


Though these works have obtained significant results, there
are still two limitations: first, existing standard metric-based
techniques mainly focus on local frame-level alignment and
are considered limited since the essential global informa-
tion is not explicitly involved. As shown in Figure 1, lo-
cal frame-level metrics can be easily affected by co-existing
similar video frames. We argue that it would be beneficial
to achieve accurate matching if the local frame features can
predict the global context in few-shot classification; sec-
ond, motion dynamics are widely regarded as a vital role
in the field of video understanding [6, 22, 25,42, 50, 70],
while the existing few-shot methods do not explicitly ex-
plore the rich motion cues between frames for the matching
procedure, resulting in a sub-optimal performance. In the
literature [5, 67], traditional action recognition works intro-
duce motion information by feeding optical flow or frame
difference into an additional deep network, which leads to
non-negligible computational overhead. Therefore, an effi-
cient motion compensation method should be introduced to
achieve comprehensive few-shot matching.

Inspired by the above observations, we develop a
motion-augmented long-short contrastive learning (MoLo)
method to jointly model the global contextual information
and motion dynamics. More specifically, to explicitly in-
tegrate the global context into the local matching process,
we apply a long-short contrastive objective to enforce frame
features to predict the global context of the videos that be-
long to the same class. For motion compensation, we de-
sign a motion autodecoder to explicitly extract motion fea-
tures between frame representations by reconstructing pixel
motions, e.g., frame differences. In this way, our proposed
MoLo enables efficient and comprehensive exploitation of
temporal contextual dependencies and motion cues for ac-
curate few-shot action recognition. Experimental results
on multiple widely-used benchmarks demonstrate that our
MoLo outperforms other advanced few-shot techniques and
achieves state-of-the-art performance.

In summary, our contributions can be summarized as fol-
lows: (1) We propose a novel MoLo method for few-shot
action recognition, aiming to better leverage the global con-
text and motion dynamics. (2) We further design a long-
short contrastive objective to reinforce local frame features
to perceive comprehensive global information and a motion
autodecoder to explicitly extract motion cues. (3) We con-
duct extensive experiments across five widely-used bench-
marks to validate the effectiveness of the proposed MoLo.
The results demonstrate that MoLo significantly outper-
forms baselines and achieves state-of-the-art performance.

2. Related Work

In this section, we will briefly review the works closely
related to this paper, including few-shot image classifica-
tion, motion learning, and few-shot action recognition.

Few-shot image classification. Identifying unseen classes
using only a few labels, known as few-shot learning [13], is
an important research direction in computer vision. Exist-
ing few-shot learning techniques can generally be divided
into three groups: augmentation-based, gradient optimiza-
tion, and metric-based methods. Augmentation-based ap-
proaches usually learn to generate samples to alleviate the
data scarcity dilemma, mainly including hallucinating addi-
tional training examples [7,17,52,77] and adversarial gener-
ation [34,82]. Gradient optimization methods [14,23,36,48,
,51] attempt to modify the network optimization process
so that the model can be quickly fine-tuned to near the op-
timal point. For example, MAML [14] explicitly trains the
parameters of the network to produce good generalization
performance on the current task with a small number of gra-
dient steps. Metric-based paradigm [54] is widely adopted,
leveraging a visual encoder to map images into an embed-
ding space and learning a similarity function. This type of
methods generally performs few-shot matching to classify
query samples through Euclidean distance [43, 54, 76, 80],
cosine distance [47,61], and learnable metrics [16, 56, 78].
Our algorithm also falls into the metric-based line while fo-
cusing on taking advantage of temporal context and motion
information for accurate few-shot action recognition.

Motion Learning. How to efficiently learn motion cues in
videos is a widely researched problem in the community.
Previous methods typically exploit optical flow [45,53, 62,

,09,70,87] or frame difference [31, 66, 84] to explicitly
inject video dynamic cues for action recognition. Due to the
high acquisition cost of optical flow [2,20,32] and the need
for additional networks to extract the motion features [5,

], recent approaches begin to study how to extract motion
features with only raw frame input and achieve promising
results [9,12,24,25,29,30,60,64,65]. In this paper, we also
focus on using raw frames to extract motion information.
Different from previous methods, the motion feature in our
MoLo is used to facilitate video alignment, and we design a
motion autodecoder that learns to recover frame differences
to explicitly extract motion dynamics in a unified network
without the need for multiple separate networks.

Few-shot action recognition. Compared to images, videos
contain richer spatio-temporal context interactions and tem-
poral variations [27, 46, 68, 72]. Existing few-shot action
recognition methods [4,71,75] mainly belong to the metric-
based meta-learning paradigm [54] to temporally match
frames, due to its simplicity and effectiveness. Among
them, CMN [88, 89] proposes a memory structure and a
multi-saliency algorithm to encode variable-length video
sequences into fixed-size matrix representations for video
matching. OTAM [4] designs a differentiable dynamic time
warping [40] algorithm to temporally align two video se-
quences. ARN [81] builds on a 3D backbone [59] to capture
long-range temporal dependencies and learn permutation-
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Figure 3. The architecture details of the proposed motion autode-
coder, including a feature difference generator and a decoder. (a)
The feature difference generator computes the feature difference
between adjacent video frames after a 3D convolution to extract
motion information. (b) The decoder involves stacking several up-
sampling operations to reconstruct the frame differences.

motion features into a motion head similar to the base head.
Based on the output matching scores from the above two
heads, we can merge them for query classification.
Long-short contrastive objective. Given the features
Fg and f,, a spatial global-average pooling is applied to
collapse the spatial dimension. After that, we append a
learnable token to the video feature sequence and send the
features to a temporal Transformer for temporal informa-
tion aggregation. We denote the output features as fi =
{ft"ke”, le, ey fZT} The process can be formulated as:

f Tformer([fwkm GAP( FR ,sz)] + fpos) (D

where Tformer is the temporal Transformer, f token ¢
R is a learnable token shared cross videos, and f,os €
R(T+DXC means the position embeddings to encode the
relative position relationship. Note that the learnable to-
ken is used to aggregate global information adaptively, and
previous methods [ 1, 1 1, 73] have also shown the effective-
ness of this manner. In this way, the output feature ﬁ‘)km
corresponding to the learnable token has the global repre-
sentation ability. We then show how we leverage the global
property of the token feature for robust video matching.

Most existing methods [4, 74, 83] usually classify query
video sample fq based on the frame-level alignment metric,
which can be expressed as:

D(fw.fq):M([ PR 7fT] [q?‘ 7fTD (2)

where M is a frame-level metric, such as OTAM [4] and Bi-
MHM [74]. However, the above metric merely considers
the local frame level, ignoring explicitly enhancing global
perceptual capabilities of frame features in the matching
process. Intuitively, if two videos belong to the same class,
the distance between the global feature of one video and the
frame feature of the other video is closer than other videos
of different categories. We argue that the global context is

much critical for local frame-level matching, especially in
the presence of similar co-existing frames. To this end, we
leverage a long-short contrastive loss based on [39] to im-
prove the global context awareness of frame features:

ZSim(ftOken, fz)

ﬁbase _ _1
Zsun(fto’“e” fl) + 3 an«n(ftoken fz)
Jj#p &
ESlm i ftok'en)
B 3
ann(ﬂ ftoken) + 30 sim( fz ftoken) @)

Jj#q 1t

where fq is the query feature, fp is video representations of
the same class as the query in an episodic task, and f] is
the negative sample that belongs to the other category. The
loss function above is expected to maximize the sum of all
positive paired similarity scores and minimize the sum of all
negative paired similarity scores. In this way, we explicitly
force local features to perceive the global temporal context,
enabling more robust few-shot frame alignment.

Motion autodecoder. To further incorporate motion in-
formation into the few-shot matching process, we design a
motion autodecoder consisting of a feature difference gen-
erator and a decoder. The motion autodecoder explicitly ex-
tract motion features by operating between frame features.
Specifically, we modify the differential operator in [25] to
generate features difference, as shown in Figure 3(a). The
formula is expressed as follows:

A T = F L D) 4)

where F means the feature difference generator, and fi'j is
the output motion feature. Through the above feature dif-
ference generator, we intuitively obtain the motion features
between frames. To further explicitly supervise motion fea-
ture generation, inspired by MAE [ 18], we design a decoder
(Figure 3(b)) to reconstruct pixel motion dynamics. Subse-
quently, we input the obtained motion features into a motion
head with long-short contrastive objective for video match-
ing. Like the base head, in motion head we first adopt a
spatial global-average pooling to motion features and con-
catenate a learnable token, which are then fed into a tempo-
ral Transformer for temporal modeling. We denote the re-
sulting features as f/ = { f/token, f11 .. fT=1}. For local

matching, we apply a frame-level metric to these features:
D(ff, f) = MUF o BT 0D )

where D( NZ-’ , fé) is the distance between the support motion

feature f ! and query motion feature f(; Similar to E’i“ge,
we also apply a loss L£77'2/°™ to the motion features.

We express the dlstance between support and query
videos as the weighted sum of the distances obtained by
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Setting SSv2-Full Kinetics
1-shot  5-shot 1-shot  5-shot
Frame Difference 56.6 70.6 74.0 85.6
RAFT Flow [57] 56.8 71.1 74.4 85.9
TRX [44] 42.0 64.6 63.6 85.9
TRX + Motion autodecoder 45.6 66.1 64.8 86.3

Table 4. Comparison of different motion reconstruction targets
and incorporating motion autodecoder into existing TRX.

70 ResNet-18 75 ResNet-34
65 " OTAM = TRX = HyRSM = MoLo 40 “OTAM * TRX © HyRSM = MoLo
60 65
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Figure 4. Performance comparison of varying backbone depth on
the SSv2-Full dataset under the 5-way K -shot setting. The exper-
iments are carried out with the shot changing from 1 to 5.
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Figure 5. Ablation study on the effect of changing the number of
input video frames under the 5-way 1-shot SSv2-Full setting.

grating all modules, our method achieves 56.6% and 70.6%
performance under 1-shot and 5-shot settings, respectively.
In Table 4, we further change the motion reconstruction tar-
get from frame difference to RAFT flow [57] and insert the
proposed motion autodecoder into TRX [44]. The results
indicate the applicability of the proposed MoLo.

Varying backbone depth. The previous comparison re-
sults are all based on ResNet-50. To investigate the impact
of backbone depth on few-shot performance, we also con-
duct detailed comparison experiments on ResNet-18 and
ResNet-34, as shown in Figure 4. It can be seen that with
the deepening of the backbone, the capacity of the model
becomes more extensive, and the performance is also im-
proved. The proposed MoLo consistently outperforms ex-
isting state-of-the-art techniques, including OTAM, TRX,
and HyRSM, revealing the scalability of our approach.

Effect of the number of input frames. For a fair com-
parison, our MoLo is compared with the current methods
under the condition of 8 frames of input. To analyze the
impact of the number of input frames on few-shot perfor-

SSv2-Full Kinetics
1-shot  5-shot | 1-shot  5-shot
Temporal Transformerx 1 56.6 70.6 74.0 85.6
Temporal Transformerx 2 56.4 71.7 72.5 84.9
Temporal Transformerx 3 56.0 71.3 71.6 84.2
Temporal Transformer x4 55.9 69.6 71.1 83.9
Temporal Transformerx 5 55.8 69.4 70.5 83.3

Setting

Table 5. Ablation study for different number of temporal Trans-
former layers on the SSv2-Full and Kinetics datasets.

SSv2-Full Kinetics

Setting 1-shot 5-shot | 1-shot 5-shot

Temporal Transformer-only 532 68.1 | 727 84.6
Temporal Transformer w/ TAP 548 69.5 | 733 852
Temporal Transformer w/ token (MoLo) | 56.6 70.6 | 74.0 85.6

Table 6. Comparison experiments on the effect of learnable token
and other variants on the SSv2-Full and Kinetics datasets.

Setting SSv2-Full Kinetics
I-shot  5-shot 1-shot  5-shot

Within-video 54.8 70.1 73.9 85.5

Cross-video (MoLo) 56.6 70.6 74.0 85.6

Table 7. Comparison experiments of different long-short con-
trastive styles on SSv2-Full and Kinetics. “Within video” means
maximizing the representation similarity between local frame fea-
tures and global features from the same video.

mance, we conduct experiments with input video sampling
from 2 to 10 frames. As shown in Figure 5, the performance
starts to rise and gradually saturate with the increase in the
number of input frames. Notably, our MoLo consistently
maintains leading performance, even outperforming the re-
sults of OTAM with 8 frames of input when only 2 frames
are used, indicating the robustness of our method.

Different number of temporal Transformer layers. In
our framework, the temporal Transformer is adopted to
model the temporal long-short associations, and we fur-
ther explore the impact of the number of Transformer layers
on performance. The results are displayed in Table 5, and
we notice that the best results are achieved on the Kinetics
dataset when one Transformer layer is applied, and overfit-
ting starts to appear as the number of layers increases. On
the SSv2-Full dataset, the conclusion is slightly different
from the above. We attribute this to the temporal depen-
dencies being more complex on this benchmark, and more
Transformer layers may be required for discovering com-
prehensive relations on 5-shot. For the sake of accuracy
and model complexity, we utilize one temporal Transformer
layer for temporal relationship modeling in our MoLo.

Analysis of long-short contrastive objective. We conduct
ablation experiments to show the superiority of our pro-
posed long-short contrastive objective in Table 6. Among
the comparison methods, “Temporal Transformer-only” in-
dicates that the frame features after spatial global average-
pooling are directly input into the temporal Transformer and
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