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Abstract—One-shot action recognition aims at recognizing
actions in unseen classes in cases where only one training video
is provided. Compared with one-shot image recognition, one-shot
learning on videos is more difficult due to the fact that the temporal
dimension of video may lead to greater variation. To handle this
variation, it is important to conduct further adaptation in the oneshot training process, despite the scarcity of the training data. While
meta-learning is an option for facilitating this adaptation, it cannot
be directly applied for two reasons: first, deep networks for action
recognition can make current meta-learning methods infeasible
to run because of their high computational complexity; second,
due to the greater variation in actions, the adapted performance
may not be higher than the un-adapted one, making it difficult
to train the model by means of meta-learning. To address these
problems and facilitate the adaptation, we propose the AdaptationOriented Feature (AOF) projection for one-shot action recognition.
We first pre-train the base network on seen classes. The output of
the network is projected to the adaptation-oriented feature space
by fusing the important feature dimensions that are sensitive to
adaptation. Subsequently, a small dataset (a.k.a. task) is sampled
from seen classes to simulate the unseen-class training and testing
settings. The feature adaptation is performed on the training
data of this task to integrate the distribution information of the
adapted feature. In order to reduce over-fitting, the triplet loss
is applied to handle temporal variation with fewer parameters
during the adaptation. On the testing data of this task, the losses on
both adapted and un-adapted features are calculated to train the
projection matrix. This sampling-adaptation-training procedure
is then repeated on seen classes until convergence. Extensive
experimental results on two challenging one-shot action recognition
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datasets demonstrate that our proposed method outperforms stateof-the-art methods.
Index Terms—One-shot action recognition, adaptation-oriented
feature projection, AOF, fast adaptation.

I. INTRODUCTION
ECENTLY, deep learning has achieved state-of-the-art
performance in action recognition. However, the training
of deep networks largely relies on the availability of a large
amount of training data. As such, traditional action recognition
methods (e.g., [1], [2]) often train and test on the same classes
with a large number of training samples. However, even with
large-scale datasets, these methods remain limited in multiple
aspects, particularly because not all objects or actions in our lives
can be encompassed within the labels provided in the training
set. To address this problem, one-shot/few-shot1 learning has
attracted widespread attention in the field of object and action
recognition, which aims at recognizing new objects or actions
(unseen classes) given only one, or only a few, training samples.
Nevertheless, successfully learning from only a few examples
still remains a key challenge in machine learning. This is mainly
because the standard supervised learning paradigm does not offer a satisfactory solution for the rapid learning of new concepts
from a small amount of data.
Limited by the scarce training samples in one-shot learning,
current works always handle this problem through knowledge
transferring. That is, apart from unseen classes, we have access
to seen classes with non-overlapping classes and large amounts
of data for pre-training (e.g., [3], [4]). It is therefore necessary
to make good use of seen-class training data and to learn effectively from unseen-class training data. As an alternative to
regular transfer learning methods (e.g., [5], [6]), distance learning is frequently used to learn an embedding space on seen
classes where unseen-class samples are distinguishable [7]. For
example, Matching Network [4] learned an embedding space on
seen classes by simulating unseen-class testing settings, and subsequently obtained the testing image’s label by comparing the
nearest neighbor distance. Moreover, Prototypical Network [8]
extended Matching Network to set a prototype for each unseen
class, while Relation Network [9] further substituted the Euclidean distance by a trainable distance metric.

R

1 For simplicity, we use the term one-shot to represent both one-shot and
few-shot in the rest of this paper.
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Fig. 1. Illustration of the AOF projection. After pre-training, the base network parameters θ need to adapt to unseen classes, and then evaluate on these
classes. To facilitate the adaptation, we propose to project the base network
output f (θ) to the adaptation-oriented feature w · f (θ) by training a projection
matrix w to integrate the adaptation information (i.e., the distribution of adapted
features, marked in blue). By fusing the important feature dimensions, both the
feature and the adaptation will be improved in the projected space.

It should be noted that distance-learning-based methods assume that the embedding space learned on seen classes is good
enough to distinguish unseen classes. As images are simpler
than videos, this assumption holds more easily for one-shot
image recognition. However, this assumption may not hold for
one-shot action recognition, as video’s temporal dimension may
lead to greater variation that will inevitably influence the distance comparison. Therefore, further training on unseen classes
(also called adaptation) is needed in order to rectify the embedding space learned on seen classes. With this in mind, we
present a typical paradigm for one-shot action recognition in
Fig. 1. First, distance-learning-based methods can provide the
pre-trained parameters θ on seen classes. For unseen classes, it
is necessary to train the model on the training data to adapt θ accordingly. Finally, the performance on the unseen-class testing
data is evaluated on the adapted parameters θ . As the adaptation is vital, we consider utilizing meta-learning to facilitate it
by finding the parameters sensitive to the adaptation [10]. To
achieve this goal, while pre-training on seen classes, we constrain the adapted embedding space to be distinguishable, integrating the distribution information of the adapted features (i.e.,
adaptation information, marked in blue in Fig. 1) [10]. That is,
we first sample a small dataset (a.k.a. task, containing individual training and testing data) from the seen classes to simulate
the unseen-class testing setting. We then adapt the features to
the sampled training data and calculate the loss on the sampled
testing data. Moreover, the adaptation information complements
current distance-learning-based methods which only constrain
the un-adapted embedding space.
Essentially, the basic idea behind meta-learning involves taking the adaptation information into account. Some works in
one-shot learning have incorporated meta-learning. For example, [11] used an LSTM [12] as the meta learner and generated
gradients for the base network, while MAML [10] learned an
initialization for one-shot training by constraining the loss of
the adapted feature on seen classes. Meta-SGD [13] extended
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MAML and further learned an updating policy for adaptation.
However, these methods cannot be applied to one-shot action
recognition for two main reasons. First, all of these methods use
small networks. For one-shot learning on images, a simple CNN
(usually four modules with a convolution layer, a batch norm
layer [14], a max pooling layer and ReLU [15] in each module)
will be enough to achieve good performance. However, for action recognition datasets such as UCF11 [16] and HMDB51 [17],
deeper networks with more parameters are applied [18], such as
GoogLeNet [19]. Accordingly, it will be infeasible to run these
methods, which may produce second-order gradients for all parameters with greater computational complexity. Second, these
methods, which are designed for image recognition, assume that
the adapted model will perform better than the un-adapted model
(as this always holds for image recognition). However, for action recognition, due to the fact that greater variations exist due
to the temporal dimension that may influence their recognition,
it is more difficult to find an ideal adaptation method that will
assure performance improvements in the adaptation, which contradicts with the assumption and makes it more difficult for the
model to converge when conducting meta-learning [20].
To utilize the adaptation information while obtaining both
good performance and feasible computational complexity, in
this paper, we propose the Adaptation-Oriented Feature (AOF)
projection for one-shot action recognition. After pre-training
the base network on seen classes, we project the important dimensions, which are sensitive to adaptation, in the base network output (base network feature) to the adaptation-oriented
feature. In order to simulate the one-shot learning setting on
unseen classes, tasks containing individual training and testing data are sampled from seen classes. Subsequently, for each
task, we adapt the feature on its training data so as to integrate the distribution information of the adapted feature. The
triplet loss is applied in the adaptation to handle the temporal variation, which is aimed at reducing over-fitting by utilizing fewer parameters. By jointly combining the losses of the
adapted and un-adapted features on the testing data, the projection matrix is trained to get the importance of each feature
dimension. We repeat the above sampling-adaptation-training
procedure until convergence occurs. Finally, we also use the
triplet loss to adapt the model to unseen classes. Compared with
current distance-learning-based methods, by fusing the important feature dimensions that are sensitive to the adaptation, we
can improve both the extracted feature and the adaptation. Compared with current meta-learning-based methods, by training
only the projection matrix instead of the whole network, our
method has a feasible computational complexity. Moreover, by
jointly combining the losses on both adapted and un-adapted features, our method can achieve better performance for one-shot
action recognition.
A preliminary version of this work has been published in [21].
In this previous work, we proposed utilizing the triplet loss to
handle the temporal variation with fewer parameters compared
with the state-of-the-art Matching Video Net [18]. To learn an
initialization for one-shot learning on unseen classes, we used
distance learning to train the base network. The distribution of
features before and after the adaptation on unseen classes can be
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found in Fig. 1, indicating by Original space. To make better use
of seen-class data and enable the model to learn effectively from
unseen-class data (the distribution of features before and after the
adaptation in the projected space is shown in Fig. 1, marked by
Projected space, which is better than that of the original space),
we extend our previous work in three aspects. First, we propose
to use a projection matrix to project the base network feature in
order to integrate the adaptation information on seen classes with
a feasible computational complexity. Second, by constraining
both the loss of the adapted and un-adapted feature, we train this
projection matrix to improve both the feature and the adaptation,
with good resulting performance. Third, extensive experiments
are conducted on two challenging one-shot action datasets to
evaluate the effectiveness of the proposed method.
The remainder of this paper is organized as follows. In Section II, we discuss the related work. In Section III, we present
our method in detail. Extensive experiments are reported in Section IV. Finally, we conclude the paper in Section V.
II. RELATED WORK
In this section, we will first discuss the state-of-the-art action recognition methods so as to highlight the necessity of introducing one-shot learning for videos. Subsequently, we will
review the representative works in one-shot learning, including
distance-learning-based and meta-learning-based methods.
A. Action Recognition
In essence, action recognition involves categorizing actions
or behaviors in a video into several pre-defined classes. Twostream [1] is a widely-used baseline method that uses the RGB
stream and the optical flow stream to capture both the appearance
and the motion information. To combine the most distinguishable parts of these two streams, [22] proposed using the attention
mechanism to jointly train the networks for both streams. [23]
took the clutter nature of body parts into account and selected
the most discriminative parts in each stream. Later, [24] proposed FASNet to encode and fuse the most relevant and informative semantic cues for action recognition. Beyond these
two streams, [25] and [26] further proposed using a projected
dense trajectory descriptor to form the third stream. Moreover,
to model the long-short dependency of an action, [27] proposed
to aggregate spatial-temporal features with LSTMs, while [28]
proposed a shuttle-like RNN to better handle the long-term dependency. In addition to these methods using 2D convolutional
neural networks, some works such as [29], also proposed a 3D
convolutional network to integrate both the spatial and the temporal information. Furthermore, [30] improved this model to
recognize actions with arbitrary image sizes and video lengths.
To reduce the size of C3D networks, [31] proposed a pseudo-3D
network to simulate the original 3D network, thereby reducing the computational cost while maintaining the performance.
Moreover, [32] used an attention mechanism to further utilize
the information from the skeleton to assist action recognition.
However, these methods still require a vast number of training
samples to train a model. To enable the model to work well when
training samples are hard to get, such as anomaly actions, we

need to focus on how one-shot learning can be applied to action
recognition in videos.
Another related domain is gesture recognition [33], which
aims to recognize human gestures for human-computer interaction. Some works on one-shot learning such as [34], [35] have
been carried out. However, as the search space of gestures is
much smaller than that of general actions, some handcrafted
methods (such as Bag-of-Words in [34] and Histogram Oriented Gradients (HOG) in [35]) could be even more suitable
than deep-learning-based methods in this field, although these
are not directly applicable for one-shot action recognition.
B. Distance-Learning-Based One-Shot Learning
Distance learning plays an important role in one-shot learning. It involves learning an embedding space, in which intra-class
samples are closer to each other while inter-class samples are
farther. After training on seen classes, this embedding space can
be directly used to distinguish samples in unseen classes. This
concept has been widely applied in other fields, including Face
Recognition [7] and Person Re-identification [36]. Following
this idea, [37] proposed to use a Siamese network to build a
binary classifier for input image-pairs to learn the embedding
space. Currently, the evaluation protocol of one-shot learning
is based on the N-way K-shot recognition job (i.e., training to
recognize N classes with K training samples for each). To fit
this evaluation protocol, Vinyals et al. [4] thought that training
on seen classes should simulate the testing setting on unseen
classes. Accordingly, these authors organized the training samples in the N-way K-shot style, which they denoted as Task
or Episode,2 and trained the embedding space by building an
N-way classifier. Subsequently, Prototypical Network [8] extended Matching Network by substituting the cosine distance
with the Euclidean distance in order to implement the Bregman divergence. It then used a larger task size (i.e., larger N)
on seen classes, and computed the prototype of each class by
averaging the features. Despite its simplicity, it achieved better
performance compared with other complex models. Relation
Network [9] further substituted the Euclidean distance with a
trainable distance metric to handle the distance measuring issue in nonlinear space. [38] proposed to adopt some marginal
distance learning methods such as the contrastive loss or the
triplet loss [7] with margins, making it possible to insert distance learning into any other method. Meanwhile, some other
recently proposed methods are trained without organizing data in
N-way K-shot tasks. [39] and [40] proposed to treat the weights
in the fully connected layer as the prototype of each seen class
when using the cosine distance. These methods used the feature
extracted on each unseen sample to represent the prototype of its
own unseen class. [41] extended [39] by further adding an attention loss on each task in order to train an attention mechanism to
assist the prototype representation. For one-shot action recognition, as the only deep-learning-based method so far, Matching
Video Net was proposed in [18] to use GRU [42] and the attention mechanism to train the embedding space.
2 In

this paper, we use Task to represent this setting.
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Furthermore, since the adaptation to unseen-class videos
is also an important issue, we can consider integrating the
seen-class adaptation information via meta-learning to assist the
unseen-class adaptation.
C. Meta-Learning-Based One-Shot Learning
Meta-learning-based one-shot learning methods divide learning into two levels. Learning within each task is referred to as
adaptation, while learning across tasks is called meta-training.
Within each task, meta-learning-based methods typically first
adapt their model to the training data, and then calculate the
loss of the adapted model on the testing data of this task. This
loss is later used to meta-train the model across tasks. It should
be noted that meta-training is performed on seen classes, while
meta-testing is conducted on unseen classes.
In order to find a better adaptation strategy, Meta-LSTM [11]
proposed using the updating rule of the hidden state in LSTM
to simulate the gradient descent procedure, and learned an initialization as well as a gradient generator for one-shot learning.
However, Meta-LSTM was relatively difficult to train. To resolve this issue, MAML [10] proposed to constrain the loss of
the adapted feature, and took the gradient descent itself into account. In meta-training, second-order gradients were required to
train a good initialization for each task. Meta-SGD [13] extended
MAML to further learn a learning rate vector, enabling it to apply a variable-specific learning rate to each variable. DEML [43]
utilized another auxiliary dataset in addition to seen classes to
perform a classification task, allowing it to maintain a good
generalization ability compared with the ordinary MAML or
Meta-SGD. Moreover, Meta Network [44] divided the parameters into fast and slow weights, then used the combination of
these two kinds of weights to produce the output.
However, the methods listed above cannot be directly applied to one-shot action recognition. While small networks can
work well for one-shot learning on images, for one-shot action
recognition, deeper networks are needed (e.g., VGG [45] for
Matching Video Net); thus, these methods will suffer from increased computational complexity to the extent that they may
even become infeasible to run. To make the meta-learning more
lightweight, Reptile [46] proposed using first-order gradients
to substitute second-order gradients in the MAML, and subsequently achieved better performance than both MAML and
first-order MAML (FOMAML) [10] for one-shot learning. Note
that Reptile is used as a baseline method in our experiments.
Compared with Reptile, our method achieves better performance
on one-shot action recognition.
III. ADAPTATION-ORIENTED FEATURE PROJECTION
FOR ONE-SHOT ACTION RECOGNITION
A. Task Description
We begin with introducing the task setting of one-shot learning used in this paper. In the typical machine learning setting,
we are given a regular dataset D, which is divided into a training
part Dtrain and a testing part Dtest . We are required to train our
model on Dtrain and then evaluate performance on Dtest . In

Fig. 2. Task setting in one-shot learning. A dataset is divided into seen classes
(meta-training) and unseen classes (meta-testing). N-way K-shot recognition
tasks (training with N classes and K samples in each class) are sampled. One-shot
learning (adaptation) and testing are performed on Dtrain and Dtest of these
tasks, while meta-training is conducted across seen-class tasks. The performance
is measured by averaging the accuracies of unseen-class tasks.

one-shot learning, we are given multiple regular datasets sampled from D, such that each D ∈ D has its own Dtrain and
Dtest . As in most previous works (e.g., [4], [11]), we are required to conduct the N-way K-shot recognition task: i.e., for
each D, there are K training samples for each of the N classes
in Dtrain , and the performance is evaluated on these N classes
in Dtest . In previous works, D is referred to as either episode
or task; for clarity we use task to represent this setting in the
remainder of this paper.
Following previous works, one-shot learning is formulated
in a meta-learning way. The whole group of meta-sets D is
divided into Dtrain and Dtest for meta-training and meta-testing
respectively. Dtrain is sampled from seen classes C1 , . . ., CS ,
while Dtest is sampled from unseen classes CS+1 , . . ., CS+U . To
make the two-level training clearer, the training within each task
is termed adaptation, while the training across tasks is referred
to as meta-training.
In this setting, we first need to sample Dtrain from the seen
classes C1 , . . ., CS . For each seen-class task Ds ∈ Dtrain , we
s
s
and calculate the loss on Dtest
;
adapt the model to Dtrain
the loss of each task is used to meta-train the model across
tasks. Once meta-training is complete, we sample Dtest from
the unseen classes CS+1 , . . ., CS+U . For each unseen-class task
u
is evaluated after adapting
Du ∈ Dtest , the accuracy on Dtest
u
the model to Dtrain . The final performance on unseen classes
is then averaged on Dtest . This setting is shown in Fig. 2.
As shown in Fig. 3, we first train our base network and the
projection matrix on seen classes, and then adapt the base network and test on unseen classes. The base network pre-training
will be introduced in Section III-B. Because the seen-class adaptation (which is conducted in the projection matrix training) is
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Fig. 3. Framework of our method. Tasks are sampled in the one-shot learning setting. We first pre-train the base network on seen classes, and then train the
projection matrix. Finally, we adapt the model and test on unseen classes. In the base network training, we compare the cosine distances of samples from different
classes, and minimize the distances of samples from the same class. In the projection matrix training, we use frames from each video to form triplets, and use the
s
triplet loss to handle the temporal variation with fewer parameters. For each task, we first calculate the triplet loss g(θ, w, Z) on Dtrain
, adapt the base network
parameter θ, and use the adapted parameters θ together with the un-adapted ones θ to calculate the meta loss L(θ , w, Xt ) + λL(θ , w, Xt ), and then meta-train
the projection matrix w using the combined loss. The sampling-adaptation-training procedure is repeated until convergence. Finally, in unseen-class adaptation
and testing, the triplet loss is applied to adapt the feature to unseen classes; the final performance is the averaged accuracy on unseen-class tasks.

a simulation of the unseen-class adaptation, we will then discuss the unseen-class adaptation and testing in Section III-C.
Finally, the projection matrix training will be presented in detail
in Section III-D.
B. Base Network Pre-Training
To learn a good initialization for tasks on unseen classes, we
first pre-train our base network on seen classes using Matching
Network [4], a distance-learning-based method.
In each iteration of this period, we sample a seen-class task
s
s
) and training videos (Dtrain
)
containing testing videos (Dtest
s
= {xt }
from N classes, which will be referred to as Dtest
s
3
= {(xi , yi )}N
and Dtrain
i=1 respectively; here, xi or xt denote a video, while yi ∈ R represents the label of xi . Let
s
) ∈ R denotes the probability of xt on class yt ,
P (yt |xt , Dtrain
we compute this probability by
ec(f (θ,xt ),f (θ,xi ))
s
P (yt |xt , Dtrain
) =  c(f (θ,x ),f (θ,x ))
t
j
je

(1)

where f (θ, x) ∈ Rn×1 denotes an L2 -normalized feature extracted from video x by a CNN with parameters θ to be learned,
and c(·) is a similarity function that typically refers to the cosine
similarity. With the computed probability over all classes, we
can use the cross-entropy loss computed as
s
))
Lm (θ, Xt ) = − log(P (yt |xt , Dtrain

(2)

3 To simplify the formulation, we take one training video (K = 1) as an exK
1
f (θ, xji ), where xji is
ample. When K > 1, replace f (θ, xi ) with K
j=1
the jth video of class i.

to train the base network. For simplicity, we here use Xt =
s
s
{xt , Dtrain
} to represent the composition of xt and Dtrain
. This
procedure is shown in Fig. 3 as the Base Network Pre-training
part.
After initializing the base network on seen classes, we project
the feature into another space using the matrix w ∈ Rm×n
and get the projected feature fp (θ, w, x) = w · f (θ, x) ∈ Rm×1 ,
which enables the model to learn effectively from one-shot training data in this space. Projection matrix training will be described in Section III-D.

C. Unseen-Class Adaptation and Testing
Because the seen-class adaptation, which is conducted in the
projection matrix training, is a simulation of the unseen-class
adaptation, we first introduce the unseen-class adaptation in this
section. Assume that we have already trained a projection matrix. After the projection matrix training, we need to adapt the
model and test on each task sampled from unseen classes. Unlike most distance-based works (e.g., [4], [8])) on image one-shot
learning, which test the performance directly after initialization,
u
we further train our model on the triplets sampled from Dtrain
within each unseen-class task, enabling us to handle the temporal
variation of each video.
The state-of-the-art work on one-shot action recognition,
Matching Video Net [18], uses GRU [42] to handle the temporal variation. However, this also results in a large number of
parameters being imported in their model, with the consequence
that heavy over-fitting occurs. Therefore, we use the triplet loss
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to handle the temporal variation by decreasing the intra-class distances and increasing the inter-class distances. Since far fewer
parameters are thus needed in the adaptation, our model can
u
compared with
effectively reduce the over-fitting on Dtrain
Matching Video Net.
As shown in the Unseen-class Adaptation and Testing part
of Fig. 3, for each triplet, we first sample an anchor zia and
u
of this task,
a positive video clip zip from one class in Dtrain
n
and then sample a negative video clip zi from the other classes
u
or seen classes). Subsequently, we
(this can come from Dtrain
calculate the loss of this triplet as follows:
Nt
1 
g(θ, w, Z) =
{− log(P (zip )) + log(P (zin ))
Nt i

+ max{0, α + ||fp (θ, w, zia ) − fp (θ, w, zip )||22
− ||fp (θ, w, zia ) − fp (θ, w, zin )||22 }}

(3)

where ||22 denotes the squared L2 -norm, Nt is the total number
of sampled triplets, α is a predefined hyper-parameter, and Z =
{zia , zip , zin } is the composition of zia , zip and zin . We also add
a cross-entropy loss in g(θ, w, Z) to make the adaptation more
stable. The probabilities of the positive and negative samples are
computed as follows:
a

P (zi ) = 

ec(fp (θ,w,zi ),fp (θ,w,zi )))
c(fp (θ,w,zia ),fp (θ,w,z)))
z∈{z n ,z p } e
i

(4)

i

where zi can be either zip or zin . After adapting to Z sampled from
u
u
for several iterations, given Dtrain
= {(xui , yiu )}N
Dtrain
i=1 and
u
u
the testing video Dtest = {xt }, we can calculate the probability
distribution of the testing video as


u



u

ec(fp (θ ,w,xt ),fp (θ ,w,xi ))
u
) =  c(f (θ ,w,xu ),f (θ ,w,xu ))
P (ytu |xut , Dtrain
p
p
t
j
je

(5)

where yiu ∈ R refers to the label of the video xui , θ denotes the
adapted parameters, and the other symbols are the same as those
in Eq. (1). With this probability distribution of the testing video
xut , we can get the accuracy of this task.
Moreover, by repeating this adaptation-testing procedure and
calculating the accuracy of each task, we can obtain the average
performance on unseen classes.
Note that if we here use f to replace fp in Eq. (3), (4), and
(5) and abandon the projection matrix training procedure, this
method is equivalent to HEDT in our previous work [21]. We
use this previous work as a baseline in our experiments and refer
to it as HEDT .
D. Projection Matrix Training
In addition to comparing the distance of samples in seen-class
tasks as in [4] and [8], we also use the adaptation information
within each task to facilitate the adaptation. We thus propose to
use a projection matrix w ∈ Rm×n to project the learned feature
f (θ, x) ∈ Rn×1 to the adaptation-oriented feature fp (θ, w, x) =
w · f (θ, x) ∈ Rm×1 , which enables the model to adapt more
effectively to the one-shot training data. To make use of the
adaptation information, we sample tasks from seen classes to
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simulate the unseen-class one-shot learning setting. To mimic
the unseen-class adaptation, we perform the adaptation on sampled seen-class tasks in the same way it is performed on unseen
classes; that is to say, both the triplet sampling and the loss
function used in this seen-class adaptation have the same formulation as those used in Section III-C, except that all video
s
.
clips are sampled from Dtrain
s
))
For better clarity, as the meta-loss − log(P (yt |xt , Dtrain
on the testing data within tasks can be calculated either with or
without adaptation, we refer to the meta-loss after adaptation as
Post-adaptation Loss, while the meta-loss without adaptation is
referred to as Pre-adaptation Loss. When training the projection
matrix, we constrain both the pre-adaptation loss and the postadaptation loss. We will next introduce each of these training
methods separately.
1) Constraining the Pre-Adaptation Loss: Pre-adaptation
s
without adapting to
loss means the loss calculated on Dtest
s
Dtrain . For simplicity, we use

L(w, θ, Xt ) = − log

ec(fp (θ,w,xt ),fp (θ,w,xi ))
 c(f (θ,w,x ),f (θ,w,x ))
p
t
p
j
je


(6)

s
, where
to represent the classification loss calculated on Dtest
fp (θ, w, x) = w · f (θ, x) ∈ Rm×1 , while the other symbols are
the same as those in Eq. (1). For preciseness, we use w
=
vec(w) ∈ Rmn×1 to represent the vectorization of w. Note that
w
 and w are actually equivalent. We can update w as follows:

∂L(w, θ, Xt )
∂w
∂(w · f (θ, Xt )) ∂L
=w
−β·
·
∂w
∂fp

w
=w
−β·

=w
 − β · (f (θ, Xt ) ⊗ Im ) ·

∂L
∂fp

(7)

where β is the learning rate and ⊗ denotes the Kronecker product. Note that f (θ, Xt ) is irrelevant to w. As in the base network
training, every time when we sample a task from the seen classes,
s
, and train the projection
we need to calculate the loss on Dtest
matrix w across tasks.
As constraining the pre-adaptation loss does not in fact require
integrating the adaptation procedure, this loss can achieve the
same goal as the base network training, i.e., training a good
embedding by means of distance learning. From another point
of view, constraining this loss can be viewed as adding a fully
connected (FC) layer with no activation function, and then tuning
it with the other layers fixed; that is, the improved performance
may result from the deepened network structure. To avoid this
kind of confusion and validate the effectiveness of the following
methods, we use this method as a baseline in our experiments.
2) Constraining the Post-Adaptation Loss: As stated before,
the adaptation to one-shot training samples is essential. In order to facilitate this adaptation, we first sample tasks from seen
classes to simulate the unseen-class task setting. We then adapt
s
by the triplet loss in Eq. (3) (note that
the model to Dtrain
s
), and calculate the
now the triplet Z is sampled from Dtrain
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s
post-adaptation loss of the adapted model on Dtest
, which allows us to make use of the distribution information of the adapted
features.
More precisely, we use g(θ, w, Z) to represent the triplet loss
s
within a
described in Equation (3). While adapting to Dtrain
task, we need to calculate the loss of this part of data, and adapt
the parameters of the base CNN by

θ = θ − r ·

∂g(θ, w, Z)
∂θ

(8)

where r is the adaptation learning rate on this task. After
this adaptation, we will have the new base network parameters θ , which can be used to calculate the classification loss
s
of this task, as described in Eq. (6).
L(θ , w, Xt ) on the Dtest
Next, we update w by
∂L(θ , w, Xt )
∂w
∂(w · f (θ , Xt )) ∂L
·
=w
−β·
∂w
∂fp


∂f (θ , Xt )
∂L

T
·w ·
=w
 − β · f (θ , Xt ) ⊗ Im +
∂w
∂fp

w
=w
−β·

θk = θ0 − r0 ·

=w
 − β · (f (θ , Xt ) ⊗ Im
+

∂(θ − r · (∂g(θ, w, Z)/∂θ)) ∂f (θ , Xt )
∂L
· wT ) ·

∂w
∂θ
∂fp

=w
 − β · (f (θ , Xt ) ⊗ Im ) ·
−β·r·

∂L
∂fp

∂(∂[−g(θ, w, Z)]/∂θ) ∂f (θ , Xt )
∂L
· wT ·
∂w
∂θ
∂fp

=w
 − PA − PB

updating on these dimensions will result in good performance
promotion.
Another part of the gradient is PB . On the one hand, as [47]
and [10] suggest, the ReLU neural networks are locally almost
linear, making the second derivatives close to zero. On the other
hand, as the adaptation learning rate r is multiplied within this
term (we always have r << 1), the effect of PB can be much
smaller than that of PA . Therefore, it is the term PA rather than
PB that plays a main role during the projection matrix training.
is in PB , which is aimed at
Note that the term ∂(∂[−g(θ,w,Z)]/∂θ)
∂w
adjusting the speed at which the model learns during the adaptation. Intuitively, we understand this as a way to find the most
suitable learning speed for the adaptation, since either a higher
or a lower speed will lead to poorly adapted features.
As PA plays the main role in the projection matrix training,
the key factor, how much the model learns during the adaptation,
is controlled by the adaptation learning rate r and the number of
adaptation steps. However, computing a multi-step adaptation
is computationally expensive. Thus in the meta-training period,
we use an one-step adaptation with a large r to simulate a multistep adaptation with a small r [48]. If we set a small adaptation
learning rate r0 as in the meta-testing period, we can have

(9)

This procedure is represented in the Projection Matrix Training part of Fig. 3 (with λ set to 0, as will be described later). Note
that during the adaptation, the projection matrix is fixed, while
during the meta-training, the initialization of the base network
is fixed; this is because the adapted parameters θ within each
task are discarded across tasks.
To analyze the post-adaptation loss, we use PA and PB to
represent the corresponding terms in Equation (9). Note that if
the adaptation learning rate r is set to 0, PB will be 0 and the
adapted base network parameter θ will be equal to θ; thus, PA
will be degraded to the gradient of the pre-adaptation loss, as
shown in Eq. (7).
Compared with the gradient of the pre-adaptation loss, PA replaces the original base network parameters θ with the updated
parameters θ . Similar to the pre-adaptation loss, PA is aimed at
constraining the post-adaptation embedding to be distinguishable. However, unlike in the pre-adaptation loss, the computation of the adaptation from θ to θ has been added to the gradient
computation, which will train the model to find a good way to
keep the adapted features discriminative enough. We interpret
the training as fusing the important feature dimensions sensiu
,
tive to adaptation [10], so that during the adaptation to Dtrain

k−1

∂Li
i=0

≈ θ0 − r0 · k ·

∂θi
∂L0
∂θ0

(10)
(11)

where the parameters are updated for k steps in one task from the
initial parameters θ0 to the updated parameters θk . If we set the
batch size to be k times that of the original one, and further set
r = k · r0 , we can use this approximation to efficiently proceed
k step updates in only one step efficiently in the meta-training
period.
As discussed in [48], this kind of approximation requires that
the model cannot differ too much between steps. [48] also provides a warm-start mechanism to avoid large differences due to
the training from scratch. However, for our model, an initial state
has been well trained in the base network training procedure, and
the projection matrix is fixed during the adaptation. Thus, if we
set r properly, our base network will not differ too much between steps of the adaptation, meaning that this approximation
still holds.
The effect of this adaptation learning rate will be discussed in
Section IV-D2.
3) Combining the Pre-Adaptation and Post-Adaptation Loss:
Unlike current meta-learning based methods, we combine the
pre-adaptation loss and the post-adaptation loss.
Although constraining only the post-adaptation loss can indeed push the model to have a better adapted feature (which
is the final goal of the proposed method), it may not be easy
for the model to converge during meta-training under these
circumstances. On the one hand, compared with constraining
the pre-adaptation loss, constraining the post-adaptation loss requires a longer chain to compute the gradient for each variable,
which may lead to a higher probability of gradient vanishing or
explosion. On the other hand, compared with one-shot image
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recognition (e.g., [10], [46]), video’s temporal dimension may
lead to greater variation; therefore, it is more difficult to find
an ideal adaptation method to fit all action classes, leading to
different performance improvements on different classes (e.g.,
methods can have different performance between short-time and
long-time dependent actions [25], [26]). As a result, compared
s
with adapting to images, it is more likely to over-fit Dtrain
when adapting to videos, which is similar to the negative adaptation described in [20]. That is to say, merely constraining
the post-adaptation loss may result in the model learning from
a worse state (i.e., the over-fitted parameters, compared with
the un-adapted ones). When encountering this kind of difficulty, merely constraining the post-adaptation loss may leave the
model hard to converge during meta-training, leading to a lower
performance than that would result from merely constraining the
pre-adaptation loss. By contrast, combining the pre-adaptation
loss will push the model to learn a good projected un-adapted
feature, which can also help to reduce the post-adaptation loss
by finding the distinguishable dimensions in the base network
feature (i.e., these dimensions can overlap with those sensitive
to the adaptation), thereby making the training relatively simpler. With the adaptation learning rate r in Eq. (9), this training
will not be degraded to merely constraining the pre-adaptation
loss. Thus, we finally use the combination of these two kinds of
losses, which can be represented as

Lmeta = L(θ, Xt , w) + λL(θ, Xt , w)

(12)

where λ is a pre-defined hyper-parameter. Experiments of this
combination will be conducted in Section IV-D.
After training the base network and the projection matrix on
seen classes, we can adapt and test on unseen-class tasks, as has
already been illustrated in Section III-C.
4) Computational Complexity: Current widely used metalearning algorithms (e.g., [10], [11]) require the computation
of second-order gradients for all parameters within the base network, which makes them infeasible to run when deeper networks
such as VGG [45] are applied. Compared with these methods,
the computational complexity of our method is lower, as we
only need the second-order gradients for the projection matrix
in PB of Equation (9)
w. In fact, the term ∂(∂[−g(θ,w,Z)]/∂θ)
∂w
is the only place where the second-order gradients are needed.
For simplicity, we can understand this term as a matrix of size
nθ × mn where nθ denotes the number of parameters in the
whole network. For the second-order gradients of all variables,
the Hessian matrix will be of size nθ × nθ , which means a computational complexity of o(n2θ ). However, in practice, for deep
networks such as VGG [45], nθ can be as large as 108 , while mn
can be much smaller; this means the computational complexity
of the second-order term in our method can be viewed as o(nθ ).
As other terms in our methods only require the first-order gradients (with a computational complexity of o(nθ )), the overall
computational complexity is still o(nθ ), which is much smaller
than the original and makes it feasible for the GPU to run.
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IV. EXPERIMENTS
In this section, we will first describe the datasets used to evaluate our method, then present the implementation details of it.
Finally, the experimental results will be reported.
A. Datasets
To evaluate our method and compare with the state-of-the-art
methods, we follow [18] and [21] to conduct experiments on two
challenging one-shot action recognition datasets: UCF11 [16]
and HMDB51 [17].
UCF11 is a challenging dataset containing 11 actions and
1,600 videos in total. Videos in this dataset vary in camera motions, object appearances and poses, object scales, view-points,
cluttered backgrounds, illumination conditions, and so on [16].
Following the experimental settings used in both [18] and [21],
we randomly split 11 classes in UCF11 into 6 seen classes and
5 unseen classes, then repeat experiments on 6 different random
splits to obtain the average 5-way 1-shot and 5-shot accuracy.
HMDB51 is another challenging action dataset collected from
various sources, including movies and web videos. It contains
6,849 clips and 51 action categories, with at least 101 clips in
each category. These categories contain both gentle actions, such
as smiling or smoking, and drastic actions, such as shooting
balls or swinging baseball, thus making it even more challenging. To evaluate our method, we also follow the experimental settings used in [18] and [21] to randomly split 51 classes
into 41 seen classes and 10 unseen classes, and then repeat experiments on 12 different random splits to obtain the average
performance.
B. Implementation Details
We use Tensorflow [49] to implement our model and use
GoogLeNet [19] as our base network, following the settings
in [21]. Experiments are conducted on NVIDIA Tesla V100
GPU. As shown in Section III-D, our method requires calculation of the second-order gradients. However, the standard
GoogLeNet contains the local response normalization (LRN)
layer, but Tensorflow does not support the calculation of the
second-order gradient of that layer. Considering that LRN may
not be useful as suggested in [14], we abandon this layer in our
base network. This modified GoogLeNet is then pre-trained on
ImageNet [50], as in [21].
After initializing the base network on ImageNet, we then
pre-train the base network on the seen classes of each dataset,
as described in Section III-B. In the projection matrix training
period, we set the adaptation learning rate r to 0.03 and set
the number of adaptation steps to 1, as the approximation of a
multi-step update has been included in Section III-D2. We set the
meta learning rate to 0.1 and decay to 0.01 after 3000 iterations
on seen classes. For the meta-training, we set the meta batch size
to 4; that is, the average gradient will be back propagated after
a batch of tasks of this size is forwarded. For the input images,
we resize the raw images to 256 × 256, then randomly crop
them to 224 × 224, and randomly flip them left and right. Next,
we randomly sample one image to represent each video during
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TABLE I
5-WAY 1-SHOT PERFORMANCE COMPARISON WITH STATE-OF-THE-ART
METHODS. RESULTS ON UCF11 ARE AVERAGED ON 6 SPLITS. METHODS
LISTED IN THE FIRST SET ARE BASELINES

TABLE II
5-WAY 1-SHOT PERFORMANCE COMPARISON WITH STATE-OF-THE-ART
METHODS. RESULTS ON HMDB51 ARE AVERAGED ON 12 SPLITS. METHODS
LISTED IN THE FIRST SET ARE BASELINES

meta-training. For meta-testing, we set the probability that the
negative samples come from seen classes to 0.3 and the number of adaptation steps to 5. We follow [21] to sample 5 images
with a stride of 10 to represent each video, without cropping or
flipping, and then calculate the average feature for that video.
To obtain the average performance on unseen classes, in each
u
, and
task we randomly sample 32 testing samples to form Dtest
calculate the average accuracy on 4000 randomly sampled tasks,
which is taken as the final performance. In the 5-shot experiments, we follow [8] to calculate the average of five samples as
the prototype of this class.
C. Comparison With State-of-the-Art Methods
The comparisons with state-of-the-art methods on UCF11 and
HMDB51 are presented in Tables I and II respectively. Matching Video Net [18] and HED [21] are used as the state-of-the-art
one-shot action recognition methods, while HED is our previous
work. The full version of HED requires Hierarchical Temporal
Memory (HTM) [51] to weight each frame; accordingly, to facilitate fair comparison, a simplified version of HED that only
uses the triplet loss to adapt to unseen classes (referred to as
HEDT ) is used as our baseline. Moreover, because the base network used in HED and our method are not identical (GoogLeNet
vs. modified GoogLeNet), we re-implemented HEDT using the
modified GoogLeNet and denote the result as HED∗T . In addition, as our method further adds a fully connected (FC) layer
(without activation) to the top of the base network, performance
promotion may result from the deepened network structure; to
avoid any kind of confusion that may result from this, we also
tested each component of our method and reported the performance after constraining the pre-adaptation loss. This baseline
is denoted as Pre-Loss.

Reptile [46] is the state-of-the-art meta-learning method for
few-shot learning, and can be considered as an improved version of MAML and Meta-SGD. Compared with MAML or
Meta-SGD, it only requires the first-order gradients for training, making it feasible to run when using a deeper base network.
To facilitate fair comparison, we use the same network structure
(i.e., the modified GoogLeNet with a projection matrix) as the
backbone: that is, we first train the base network on ImageNet,
then tune it on the seen classes in each split of the dataset, and
finally test it on the relevant unseen classes accordingly. We
denote this baseline as Reptile∗ .
Tables I and II report the effectiveness of the proposed method.
To ensure fair comparison with [18] and [21], experiments were
conducted on the RGB stream. We denote the projection matrix
training with only the post-adaptation loss constraint as PostLoss, while the training with both the pre-adaptation and postadaptation loss is referred to as AOF.
As shown in Tables I and II, the modified version of
GoogLeNet is better than the original version: that is, the performance is promoted from 59.7% to 62.9% on UCF11 and from
46.9% to 47.8% on HMDB51. Meanwhile, training the projection matrix by constraining the pre-adaptation loss can also
improve the performance, mainly because the base network is
deepened. Furthermore, constraining the post-adaptation loss is
better than constraining the pre-adaptation loss, as indicated by
the fact that the Post-Loss accuracies on both datasets are higher
than that of Pre-Loss. However, the magnitude of this improvement is not identical on the two datasets. This is because the
sizes of the seen classes in the two datasets are different: on average, UCF11 has about 870 seen-class videos in each split, while
HMDB51 has 5500. This makes it easier to train on HMDB51
due to more meta-training data, even though videos in HMDB51
are much more complicated than those in UCF11. Finally, constraining both the pre-adaptation and post-adaptation losses can
lead to the best performance, with about 4% improvement on
HMDB51. This is because constraining these two losses allows
us to better handle the training on those difficult videos, as discussed in Section III-D3.
It should be noted that Reptile, despite being the state-of-theart meta-learning method, cannot achieve comparable performance even with a projection matrix attached. On UCF11, because Reptile is required to train all parameters, it easily over-fits
on the seen classes due to the limited seen-class size. This limitation causes the performance to be even lower than HEDT ,
which only uses a modified GoogLeNet. It is also difficult for
Reptile to converge on HMDB51, most likely because Reptile
relies too heavily on the post-adaptation performance. In most
cases, the post-adaptation performance should be higher than
the pre-adaptation performance; on HMDB51, however, as more
complicated variations exist in each video, it does not hold again.
Thus, we can only use a very small adaptation learning rate to
prevent the post-adaptation performance from dropping, making it very difficult to converge. Instead, our method further
constrains the initial point of adaptation, i.e., the pre-adaptation
loss. This loss pushes the model to find the distinguishable dimensions in the un-adapted base network feature, which can
overlap with those dimensions sensitive to the adaptation, making the training relatively simpler, as discussed in Section IV-E.
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TABLE III
5-WAY 5-SHOT PERFORMANCE COMPARISON WITH STATE-OF-THE-ART
METHODS. RESULTS ON UCF11 ARE AVERAGED ON 6 SPLITS. METHODS
LISTED IN THE FIRST SET ARE BASELINES

TABLE IV
5-WAY 5-SHOT PERFORMANCE COMPARISON WITH STATE-OF-THE-ART
METHODS. RESULTS ON HMDB51 ARE AVERAGED ON 12 SPLITS. METHODS
LISTED IN THE FIRST SET ARE BASELINES

Fig. 5. (a) Accuracy in each step of adaptation on HMDB51. (b) Magnitude
of the accuracy promotion in each step on HMDB51. Note that step(i) in (b)
equals step(i) - step(i-1) in (a).

Fig. 4. (a) Accuracy in each step of adaptation on UCF11. (b) Magnitude of the accuracy promotion in each step on UCF11. Note that step(i) in
(b) equals step(i) - step(i-1) in (a).

Therefore, we can have a better performance when training the
projection matrix on these difficult videos.
To enable further comparison on 5-shot performances on
UCF11 and HMDB51, we also reported the 5-shot performances
on these two datasets in Tables III and IV respectively. These
results follow the same trend as those in Tables I and II.
D. Evaluation of Meta-Training
1) Promotion to Adaptation: Fig. 4 and Fig. 5 show the promotion to the adaptation brought about by the post-adaptation

loss, where the average accuracy in each step during the unseenclass adaptation is plotted. Four methods are included: HED∗T ,
Pre-Loss, Post-Loss and AOF. To better illustrate the magnitude
of the performance promotion in each step, the promotion magnitude is also calculated in Fig. 4(b) and Fig. 5(b): that is, step(i)
in Fig. 4(b) equals step(i) - step(i-1) in Fig. 4(a), and the same
calculation is also conducted in Fig. 5(b).
From both Fig. 4(b) and Fig. 5(b), four conclusions can be
drawn. Firstly, Pre-Loss can converge faster and better than
HED∗T , as the blue line is above the gray one at almost every step. This is because, by attaching a projection matrix, the
deepened network is able to learn a better feature space to distinguish different classes, which is accomplished by finding distinguishable feature dimensions that overlap with those sensitive to
adaptation.
Secondly, Post-Loss can effectively converge faster and better
than both HED∗T and Pre-Loss, as shown by the fact that the orange line is always higher than both the gray and the blue ones in
both Fig. 4(b) and Fig. 5(b). This is because the post-adaptation
loss trains the projection matrix to fuse dimensions sensitive to
the adaptation in the base network output, with the result that
updating on these dimensions will lead to higher performance
promotion, as discussed in Section III-D2.
Thirdly, Post-Loss is better than HED∗T and Pre-Loss even
at the first step, as shown by step0 in Fig. 4(a) and Fig. 5(a).
Note that the improved first-step performance also means
that the projected feature is better than both the original feature and the pre-adaptation loss constrained feature. This is
because the dimensions selected by the post-adaptation loss
can overlap with those selected by the pre-adaptation loss;
moreover, the adaptation information complements the regular
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Fig. 6. Performances of the projection matrix trained with different adaptation
learning rates on one random split of HMDB51.

distance-learning-based methods, which only constrains the preadaptation embedding. Intuitively, this constraint pushes the
model to find its way towards better performance after adapting
to the one-shot training data. There are two ways of achieving
this: increasing the knowledge learned during the adaptation,
and improving the un-adapted feature. Therefore, both the projected (un-adapted) feature and the adaptation are improved.
Fourthly, AOF achieves the best performance among these
four methods in Fig. 4(a) and Fig. 5(a), especially on the challenging dataset HMDB51. As more complicated variations exist
in each HMDB51 video, the adapted performance will not necessarily be higher than the un-adapted one, making it difficult
to converge when constraining only the post-adaptation loss. In
addition, combining the pre-adaptation loss will help to find the
distinguishable feature dimensions that can overlap with those
sensitive to the adaptation, making the training relatively simpler. Therefore, a projection matrix trained by constraining two
losses is likely to be better than that trained via constraining the
post-adaptation loss only. Further discussion will be conducted
in Section IV-E. However, performances of AOF in Fig. 4(b) and
Fig. 5(b) are not the best. This is because, due to the addition
of the pre-adaptation loss, the training of the matrix pays less
attention to improving the adaptation than Post-Loss does. All
in all, however, AOF still outperforms both HED∗T and Pre-Loss
due to a better feature.
2) Effect of Adaptation Learning Rate: An important hyperparameter in our model is the adaptation learning rate r, which
controls how much the model should learn from the one-shot
training data. To explore the effect of this hyper-parameter, the
projection matrix is trained with different adaptation learning
rates on one random split of HMDB51. The results are plotted
in Fig. 6.
The results indicate that when the adaptation learning rate increases (while remaining smaller than 0.03), the performance
increases accordingly. This is because the increase in the adaptation learning rate causes the adapted model to develop more
differences from its un-adapted state, which constrains the model
to learn more from the one-shot training data. On the other hand,
a large adaptation learning rate can also be viewed as an approximation of a multi-step adaptation in each task [48]. This result
is consistent with previous works (e.g., [10], [46]), which also

Fig. 7. Performances of the projection matrix trained with different λ on one
random split of HMDB51.

demonstrate that the model will benefit from the multi-step adaptation. Compared with these previous works, the approximation
of multi-step adaptation makes our model light-weight to the
train the projection matrix.
Moreover, as was discussed in Section III-D2, the prerequisite of this approximation is that the model cannot differ too
much between steps. Accordingly, this prerequisite will not hold
if the adaptation learning rate continues to increase, which will
cause the performance to begin to decline when the adaptation
learning rate grows larger than 0.03.
3) Balance Between the Pre-Loss and the Post-Loss: As discussed in Section III-D3, the hyper-parameter λ controls the
balance between the pre-adaptation loss and the post-adaptation
loss, which can also be viewed as the balance between easytraining and hard-training. To study the effect of this balance,
we carried out experiments on different λ on one random split
of the HMDB51 benchmark. As the number of training samples
during the adaptation is small, the pre-adaptation model and
the post-adaptation model are close; therefore, the sum 1 + λ
can be viewed to be multiplied with the meta learning rate.
As a result, merely adjusting the hyper-parameter λ will import other irrelevant factors (i.e., different meta learning rate)
into the experiments. To alleviate the effect of different sums
of 1 + λ, the experiments are carried out on the normalized
loss Lmeta = (L(θ, Xt , w) + λL(θ, Xt , w))/(1 + λ), which is
equivalent to the loss in Equation (12) given a fixed meta learning
rate.
The results are plotted in Fig. 7; here, the X-axis denotes the
hyper-parameter λ while the Y-axis denotes the corresponding
5-way 1-shot accuracy.
From Fig. 7 we can see that the performance reaches its peak
when λ is around 5.0 to 10.0. With smaller λ, the effect of
meta-training cannot sufficiently promote the performance. Furthermore, when λ is higher than 10.0, the model will rely too
much on the post-adaptation loss, causing the model to be difficult to train and resulting in lower performance.
E. Exploration Experiments
To evaluate the effectiveness of our method on different
classes, the performance on each class of HMDB51 is reported
in Fig. 8, where four methods are included: HED∗T is in gray,
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Fig. 8. Performance on each class of HMDB51. The results show that: (1) Pre-Loss is better than HED∗T in most classes; (2) Post-Loss is better than Pre-Loss
in a large proportion of classes; (3) AOF is the best among most of the classes; (4) Combining this figure with Table V, we can find that for those classes whose
Post-loss accuracy is lower than their Pre-loss accuracy, the first-step accuracy promotion in HED∗T is almost lower than 0. This means that the adaptation methods
(i.e., the triplet loss) may not fit these classes due to the substantial variations in each action, which cause the model to over-fit these classes during the adaptation.
As the adapted model is worse than the un-adapted one, it is harder for the model trained by merely constraining the post-adaptation loss to converge; however,
combining the pre-adaptation loss and the post-adaptation loss can effectively handle this problem, as discussed in Section III-D3.

Pre-Loss is in blue, Post-Loss is in orange, and the combination of two losses (AOF) is in yellow (better viewed in color).
Experiments are conducted on all random splits, as stated in
Section IV-B. We calculate the performance of each class by
accumulating its accuracy in all splits.
From this figure, three conclusions can be drawn. Firstly, attaching a projection matrix to the base network can promote
the performance, as Pre-Loss is better than HED∗T in most
classes. Secondly, constraining the post-adaptation loss is effective, as Post-Loss is better than Pre-Loss in a large proportion of classes. Thirdly, constraining both the pre-adaptation and
post-adaptation loss results in the highest performance among
all methods, as AOF is the best in most classes.
As discussed in Section III-D3, AOF can handle training
on difficult classes, in which the projection matrix trained by
the post-adaptation loss is worse than that trained by the preadaptation loss. To explore the effectiveness of AOF, these difficult classes are presented in Table V, along with the first-step
accuracy promotion (i.e., the accuracy difference between the
first-step adapted model and the un-adapted model) of HED∗T
on these classes. For each difficult class, most of the first-step
performance promotion is smaller than 0. That is, for these
classes, the adaptation method (i.e., the triplet loss) may not
fit these actions due to the substantial variation in each action,
which causes the model to over-fit the scarce training data of
them. Thus, the performance of the one-step adapted model will
be lower than that of the un-adapted one, which is similar to the
negative adaptation described in [20]. Training from the one-step
adapted model will thus be harder, making it difficult to converge when constraining only the post-adaptation loss. This is the

TABLE V
FIRST-STEP PERFORMANCE PROMOTION OF EACH CLASS IN WHICH POST-LOSS
ACCURACY IS LOWER THAN PRE-LOSS ACCURACY

reason why Post-Loss cannot achieve higher performances than
Pre-Loss on these classes.
By contrast, combining the pre-adaptation loss will help to
find the distinguishable dimensions in the base network feature, which can overlap with those sensitive to the adaptation,
thereby simplifying the projection matrix training. Compared
with Pre-Loss, further constraining the post-adaptation loss will
complement it by finding feature dimensions sensitive to the
adaptation. Therefore, constraining both the pre-adaptation and
post-adaptation loss result in the best performance in most
classes.
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V. CONCLUSION
In this paper, we propose a new method, AOF, to integrate the
adaptation information on seen classes using a projection matrix,
with a feasible computational complexity. By jointly constraining the pre-adaptation and post-adaptation loss, we can achieve
good performance when training this projection. Under this
projection, both the feature and the adaptation are improved
by fusing the important feature dimensions that are sensitive to
adaptation. Experimental results on two challenging one-shot
action recognition datasets, namely UCF11 and HMDB51,
demonstrate that AOF can outperform the state-of-the-art
methods.
We have demonstrated the importance of making better use
of available data to improve the unseen-class performance in
this study. However, different frames in each video and different
regions in each frame are not equivalently important. Thus, the
question of how better use could be made of this data is also
an important topic in one-shot action recognition. An attention
mechanism can help the model to focus on the most important
parts in both the spatial and temporal domain, which is an approach that will certainly be investigated in the future work.
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