total number of
videos used, including 1%, 2%, 5%, 10%, 20%.



Evaluation. For a comprehensive analysis of the results, we
report multiple evaluation metrics. Following most works in
action segmentation [25,30,35,54], we compute Mean over
Frame (MoF), i.e., frame-wise accuracy, and intersection
over union (IoU). Since in CrossTask, over 70% of frames
are background, simply predicting all frames as background
will lead to a high MoF. Thus, to avoid this undesired effect,
we also report the Fl-score [14,50] on CrossTask.

Implementation Details. To show that our proposed
framework can leverage any existing weakly-supervised
action segmentation methods, we use MuCon [54] and
CDFL [30]. To be consistent with prior works, on
Breakfast, we use the 2048-dimensional RGB+Flow I3D
features [6] for MuCon, and the 64-dimensional improved
dense trajectory features [58] for CDFL. On CrossTask, we
use the 3200-dimensional released features [67] for MuCon
and, following [35], reduce the feature dimension to 64 via
PCA for CDFL. The average number of frames on Breakfast
is over 2000, so we apply a temporal average pooling with
stride 8 before inputting the frame-wise probabilities into
our Flexible Transcript Prediction (FTP) module. We start
the training for several epochs using weakly-labeled videos,
and then use both weakly-labeled and unlabeled videos
to optimize (14). We generate pseudo-transcripts for the
unlabeled videos in three rounds, each round adding 1/3 of
the unlabeled videos and their learned pseudo-transcripts to
the weakly-labeled set. We keep the same setups as in the
original works on MuCon and CDFL [30, 54]. Due to space
limitation, other details such as hyperparameter values are
reported in the supplementary materials.

Baselines. We mainly compare four methods: i) Weakly-
Supervised Learning (WSL): we apply Liyeqar (MuCon
or CDFL loss) on weakly-labeled videos only; ii) Semi-
Weakly-Supervised Learning (SWSL): we apply Lswsi
for all videos without generating pseudo-transcripts (i.e.,
without self-training); iii) WSL+Self: we use self-training
in weakly-supervised methods, where we minimize only
Loyear and iteratively generate pseudo-transcripts of unla-
beled videos and add them to the weakly-labeled set and re-
train the model; iv) SWSL+Self: our final approach, where
we minimize our proposed L, loss, while iteratively
increasing the weakly-labeled set using self-training.

5.2. Experimental Results

Action Segmentation Performance. Tables 1 and 2 show
the average performances of different methods on Breakfast
and CrossTask when we use, respectively, MuCon [54] and
CDFL [30] as the backbone weakly-supervised module in
our framework. First, notice that using unlabeled videos
always improves the performance of WSL. In particular, in
Table 1, when the number of labeled videos is extremely
small (1%), our method (SWSL+Self) improves the MoF
by 14.0%, IoU by 16.3% on Breakfast, and MoF by 9.9%,

Breakfast CrossTask
wp up MoF  IoU MoF IoU F1
WSL 1% 0 11.0 135 | 382 14.6 2.6
SWSL 1%  99% | 23.1 21.8 | 477 16.6 6.3

WSL+Self 1%  99% | 223  26.1 | 40.5 16.0 8.0
SWSL+Self | 1% 99% | 25.0 29.8 | 481 179 8.9
WSL 2% 0 129 148 | 440 158 53
SWSL 2%  98% | 212 235 | 523 189 8.3
WSL+Self 2%  98% | 265 27.8 | 41.7 16.0 9.9
SWSL+Self | 2% 98% | 26.7 30.6 | 446 17.8 113
WSL 5% 0 23.1 25.8 | 423 16.1 8.3
SWSL 5%  95% | 28.1 235 | 51.3 18.0 10.3
WSL+Self 5%  95% | 32.7 310 | 453 16.5 11.4
SWSL+Self | 5% 95% | 325 317 | 506 183 115
WSL 10% 0 28.0 28.8 | 42.1 16.7 9.9
SWSL 10% 90% | 339 312 | 483 17.4 9.7
WSL+Self | 10% 90% | 36.7 32.1 | 450 16.5 11.6
SWSL+Self | 10% 90% | 363 334 | 49.0 18.0 12.1
WSL 20% 0 352 334 | 444 177 110
SWSL 20% 80% | 36.7 33.6 | 46,7 173 10.7
WSL+Self | 20% 80% | 38.6  34.7 | 46.3 170 115
SWSL+Self | 20% 80% | 39.8 36.1 | 545 193 118

WSL [ 100% 0 | 4857 39.1° | 484° 21.0° 16.7°

Table 1. Performance on Breakfast and CrossTask, when using MuCon as
the backbone weakly-supervised module in our framework. (WP: Weakly-
labeled video Percentage. UP: Unlabeled video Percentage. { reported
in [54]; * obtained in our experiments.)

IoU by 3.3% and F1 by 6.3% on CrossTask. Additionally,
SWSL+Self significantly improves over WSL+Self, e.g.,
improves MoF by 2.7%, IoU by 3.7% on Breakfast, and
MoF by 7.6%, IoU by 1.9%, F1 by 0.9% on CrossTask. This
shows the effectiveness of our proposed L, loss and si-
multaneously learning the model from both weakly-labeled
and unlabeled videos. Finally, notice that combining self-
training with our method (SWSL+Self vs SWSL) improves
MoF by 1.9%, IoU by 8.0% on Breakfast, and MoF by
0.4%, IoU by 1.3%, F1 by 2.6% on CrossTask.

Transcript Prediction. Table 3 shows the normalized
edit distance (smaller is better) between the predicted
transcript and the ground-truth transcript on the test set.
Notice that our SWSL+Self method performs better than
WSLA+Self in all cases. Given that the difference between
the two methods is in using our proposed L. loss,
the improvement shows that encouraging the transcript of
unlabeled videos to have a small distance to the transcripts
of weakly-labeled videos (instead of enforcing them to
coincide) is beneficial for transcript prediction, especially
when the number of labeled videos is small. Besides,
the improvement is more remarkable on CrossTask than
Breakfast, because CrossTask has more diverse transcripts
and benefits more from allowing flexible transcripts.

Comparison with Soft Edit distance. Table 4 compares
the performance of our proposed Soft Restricted Edit (SRE)
distance with Soft Edit (SE) distance, which does not
allow adjacent transposition. Notice that, generally, SRE
performs better than SE, especially when the number of
weakly-labeled videos is small. This comes from the fact



Breakfast CrossTask
WP up MoF  IoU MoF  IoU F1
WSL 1% 0 109 169 | 20.7 8.6 3.0
SWSL 1%  99% | 134 204 | 245 10.7 44

WSL+Self 1% 99% | 18.6 21.8 | 27.8 10.6 9.2
SWSL+Self | 1% 99% | 324 295 | 21.8 9.2 9.9
WSL 2% 0 109 174 | 205 8.6 53
SWSL 2%  98% | 163 224 | 269 114 7.8
WSLA+Self 2%  98% | 276 262 | 223 9.6 9.5
SWSL+Self | 2%  98% | 354 30.0 | 214 9.1 10.1
WSL 5% 0 134 197 | 204 8.7 5.1
SWSL 5%  95% | 244 257 | 235 104 7.9
WSL+Self 5%  95% | 37.1 31.8 | 20.7 8.8 8.3
SWSL+Self | 5% 95% | 39.6 313 | 226 9.1 11.3
WSL 10% 0 204 209 | 232 9.0 7.8
SWSL 10% 90% | 24.7 242 | 232 9.8 9.0
WSL+Self | 10% 90% | 383 314 | 205 8.5 10.0
SWSL+Self | 10% 90% | 40.4 324 | 24.0 9.3 11.7
WSL 20% 0 31.7 264 | 23.6 9.0 8.1
SWSL 20% 80% | 339 289 | 22.6 9.4 10.9
WSL+Self | 20% 80% | 423  33.0 | 22.0 8.5 12.4
SWSL+Self | 20% 80% | 43.5 33.0 | 24.8 9.0 13.2

WSL [ 100% 0 | 5027 359" | 315" 13.2° 188

Table 2. Performance on Breakfast and CrossTask, when using CDFL as
the backbone weakly-supervised module in our framework. (WP: Weakly-
labeled video Percentage. UP: Unlabeled video Percentage. { reported
in [30]; * obtained in our experiments.)

WP Breakfast CrossTask
WSL+Self  SWSL+Self | WSL+Self  SWSL+Self
1% 0.437 0.422 0.538 0.499
2% 0.419 0.403 0.510 0.468
5% 0.358 0.335 0.4388 0.458
10% 0.364 0.318 0.481 0.424
20% 0.322 0.312 0.451 0.406
Table 3. Normalized edit distance (smaller is better) between the
predicted transcript and ground-truth transcript on the test set for MuCon.
MoF TIoU
wp SE SRE SE SRE
1% 243 25.0 29.2 29.8
2% 25.3 26.7 29.9 30.6
5% 31.1 325 30.8 31.7
10% 33.5 36.3 334 334
20% 39.2 39.8 35.8 36.1

Table 4.  Comparison on Soft Edit distance (disallow adjacent
transposition) and our proposed Soft Restricted Edit distance (allow
adjacent transposition) for MuCon on Breakfast with respect to different
Weakly-labeled video Percentage (WP).

that when we have fewer labeled videos, the size of the
weakly-labeled transcript set would be small, therefore, it
is more likely that the order of adjacent actions in unlabeled
videos would be different from that in the transcript set.

Training Effect. Figure 5 shows the performance of two
methods (SWSL+Self and SWSL) on the Breakfast test set
as a function of training epochs. We train the model using
weakly-labeled videos for 60 epochs and then add unlabeled
videos for training. For SWSL+Self, we generate pseudo-
transcripts for unlabeled videos and add a subset of them to
the weakly-labeled set in epoch 80, 100, 120. Notice that at
epoch 60, adding unlabeled videos significantly improves
the performance. For SWSL (right), the model converges

— WP=1% — WP=1%

WP=10%

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch

Figure 5. IoU of different methods on the Breakfast test set as a function
of the number of training epochs. Left: SWSL+Self. Right: SWSL.
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Figure 6. Segmentation results for a test video from the task ‘make
scrambled egg’ in the Breakfast dataset.

or even overfits after epoch 80. But if we generate pseudo-
transcripts for unlabeled videos (left), the performance still
improves after each update. Besides, the improvement is
more significant when we have 1% weakly-labeled videos,
which shows the effectiveness of our method in the case of
an extremely small number of weakly-labeled videos. See
supplementary materials for the plots of other methods.
Qualitative Results. Figure 6 shows the segmentation
of a test video from ‘make scrambled egg’ by different
methods. This is a challenging case where the transcript
of the test video is not present in the weakly-labeled
training videos. WSL or WSL+Self will produce transcripts
very different from the ground-truth, while the transcript
predicted by SWSL or SWSL+Self is more close to the
ground-truth. Furthermore, compared with SWSL, the
boundary localization of SWSL+Self is more accurate,
which shows the advantages of self-training.

6. Conclusions

We studied the new problem of semi-weakly supervised
action learning from instructional videos. We proposed
a Soft Restricted Edit distance that leverages unlabeled
videos for training by encouraging the transcript of un-
labeled videos to be close, yet possibly different, from
those of the weakly-labeled videos of the same task. Our
experiments on two datasets showed that our proposed
framework significantly improves the performance.
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