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Abstract

Spatial and temporal modeling is one of the most core as-
pects of few-shot action recognition. Most previous works
mainly focus on long-term temporal relation modeling based
on high-level spatial representations, without considering the
crucial low-level spatial features and short-term temporal re-
lations. Actually, the former feature could bring rich local se-
mantic information, and the latter feature could represent mo-
tion characteristics of adjacent frames, respectively. In this
paper, we propose SloshNet, a new framework that revisits
the spatial and temporal modeling for few-shot action recog-
nition in a finer manner. First, to exploit the low-level spatial
features, we design a feature fusion architecture search mod-
ule to automatically search for the best combination of the
low-level and high-level spatial features. Next, inspired by the
recent transformer, we introduce a long-term temporal mod-
eling module to model the global temporal relations based on
the extracted spatial appearance features. Meanwhile, we de-
sign another short-term temporal modeling module to encode
the motion characteristics between adjacent frame represen-
tations. After that, the final predictions can be obtained by
feeding the embedded rich spatial-temporal features to a com-
mon frame-level class prototype matcher. We extensively val-
idate the proposed SloshNet on four few-shot action recogni-
tion datasets, including Something-Something V2, Kinetics,
UCF101, and HMDB51. It achieves favorable results against
state-of-the-art methods in all datasets.

Introduction
With the development of deep learning, a large amount of
excellent work has emerged in the field of action recogni-
tion (Li et al. 2022a; Liu et al. 2022b; Wang et al. 2022;
Feichtenhofer et al. 2019; Wang et al. 2018). Most stud-
ies use large amounts of labeled data to perform video un-
derstanding or classification tasks to learn video representa-
tions. Such approaches are unsatisfactory in industrial appli-
cations because of the massive time-consuming and labor-
consuming data annotation. On the contrary, the core as-
sumption of few-shot learning is using only a handful of
labeled training samples from numerous similar tasks as a
surrogate for large quantities of labeled training samples.
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Figure 1: (a): Some examples in few-shot action recognition
(b): Visualization of the attention map from the recent work
TRX (Perrett et al. 2021) and our proposed SloshNet.

Therefore, the attention on few-shot learning methods is in-
creasing daily. The task of few-shot action recognition aims
to classify an unlabeled query video into one of the action
categories in the support set (usually five categories) with
limited samples per action class.

Inspired by few-shot image recognition (Finn, Abbeel,
and Levine 2017; Doersch, Gupta, and Zisserman 2020;
Elsken et al. 2020; Ma et al. 2020), existing few-shot video
action recognition methods mainly focus on comparing the
similarity of different videos in the feature space for recog-
nition. However, videos have an extra temporal dimension
compared to images, so that it is insufficient to represent
the whole video as a single feature vector. Therefore, the
spatial-temporal feature modeling becomes one of the core
problems of few-shot action recognition. Specially, spatial
feature aims to express spatial semantic information for ev-
ery single frame. In some cases, a video could be recog-
nized with only a single frame like the example of the first
row in Fig. 1(a). Current approaches (Bishay, Zoumpourlis,



and Patras 2019; Kumar and Narang 2021; Li et al. 2022b)
usually extract the spatial features through a TSN (Wang
et al. 2016) model. However, they usually consider the high-
level spatial features as default but ignore the evenly cru-
cial low-level spatial features, which contain rich texture
information. Fusing the low-level spatial features with the
high-level ones could compensate and even highlight the
low-level semantic features. For the temporal features, we
classify them into two categories, long-term and short-term
temporal features. Long-term temporal features present the
relationship between spatial appearance features of differ-
ent timestamps, which has also been a hot topic in previous
works. For instance, the action of “high jump” in Fig. 1(a) is
easily mistaken for “running” if the feature of jumping into
the mat in the last frame is not integrated into all the pre-
vious features. Existing methods (Zhu and Yang 2018; Cao
et al. 2020; Perrett et al. 2021) model the long-term temporal
features mainly through hand-designed temporal alignment
algorithms during the class prototype construction process,
which aims to obtain better global features for comparison.
On the other hand, short-term temporal features represent
the motion characteristics of adjacent frames, i.e., focus on
the local temporal relation modeling. For example, in Fig.
1(a), without the short-term temporal information, it is hard
to classify whether the action is “taking the ring out of the
box” or “putting the ring in the box”. Nevertheless, we have
observed that the short-term temporal modeling remains un-
explored for the few-shot action recognition task.

The critical insight of our work is to provide powerful
spatial-temporal features, making it possible to realize effec-
tive recognition with a common frame-level class prototype
matcher for few-shot action recognition. To this end, we pro-
pose a novel method for few-shot action recognition, dubbed
SloshNet, a short forSpatial,long-term temporal andshort-
term temporal features integratedNetwork. Speci�cally, to
exploit the low-level spatial features, we �rst design a fea-
ture fusion architecture search module (FFAS) to automati-
cally search for the best fusion structure of the low-level and
high-level spatial features in different scenarios. Low-level
features focus more on texture and structural information,
while high-level features focus more on the semantic infor-
mation, and their combination can enhance the representa-
tion of spatial features. Furthermore, based on the extracted
spatial appearance features, we introduce a long-term tem-
poral modeling module (LTMM) to model the global tempo-
ral relations. Meanwhile, we design another short-term tem-
poral modeling module (STMM) to encode the motion char-
acteristics between the adjacent frame representations and
explore the optimal integration of long-term and short-term
temporal features. For class prototype matcher, we follow a
frame-level method TRX (Perrett et al. 2021), using an at-
tention mechanism to match each query sub-sequence with
all sub-sequences in the support set and aggregates this ev-
idence. Fig. 1(b) shows the learned attentions of our Slosh-
Net with TRX, where the attention learned by our method is
highly concentrated and more correlated with the action sub-
ject, demonstrating the effectiveness of the spatial-temporal
modeling of our SloshNet. The main contributions of our
work can be summarized as follows:

• We propose a simple and effective network named Slosh-
Net for few-shot action recognition, which integrates
spatial, long-term temporal and short-term temporal fea-
tures.

• We design a feature fusion architecture search module
(FFAS) to automatically search for the best combination
of the low-level and high-level spatial features.

• We introduce a long-term temporal modeling module
(LTMM) and design a short-term temporal modeling
module (STMM) based on the attention mechanism to
encode complementary global and local temporal repre-
sentations.

• The extensive experiments on four widely-used
datasets (Something-Something V2, SSV2 (Goyal
et al. 2017), Kinetics (Carreira and Zisserman 2017),
UCF101 (Soomro, Zamir, and Shah 2012), and
HMDB51 (Kuehne et al. 2011)) demonstrate the
effectiveness of our methods.

Related Works
Few-shot Image Classi�cation
The core problem of few-shot image classi�cation is to
obtain satisfactory prediction results based on a handful
of training samples. Unlike the standard training methods
in deep learning, few-shot image classi�cation uses the
episodic training paradigm, making a handful of labeled
training samples from numerous similar tasks as a surro-
gate for many labeled training samples. Existing mainstream
methods of few-shot classi�cation can mainly be classi�ed
as adaptation-based and metric-based. The adaptation-based
approaches aim to �nd a network initialization that can be
�ne-tuned for unknown tasks using few data, calledgradient
by gradient. The evidence of adaptation-based approaches
can be clearly seen in the cases of MAML (Finn, Abbeel,
and Levine 2017) and Reptile (Nichol and Schulman 2018).
The metric-based approaches aim to �nd a �xed feature rep-
resentation in which the target task can be embedded and
classi�ed. The effectiveness of this kind of approach has
been exempli�ed in Prototypical Networks (Snell, Swersky,
and Zemel 2017) and Matching Networks (Vinyals et al.
2016). In addition, CrossTransformer (Doersch, Gupta, and
Zisserman 2020) aligns the query and support set based on
co-occurrences of image patches that combine metric-based
features with task-speci�c adaptations.

Few-shot Video Action Recognition
Inspired by few-shot image classi�cation, MetaUVFS (Pa-
travali et al. 2021) apply the adaptation-based method and
design an action-appearance aligned meta-adaptation mod-
ule to model spatial-temporal relations of actions over un-
supervised hard-mined episodes. However, the adaptation-
based method requires high computational resources and
long experimental time, so it is less commonly used in
few-shot action recognition compared to the metric-based
method. In this �eld, scholars have developed different sub-
divisional concerns about the metric-based approach. Some
of metric-based approaches (Zhu and Yang 2018; Cao et al.



2020; Li et al. 2022b) focus on hand-designed temporal
alignment algorithms during the class prototype construc-
tion process. Simultaneously, TRPN (Wang et al. 2021) fo-
cuses on combining visual and semantic features to increase
the uniqueness between similar action classes, and another
work (Liu et al. 2022a) focuses on frame sampling strate-
gies to avoid omitting critical action information in temporal
and spatial dimensions. Moreover, unlike the above meth-
ods of prototype matching at the video level, some meth-
ods (Perrett et al. 2021; Thatipelli et al. 2022) inspired by
CrossTransformer match each query sub-sequence with all
sub-sequences in the support set, which can match actions
at different speeds and temporal shifts. Our method focuses
on modeling spatial-temporal relations based on a handful
of labeled data. We can obtain good predictions by feeding
rich spatial-temporal features to a common frame-level class
prototype matcher like TRX (Perrett et al. 2021).

Method

Fig. 2 illustrates our overall few-shot action recognition
framework. The query videoQ and the class support set
videosSk passed through the feature extractor, and store
the output features of each layer in a feature bank. The fea-
tures from the feature bank are input into the feature fu-
sion architecture search module (FFAS) to obtain the spa-
tial fusion featureFQ

SP , FSk

SP . Next, we do the weighted
summation of the fused feature and the original last layer
feature from the feature bank with a learnable parameter

 to obtain the enhanced spatial feature. Followed previ-
ous works (Yang et al. 2020; Zhu et al. 2021b; Thatipelli
et al. 2022), we model the temporal relation after the ac-
quisition of spatial features to obtain better spatial-temporal
integration features. Therefore, the obtained spatial features
will be passed through a long-term temporal modeling mod-
ule (LTMM) and a short-term temporal modeling module
(STMM) to model long-term and short-term temporal char-
acteristicsFQ

LT ; FSk

LT ; FQ
ST ; FSk

ST in parallel. Then do the fu-
sion with another learnable parameter, which adaptively
fuses the two kinds of temporal features. Finally, the class
predictionbyQ of the query videoQ and lossL are obtained
by a frame-level prototype matcher. Details are shown in the
subsequent subsections.

Problem Formulation

The few-shot action recognition is considered an N-way,
K-shot task. It assigns an unlabeled query video to one of
the N classes in the support set, each containing K-labeled
videos that were not seen during the training process. We
follow an episode training paradigm in line with most pre-
vious works (Zhu and Yang 2018; Cao et al. 2020; Per-
rett et al. 2021), where episodes are randomly drawn from
an extensive data collection, and each episode is seen as
a task. In each task, we letQ = f q1; q2; � � � ; ql g de-
note a query video randomly sampledl frames, andSk

m =�
sk

m 1; sk
m 2; � � � ; sk

ml

	
represents themth video in class

k � K randomly sampledl frames.

FFAS: Feature Fusion Architecture Search Module
The low-level features extracted in the earlier layers of the
feature extractor focus more on the structure and texture in-
formation, while the high-level features extracted in the last
layers focus more on the semantic information. The fusion
of them helps improve the spatial representations. Inspired
by (Liu, Simonyan, and Yang 2018; Ghiasi, Lin, and Le
2019), we design a feature fusion architecture search mod-
ule (FFAS). Our goal is to fuse features from different lay-
ers output by the feature extractor with an auto-search fu-
sion module, which enables us to �nd the best combination
of the low-level and high-level spatial characteristics in dif-
ferent scenarios. Speci�cally, we give the features of each
layer (total L layers)F = f F1; � � � ; Fi ; � � � ; FL g (Fi 2
RNT � C i � H i � W i ) whereN; T; C; H; W are the batch size,
time, spatial, height, and width, respectively. To facilitate
the subsequent fusion process, we align each layer feature's
spatial and channel dimension to the last layer feature, i.e.:
Fi 2 RNT � C i � H i � W i ! RNT � C � H � W as follows:

Fi = Modulealign (Fi ) (1)

whereModulealign here is a3 � 3 convolution layer. After
feature alignment, each layer feature will be updated with
the fusion of all previous layers' features as:

Fj =
X

i<j

�oi;j (Fi ; Fj ) (2)

where�oi;j (Fi ; Fj ) is the weighted summation result of the
features of layeri andj after passing all optional fusion op-
erations. We let the set of these fusion options be indicated
asO. In our work, we provide three parameter-free fusion
optionsSum, GPlow , andGPhigh , as shown in Fig. 3(a).
To make the search space continuous, we assign a weight�
to each operation and perform asof tmax . This search task
can be simpli�ed to learning weights� , andoi;j (Fi ; Fj ) can
be calculated as:

�oi;j (Fi ; Fj ) =
X

o2O

exp(� i;j
o)

P
o02O exp(� i;j

o0)
oi;j (Fi ; Fj ) (3)

The feature fusion search process is shown in Fig. 3(b),
and the weights of each fusion operation are initialized
equally. Moreover, the output of the module is the fusion of
the last layer feature with the updated features of all the pre-
vious layers, denoted asFSP 2 RNT � C � H � W . Finally, we
do the weighted summation of the fused featureFSP and
the �nal featureFL output by the feature extractor with a
learnable parameter
� [0; 1], given by

FSP = (1 � 
 ) FSP + 
 FL (4)

LTMM: Long-term Temporal Modeling Module
In few-shot action recognition, many objects move over
time, so many actions could be classi�ed according to their
global temporal contextual information. We employ a long-
term temporal modeling module (LTMM) to model the
global temporal relations based on the extracted spatial ap-
pearance features.



Figure 2: Overview ofSloshNet. The spatial fusion featureFSP is obtained by the future fusion architecture search module
(FFAS). The long-term temporal featureFLT is obtained by the long-term temporal modeling module (LTMM). The short-term
temporal featureFST is obtained by the short-term temporal modeling module (STMM). ThebyQ is the class prediction of the
query video and the lossL is a standard cross-entropy loss.� indicates element-wise weighted summation with a learnable
parameter.

Figure 3: Three feature fusion options, including the sum
option and two types of global pooling options, are shown
in (a), in which Maxpool devotes max pooling. (b) shows
the feature fusion search process.� indicates element-wise
summation and
 indicates element-wise product.

We present the structure of LTMM in Fig. 4. Given a
video feature map after spatial enhancement indicated as
FSP 2 RN � T � C � H � W , it will be reshaped to a sequence
shown asFsq2 RNHW � T � C . Then, we letFsq do self-
attention in the temporal dimension:

Fsq = Fsq + Moduleatt (Fsq) (5)

whereModuleatt is a L t layer multi-head attention. The
obtained features are then pointed-wise re�ned by a residual
feed-forward network to obtain long-term temporal features

Figure 4: The architecture of the long-term temporal model-
ing module (LTMM).� denotes element-wise summation.

FLT 2 RNHW � T � C , given by:

FLT = Fsq + ' (LN (Fsq)) (6)

whereLN denotes the layer normalization and' denotes
the multi-layer perceptron. Next,FLT will be reshaped to
the original input shape (i.e. [N,T,C,H,W]).

STMM: Short-term Temporal Modeling Module
The classi�cation of many action categories requires short-
term temporal information, representing the motion charac-
teristics of adjacent frames, and is bene�cial for recogniz-
ing many temporal-related actions. Therefore, we propose
a novel short-term temporal modeling module (STMM) to
encode the motion information between adjacent frame rep-
resentations in the feature level.

Given a video feature map after spatial enhancement
FSP 2 RN � T � H � W � C , we obtain query-key-value triplets
using learnable weightsW1; W2; W3 2 RD � D ,

Fq = FSP W1; Fk = FSP W2; Fv = FSP W3 (7)
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