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1. Overview
In this supplementary material, we show comparisons of

I3D [1] and iDT [14] features in task recognition on two
datasets, and present comparison results on the original 10
classes of the Breakfast dataset [7]. We also provide a glos-
sary of terms and a table of symbols we use in the paper.

2. I3D and iDT Feature Comparison in Task
Recognition of Weakly-Labeled Videos

In this section, we compare I3D and iDT features for the
purpose of task recognition in weakly-labeled instructional
videos. Specifically, we present results of existing models
using I3D (Table 1) and iDT (Table 2) features on the MPII
Cooking 2 dataset [13] as well as the first split of the Break-
fast dataset [7].

We used the Fisher vectors of iDT features as in [7, 11].
The Fisher vectors for each frame are extracted over a slid-
ing window of 20 frames. They are first projected to a
64-dimensional space by PCA, and then normalized along
each dimension. Also, we extracted the I3D features of the
Cooking 2 dataset using TV-L1 optical flow [16] on a mov-
ing window of 32 frames with a stride of 2, and the pre-
computed I3D features of the Breakfast dataset were ob-
tained from [2]. Furthermore, we applied PCA to the ex-
tracted I3D features to reduce the dimensionality of RGB
and optical flow channels from 1024 to 128. We fed the
same features to all competitors except [15] in Table 3
whose code is not publicly available, so we compare with
their reported result on ResNet101 [4] features.

In the Cooking 2 dataset, we train the models on the
training split and test on the test split. However as [8] and
[12] take a long time to train and infer the segments, in Ta-
bles 1 and 2, we only use the first split of the Breakfast
dataset to evaluate the difference in performance of all mod-
els when using I3D and iDT features as input. Note that the
reported task recognition results on the Breakfast dataset in
the paper are the average of all four splits using the best case
for each method.

Explicit task classification methods, e.g., ours, W-TALC

Breakfast (1st split) (%) Cooking (%)
Models t-acc t-mAP t-acc t-mAP
NNViterbi[12]∗ 57.14 - 23.80 -
CDFL[8]∗ 66.26 - 28.57 -
W-TALC[10]∗ 75.79 78.96 33.33 43.07
3C-Net[9]∗ 75.39 78.50 30.95 46.30
Timeception[5]∗ 79.50 82.53 21.43 25.14
VideoGraph[6]∗ 80.06 - 23.80 -
Our Method 81.74 88.30 45.24 54.49

Table 1. Task classification results of state-of-the-art methods
using I3D features on the Cooking 2 dataset and the first split of
the Breakfast dataset. (* results obtained using the author’s source
code).

Breakfast (1st split) (%) Cooking (%)
Models t-acc t-mAP t-acc t-mAP
NNViterbi[12]∗ 71.03 - 16.66 -
CDFL[8]∗ 77.38 - 21.42 -
W-TALC[10]∗ 53.17 54.96 19.04 25.85
3C-Net[9]∗ 56.74 60.36 14.28 27.38
Timeception[5]∗ 65.87 71.73 9.52 14.36
VideoGraph[6]∗ 58.93 - 14.28 -
Our Method 60.31 61.72 23.80 27.66

Table 2. Task classification results of state-of-the-art methods
using iDT features on the Cooking 2 dataset and the first split of
the Breakfast dataset. (* results obtained using the author’s source
code).

[10] and 3C-Net [9], consistently perform better with I3D
features on both datasets, whereas the bottom-up inference
of tasks in NNViterbi [12] and CDFL [8] produces mixed
result. In particular, the performance of [8] and [12] on the
Breakfast dataset considerably improves upon using iDT
features. Overall, the more significant presence of object
information in I3D features helps to classify top-level tasks
more accurately, while detecting fine-grained actions seems
to be less affected by such appearance information.



Models t-acc Feature Test Split
Timeception[5] 71.3 3D-ResNet [3] Last 8 subjects
Timeception[5] 69.3 I3D (pre pooling) Last 8 subjects
Timeception[5]∗ 76.6 I3D (post pooling) Split 1
VideoGraph[6] 69.5 I3D (pre pooling) Last 8 subjects
VideoGraph[6]∗ 79.9 I3D (post pooling) Split 1
RhyRNN[15] 44.3 ResNet101 [4] Split 1
Our Method 81.5 I3D (post pooling) Split 1
Our Method 85.2 I3D (post pooling) Last 8 subjects

Table 3. Task classification results (t-acc) of state-of-the-art
methods on the Breakfast dataset for 10 classes. (* results re-
implemented using the author’s source code).

3. Task Classification Results on 10 Classes of
the Breakfast Dataset

Timception [5], VideoGraph [6] and RhyRNN [15]
are the latest state-of-the-art methods to classify tasks in
minutes-long videos and are the closest competitors to our
work. We compared the standard four fold cross validated
results of Timeception and VideoGraph over 9 classes of the
Breakfast dataset in Table 1 of the paper, however, we could
not compare our method to RhyRNN because the source
code of RhyRNN is not publicly available to adjust that
model to our evaluation settings. Hence, in Table 3, we
present comparison results of our method with the reported
accuracy of this method and different versions of other mod-
els over the original 10 classes of the Breakfast dataset. For
a direct comparison with RhyRNN , we show results on the
first split as reported in RhyRNN.

Furthermore, Table 3 shows the original reported results
of Timeception and VideoGraph, which are lower than our
re-implemented versions in both cases. Contrary to the stan-
dard splitting rule of the Breakfast dataset, both works have
used the last 0.15% of subjects in the dataset (8 subjects) to
test their performance. Our result on this split significantly
outperforms previous methods (Table 3). [5] and [6] also
use the output before the last average pooling layer (pre
pooling) in the I3D network as features, unlike us, where
we use the features after the pooling layer (post pooling).
The results in Table 3 suggest the superiority of the latter,
because the lower dimension after pooling allows each net-
work to be given more features as input, which increases
their input temporal range.

Interestingly, the task accuracy for most models, includ-
ing ours, hardly drops upon evaluation on 10 classes and
our method is still superior than different versions of state-
of-the-art.

4. Glossary of Terms and Symbols
As there are similar terms and many symbols used in the

paper, here, we provide specific definitions of terms (Table

5) and symbols (Table 4) for readers to refer to.

Symbol Definition
A The set of all attributes
aj Attribute j
ai,j Attribute j of video i
Ai The set of attributes in video i
~ai Muiltihot ground-truth attribute vector of video i
~awi TF-IDF weighted ground-truth attribute vector of video i
ATB Matrix multiplication of A transposed and B
a · b Scalar multiplication of a and b
β Importance factor of Lth in the total loss
C The set of all tasks
ci Task label for video i
~ci One-hot task ground-truth vector of video i
d Stage duration
F Dimension of the feature encoding φ(x)
fci Final fused classification logits
g(x) The fully connected layer to produce encoding φ(x)
Hx( ) Heaviside step function shifted to x
hκ Feature summary of stage κ
K Number of stages in the THS stream
kφ Temporal convolution kernels to produce φ(x)
ki Number of selected frames of video i from the topk operation
L Kernel length of kφ
lS1 Sequence of S action durations in a video
Lsh Loss function for the SHS stream
Lth Loss function for the THS stream
Lf Loss function of the fused streams
Mi Number of attributes in video i
Mtfidf TF-IDF mask
Ma

x Mapping function from features to attributes
Mc

a Mapping function from attributes to tasks
N Number of videos in the training set/batch
S Number of segments in a video
s[ ] Softmax operation
Sκ Classifier for stage κ in the THS stream
s The parameter used in the topk operation
Ti Number of frames in video i
T Stage aggregation function in the THS stream
τ Task variable
ϑκ Task prediction logits of stage κ
ϑtotal Stage-aggregated task prediction logits
V Set/Batch of training videos
vi Video i
Wtfidf TF-IDF weights
xi Input feature vector for video i
φ(x) Learned video feature encoding
ψai Attribute score vector of video i in the SHS stream
ψci Task score vector of video i in the SHS stream
Ψai T-CAM of video i
δS1 Sequence of S action labels in a video
λ Design parameter in Lsh
Π(τ) Set of all action sequences in the training set given task τ
σ( ) Sigmoid operation
Γ( ) Stage-wise drop out in the stage aggregation function
1( ) Indicator function
� Element-wise product operation

Table 4. Definitions of symbols used in the paper.



Term Definition
Action Lower level actions happening in the form of

segment sequence in instructional videos.
Action alignment Partitioning the video into sequence of ac-

tion segments given a sequence of action la-
bels.

Action detection Classify and localize occurrences of, typi-
cally, a single action in the video among con-
siderable background frames.

Action segmenta-
tion

Partitioning the video into sequence of ac-
tion segments.

Attribute Set of actions or the set of verb/object com-
ponents of actions.

Fully-supervised
classification

Task classification using frame-level and
video-level labels.

Instructional
videos

Videos with a top-level task and a sequence
of fine-grained actions to carry out the un-
derlying task.

Task The single top-level composite activity
present in the video.

Task recognition Classifying the top-level task in long instruc-
tional videos.

Weakly-labeled
videos

Videos with no frame-level annotations. In
our case, only sequence of video-level action
labels is available.

Weakly-
supervised
classification

Task classification without access to frame-
level annotation. We use the term “weak” to
distinguish from fully-supervised methods.

Table 5. Definitions of technical terms used in the paper.
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