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Abstract

Wide-angle videos in few-shot action recognition (FSAR)
effectively express actions within specific scenarios. How-
ever, without a global understanding of both subjects and
background, recognizing actions in such samples remains
challenging because of the background distractions. Re-
ceptance Weighted Key Value (RWKV), which learns in-
teraction between various dimensions, shows promise for
global modeling. While directly applying RWKV to wide-
angle FSAR may fail to highlight subjects due to exces-
sive background information. Additionally, temporal rela-
tion degraded by frames with similar backgrounds is diffi-
cult to reconstruct, further impacting performance. There-
fore, we design the CompOund SegmenTation and Temporal
REconstructing RWKV (Otter). Specifically, the Compound
Segmentation Module (CSM) is devised to segment and em-
phasize key patches in each frame, effectively highlight-
ing subjects against background information. The Tempo-
ral Reconstruction Module (TRM) is incorporated into the
temporal-enhanced prototype construction to enable bidirec-
tional scanning, allowing better reconstruct temporal rela-
tion. Furthermore, a regular prototype is combined with the
temporal-enhanced prototype to simultaneously enhance sub-
ject emphasis and temporal modeling, improving wide-angle
FSAR performance. Extensive experiments on benchmarks
such as SSv2, Kinetics, UCF101, and HMDB51 demonstrate
that Otter achieves state-of-the-art performance. Extra eval-
uation on the VideoBadminton dataset further validates the
superiority of Otter in wide-angle FSAR.

Code — https://github.com/wenbohuang1002/Otter

1 Introduction
The difficulties of video collection and labeling compli-
cates traditional data-driven training based on fully labeled
datasets. Fortunately, few-shot action recognition (FSAR)
improves learning efficiency and reduces the labeling de-
pendency by classifying unseen actions from extremely few
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Figure 1: Smaller subject proportion (red circles) and de-
graded temporal relation (red dotted lines) both contribute
to background distractions in wide-angle FSAR. As a result,
wide-angle samples are more challenging to recognize com-
pared with regular samples.

video samples. Therefore, FSAR has diverse real-world ap-
plications, including health monitoring and motion analy-
sis (Yan et al. 2023; Wang et al. 2023b). However, rec-
ognizing similar actions under regular viewpoint is a non-
trivial problem in FSAR. For instance, distinguishing “in-
door climbing” and “construction working” is challenging,
as subjects exhibit similar actions against a wall. To miti-
gate this issue, wide-angle videos provide contextual back-
ground, such as a “climbing wall” or a “construction site”,
expressing actions within specific scenarios more accu-
rately. According to established definitions (Lai et al. 2021;
Zhang et al. 2025), wide-angle videos with a greater field
of view (FoV) are widespread1. FoV estimation (Lee et al.
2021; Hold-Geoffroy et al. 2023) on popular FSAR bench-
marks further reveals that approximately 35% of samples per
dataset fall into this category, yet remain unexplored.

On the other hand, effectively modeling wide-angle
videos remains a critical issue due to the difficulty of ac-
curately interpreting both subjects and background con-
tent. Recent success in recurrent model-based architectures

1This work adopts the widely accepted definition of wide-angle
as FoV exceeding 80◦.
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has led to methods such as Receptance Weighted Key
Value (RWKV) (Peng et al. 2023, 2024), which demonstrate
strong performance in global modeling across various tasks
by enabling token interaction through linear interpolation,
thereby expanding the receptive field and efficiently captur-
ing subject–background dependencies.

To seamlessly apply RWKV in wide-angle FSAR, two
key challenges remain, primarily due to background distrac-
tions, as illustrated in Figure 1. Challenge 1: Lack of pri-
mary subject highlighting in RWKV. As shown in the “snow-
boarding” examples, the primary subject occupies a smaller
proportion in wide-angle frames. When RWKV is directly
applied for global feature extraction, it tends to capture mas-
sive secondary background information “snow” rather than
the primary subject “athlete”. Since the background serves
as contextual information while the subject is crucial for de-
termining feature representation, this reversal of primary and
secondary information may lead to potential misclassifica-
tion. Challenge 2: Absence of temporal relation reconstruc-
tion in RWKV. Temporal relation plays a significant role in
FSAR, primarily in perceiving action direction and align-
ing frames. From the “snowboarding” example, we observe
that abundant background information in similar frames ob-
scures the evolution of primary subject “athlete”, causing
temporal relation degraded in wide-angle samples. However,
RWKV focuses on global modeling but lacks the capability
to reconstruct temporal relation, increasing the difficulty of
recognizing wide-angle samples.

Although current attempts achieve promising results (Fu
et al. 2020; Wang et al. 2023a; Perrett et al. 2021; Huang
et al. 2024; Wang et al. 2022; Xing et al. 2023a), few works
address the two aforementioned challenges simultaneously.
Therefore, we propose the CompOund SegmenTation and
Temporal REconstructing RWKV (Otter), which high-
lights subjects and restores temporal relations in wide-angle
FSAR. To be specific, we devise the Compound Segmenta-
tion Module (CSM) to adaptively segment each frame into
patches and highlight the subject before feature extraction.
This enables RWKV to focus on the subject rather than be-
ing overwhelmed by secondary background information. We
further design the Temporal Reconstruction Module (TRM),
integrated into temporal-enhanced prototype construction to
perform bidirectional feature scanning across frames, en-
abling RWKV to reconstruct temporal relations degraded
in wide-angle videos. Additionally, we combine a regular
prototype with a temporal-enhanced prototype to simulta-
neously achieve subject highlighting and temporal relation
reconstruction. This strategy significantly improves the per-
formance of wide-angle FSAR.

To the best of our knowledge, the proposed Otter is the
first attempt of utilizing RWKV for wide-angle FSAR. The
core contribution is threefold.

• The CSM is introduced to highlight the primary subject
in RWKV. It segments each frame into multiple patches,
learns adaptive weights from each patch to highlight the
subject, and then reassembles the patches in their original
positions. This process enables more effective detection
of inconspicuous subjects in wide-angle FSAR.

• The TRM is designed to reconstruct temporal rela-
tions in RWKV. It performs bidirectional scanning of
frame features and reconstructs the temporal relation
via a weighted average of the scanning results for
the temporal-enhanced prototype. This module mitigates
temporal relation degradation in wide-angle FSAR.

• The state-of-the-art (SOTA) performance achieved by
Otter is validated through extensive experiments on
prominent FSAR benchmarks, including SSv2, Kinetics,
UCF101, and HMDB51. Additional analyses on wide-
angle VideoBadminton dataset emphasize superiority of
Otter, particularly in wide-angle FSAR.

2 Related works
2.1 Few-Shot Learning

Few-shot learning, which aims to classify unseen classes us-
ing extremely limited samples, is a crucial area in the deep
learning community (Fei-Fei, Fergus, and Perona 2006).
It encompasses three main paradigms: augmentation, op-
timization, and metric-based. Augmentation-based meth-
ods (Hariharan and Girshick 2017; Wang et al. 2018; Zhang
et al. 2018; Chen et al. 2019; Li et al. 2020) address data
scarcity by generating synthetic samples to augment the
training set. In contrast, optimization-based methods (Finn,
Abbeel, and Levine 2017; Ravi and Larochelle 2017; Rusu
et al. 2018; Jamal and Qi 2019; Rajeswaran et al. 2019) fo-
cus on modifying the optimization process to enable efficient
fine-tuning with few samples. Among these approaches, the
metric-based paradigm (Snell, Swersky, and Zemel 2017;
Oreshkin, Rodrı́guez López, and Lacoste 2018; Sung et al.
2018; Hao et al. 2019; Wang et al. 2020) is the most widely
adopted in practical applications due to its simplicity and ef-
fectiveness. Specifically, these methods construct class pro-
totypes and perform classification by the similarity between
query features and class prototypes using learnable metrics.

2.2 Few-Shot Action Recognition

Metric-based meta-learning is the mainstream paradigm in
FSAR due to its simplicity and effectiveness. This approach
embeds support features into class prototypes to represent
various classes. Most methods rely on temporal alignment
to match queries with prototypes. For example, the dynamic
time warping (DTW) algorithm is used in OTAM for simi-
larity calculation (Cao et al. 2020). Subsequent works, in-
cluding ITANet (Zhang, Zhou, and He 2021), T2AN (Li
et al. 2022), and STRM (Thatipelli et al. 2022), further
optimize temporal alignment. To focus more on local fea-
tures, TRX (Perrett et al. 2021), HyRSM (Wang et al. 2022),
SloshNet (Xing et al. 2023b), SA-CT (Zhang et al. 2023),
and Manta (Huang et al. 2025) employ fine-grained or multi-
scale modeling. Additionally, models are enhanced with
supplementary information such as depth (Fu et al. 2020),
optical flow (Wanyan et al. 2023), and motion cues (Wang
et al. 2023a; Wu et al. 2022; Huang et al. 2024). Despite
achieving satisfactory performance, They are unable to ad-
dress challenges in wide-angle FSAR simultaneously.
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Figure 2: The overall architecture of the Otter. Main components CSM and TRM are specified combination of core units (§ 3.3).
To be specific, 1⃝ Motion Segmentation with CSM and backbone (§ 3.4). 2⃝ Prototype 1 Construction with TRM for recon-
structing temporal relation (§ 3.5). 3⃝ Prototype 2 Construction with regular prototype (§ 3.5). 4⃝ Training Objective Ltotal is the
loss combination of cross-entropy loss Lce, L1

P from 2⃝, and L2
P from 3⃝ (§ 3.6). Notion A⃝/ A⃝: averaging/weighted averaging.

+⃝/ +⃝ : element-wise plus/weighted element-wise plus.

2.3 RWKV Model
The RWKV model is initially proposed for natural lan-
guage processing (NLP) (Peng et al. 2023, 2024), com-
bining the parallel processing capabilities of Transformers
with the linear complexity of RNNs. This fusion enables
RWKV to achieve efficient global modeling with reduced
memory usage and accelerated inference speed following
data-driven training. Building on this foundation, the vision-
RWKV (VRWKV) model is developed for computer vision
tasks and has demonstrated notable success (Duan et al.
2024). Additionally, numerous studies have explored inte-
grating RWKV with Diffusion or CLIP, achieving remark-
able results in various domains (Fei et al. 2024; Gu et al.
2024; He et al. 2024; Yuan et al. 2024). However, the poten-
tial of RWKV in wide-angle FSAR remains unexplored.

3 Methodology
3.1 Problem Definition
Following settings in previous literature (Cao et al. 2020;
Perrett et al. 2021), three parts including training set Dtrain,
validation set Dval, and testing set Dtest without over-
lap (Dtrain∩Dval∩Dtest = ∅) are divided from datasets. Each
part is further split into two non-overlapping sets including
support S with at least one labeled sample of each class and
query Q with all unlabeled samples (S ∩ Q = ∅). The aim
of FSAR is to classify samples from Q into one class of S .
A large number of few-shot tasks are randomly selected and
combined from Dtrain. We define few-shot setting as N -way
K-shot from S with N classes, K samples in each class.

Successive F frames are uniformly extracted from a video
each time. The kth (k = 1, · · · ,K) sample of the nth

(n = 1, · · · , N ) class of S is defined as Sn,k and randomly
selected sample from Q is denoted as Qr (r ∈ Z+).

Sn,k =
[
sn,k1 , . . . , sn,kF

]
∈ RF×C×H×W ,

Qγ = [qγ1 , . . . , q
γ
F ] ∈ RF×C×H×W ,

(1)

in which F , C, H , and W represent frames, channels,
height, and width, respectively.

3.2 Overall Architecture

We demonstrate the overall architecture of Otter via a sim-
ple 3-way 3-shot example in Figure 2. The following two
main components of Otter are built from specific combina-
tions of core units (§ 3.3). At the first stage of motion seg-
mentation, CSM works for highlighting subjects before fea-
ture extracting via backbone (§ 3.4). TRM is introduced in
the second stage of prototype 1 (temporal-enhanced) con-
struction, reconstructing the temporal relation (§ 3.5). Pro-
totype 2 (regular) construction is the third stage, retaining
subject emphasis (§ 3.5). Finally, distances calculated from
weighted average of two prototypes are employed in cross-
entropy loss Lce. In order to further distinguish class pro-
totypes, the prototype similarities serve as L1

p and L2
p . The

weighted combination of three loss including Lce, L1
p and

L2
p is the training objective Ltotal (§ 3.6).

3.3 Core Units

In order to simplify equation writing, we use wildcard sym-
bol △. Self-attention can be simulated through five tensors:
receptance R, weight W , key K∗, value V , and gate G. To
handle spatial, temporal, and channel-wise features, we de-
sign three core units: Spatial Mixing, Temporal Mixing, and
Channel Mixing, inspired by the architecture of RWKV-5/6.
The main components, CSM and TRM, are specific combi-
nations of these core units, for subject highlighting and tem-
poral relation reconstruction in wide-angle FSAR.

To be specific, Spatial Mixing (Figure 3a) is designed to
aggregate features from different spatial locations. Let rt, kt,
vt, and gt denote the tth features of R, K∗, V , and G, respec-
tively. This design allows the model to capture dependencies
across different regions of the image, thereby enhancing its
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Figure 3: Core units of RWKV. N⃝: normalization, ×⃝/ ·⃝:
matrix/element-wise multiplication, σ⃝: activation function.

ability to model global spatial features.
△t = W△ ·Q-Shift△ (x)

= W△ · [x+ (1− µ△)⊙ x′] , ∀△ ∈ {r, k∗, v, g} ,
x′
[h′,w′] = Concat

(
x[h′−1,w′,0:C/4], x[h′+1,w′,C/4:C/2],

x[h′,w′−1,C/2:3C/4], x[h′,w′+1,3C/4:C]

)
,

(2)
where µ is a learnable vector for the calculation of R, K∗,
and V while Concat (·) means concatenate operation. “:”
separates the start and end index. Row and column index of
x are denoted by h′ and w′. Then attention result (wk∗v)t is
calculated according to the following definition.
(wk∗v)t = Bi-WK∗V (K∗, V )t

=

∑t−1
i=0,i ̸=t e

−(|t−i|−1)·w+k∗
i vi + eu+k∗

t vt∑t−1
i=0,i̸=t e

−(|t−i|−1)·w+k∗
i + eu+k∗

t

,
(3)

W is determined by vector w. After combining with rt and
gt, the oth feature of output O can be calculated as

ot = σ (gt)⊙Norm (rt ⊗ (wk∗v)t) , (4)
in which σ (·) denotes activation function while Norm (·)
represents normalization.

As illustrated Figure 3b, we observe that the main discrep-
ancies between Time Mixing and Spatial Mixing are △t and
WK∗V (·). The former one can be defined as
△t= W△ · [xt + (1− µ△)⊙ xt − 1] , ∀△ ∈ {r, k∗, v, g} ,

(5)
while the latter can be written as
(wk∗v)t = WK∗V (K∗, V )t

=

∑t−1
i=0,i ̸=t e

−(t−i−1)·w+k∗
i vi + eu+k∗

t vt∑t−1
i=0,i ̸=t e

−(t−i−1)·w+k∗
i + eu+k∗

t

,
(6)

After achieving O with the same way, the combination of
current and past states enable long-term modeling.

In order to capture dependencies between multiple dimen-
sions of input, Channel Mixing (Figure 3c) mixes informa-
tion from various channels by R and V , as

O = σr (R)⊙ σv (V ) . (7)
σr (·) and σv (·) means two difference kinds of activation
function applied for R and V .

S-Mix

C-Mix

Conv

S-Mix

C-Mix

Conv S-Mix

C-Mix

Frame

S-Mix

C-Mix

Conv

σ

( )Seg , 

( )RT , , 

Figure 4: The structure of Compound Segmentation Mod-
ule (CSM).

3.4 Motion Segmentation
Compound Segmentation Module (CSM) As demon-
strated in Figure 4, each frame is segmented into HW/p2

patches with Seg (·, ·). Using random frames s, q ∈
RC×H×W from Sn,k, Qr as simple examples.

△p= Seg (△, p) ∈ RC×p×p, ∀△ ∈ {s, q} . (8)

H and W must be divisible by p. The operations of Spatial
Mixing, Time Mixing, and Channel Mixing can be written as
S-Mix (·), T-Mix (·), and C-Mix (·), respectively. The out-
put △α of S-Mix (·) is connected with the input △p for cap-
turing region associations of patches, as

△α= [S-Mix (△p)⊕ △p] ∈ RC×p×p, ∀△ ∈ {s, q} . (9)

The activation function σ (·) in S-Mix (·) is Sigmoid (·).
Through the same method of connection with △α, the output
△β of T-Mix (·) can be achieved.

△β= [C-Mix (△α)⊕ △α] ∈ RC×p×p, ∀△ ∈ {s, q} , (10)

where the σr (·) and σv (·) of C-Mix (·) are Sigmoid (·) and
Relu (·). Following C3-STISR (Zhao et al. 2022), learnable
weights lw△ ∈ RC×p×p can be achieved from △p and △β

via convolution Conv (·) and residual connection.

lw△ = Sigmoid
[
Conv

(
△β

)
⊕ △p

]
, ∀△ ∈ {s, q} . (11)

Restoring all element-wise multiplication of lw△ and △β can
highlight subject in frames. We write the corresponding op-
eration in RT(. . . , ·, . . . ) with the output △̇.

△̇ = RT
(
. . . , lw△⊙ △β , . . .

)
∈ RC×H×W , ∀△ ∈ {s, q} .

(12)
According to (9) and (10), the final outputs △̂ (∀△ ∈ {s, q})
of CSM are calculated via S-Mix (·) and C-Mix (·). We
place each △̂ in its raw position for residual connection with
inputs Ŝn,k, Q̂γ , thereby achieving subject highlighting.

Feature Extraction D-dimensional features Sn,k
f , Qγ

f ∈
RF×D are extracted by sending Ŝn,k, Q̂γ into backbone
fθ (·) : RC×H×W 7→ RD.
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3.5 Prototype Construction
Temporal Reconstruction Module (TRM) In order to re-
construct temporal relation, TRM illustrated in Figure 5 has
two branches for bidirectional scanning of Sn,k

f and Qγ
f . Us-

ing ordered △̊ as an example, T-Mix (·) with SiLU (·) and
C-Mix (·) are applied based on (9) and (10) for long-term
modeling. Learned weight l̊w

△
can also be achieved accord-

ing to (11). The ordered output △̀ is the element-wise multi-
plication of l̊w

△
and △̊:

△̀ =
[
l̊w

△
⊙ △̊

]
∈ RF×D, ∀△ ∈

{
Sn,k
f , Qγ

f

}
. (13)

In the same way, reversed output △́ can also be achieved. The
final result △̃ is the average Avg (·, ·) of △̀ and △́ connected
with the original input, as:

△̃ =
[
△ +Avg

(
△̀, △́

)]
∈ RF×D, ∀△ ∈

{
Sn,k
f , Qγ

f

}
.

(14)
After the TRM, temporal relation is recovered.

Prototype and Distance Pn
1 is prototype of the nth sup-

port class, being achieved via average calculation of S̃n,k
f :

Pn
1 =

1

K

K∑
k=1

S̃n,k
f ∈ RF×D. (15)

The distance between Q̃γ
f and Pn

1 is D1.

D1 =
∥∥∥Pn

1 − Q̃γ
f

∥∥∥ . (16)

For further distinguishing classes of the prototype P1, we
apply the sum of cosine similarity function Sim (·, ·) for L1

P:

L1
P =

∑
n̸=n′

Sim
(
Pn
1 , P

n′

1

)
,
(
Pn
1 , P

n′

1

)
∈ P1. (17)

The prototype 2 is constructed without TRM. Therefore,
the nth support prototype Pn

2 can be computed from Sn,k
f .

Then the corresponding distance D2 between Qγ
f and Pn

2

can also be achieved. After the same cosine similarity calcu-
lation, L2

P is applied for differentiating classes of P2.

3.6 Training Objective
The distance D between nth class and Qγ

f is the weighted
mean value of D1 and D2 with weight ω. Therefore, the
predicted label ỹjQ ∈ ỸQ of query is

ỹjQ = argmin
n

(D) , D =
2∑

i=1

ωiDi. (18)

ỹjQ and the ground truth yjQ ∈ YQ are applied in cross-
entropy loss Lce calculation.

Lce = − 1

N

N∑
j=1

yjQ log
(
ỹjQ

)
. (19)

The training objective Ltotal is the combination of Lce, L1
P,

and L2
P under weight factor λ as:

Ltotal = λ0Lce + λ1L1
P + λ2L2

P, (20)

4 Experiments
4.1 Experimental Configuration
Data Processing Temporal-related SSv2 (Goyal et al.
2017), spatial-related Kinetics (Carreira and Zisserman
2017), UCF101 (Kay et al. 2017), and HMDB51 (Kuehne
et al. 2011) are most frequently-used benchmark datasets
for FSAR. A wide-angle dataset VideoBadminton (Li et al.
2024) is employed for evaluating real-world performance.
In order to prove the effectiveness of our Otter, the sam-
pling intervals setting of decoding videos are each 1 frame.
Based on widely-used data split (Zhu and Yang 2018; Cao
et al. 2020; Zhang et al. 2020), Dtrain, Dval, and Dtest (Dtrain∩
Dval∩Dtest = ∅) are divided from each dataset. Then further
split of support S and query Q are executed for FSAR.

According to TSN (Wang et al. 2016), each frame are
sized into 3 × 256 × 256 while F of successive frames is
set to 8. 3×224×224 random crops and horizontal flipping
data augmentation is applied during training while only the
center crop is utilized in testing. As an exception, horizon-
tal flipping is absent in SSv2 because of many actions with
horizontal direction such as “Pulling S from left to right2”.

Implementation Details and Evaluation Metrics Stan-
dard 5-way 1-shot and 5-shot setting are adopted for FSAR.
We select ResNet-50, ViT-B, VMamba-B, and VRWKV-
B with ImageNet pre-trained weights initialization as our
backbone. The dimension D of features is 2048.

The larger SSv2 are trained with 75,000 tasks while other
datasets only require 10,000 tasks. SGD optimization for
training is applied with initial learning rate 10−3. The Dval
determines hyper-parameters such as distance weight (ω1 =
ω2 = 0.5), weight factor of loss λ (λ0 = 0.8, λ1 = λ2 =
0.1) and patch size (p = 56). Average accuracy of 10,000
random tasks from Dtest is recorded during testing stage. Ex-
periments are most conducted on a server with two 32GB
NVIDIA Tesla V100 PCIe GPUs.

2“S” means “something”.
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Methods Reference Pre-Backbone SSv2 Kinetics UCF101 HMDB51
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

STRM (Thatipelli et al. 2022) CVPR’22 ImageNet-RN50 N/A 68.1 N/A 86.7 N/A 96.9 N/A 76.3
SloshNet (Xing et al. 2023a) AAAI’23 ImageNet-RN50 46.5 68.3 N/A 87.0 N/A 97.1 N/A 77.5
SA-CT (Zhang et al. 2023) MM’23 ImageNet-RN50 48.9 69.1 71.9 87.1 85.4 96.3 61.2 76.9
GCSM (Yu et al. 2023) MM’23 ImageNet-RN50 N/A N/A 74.2 88.2 86.5 97.1 61.3 79.3
GgHM (Xing et al. 2023b) ICCV’23 ImageNet-RN50 54.5 69.2 74.9 87.4 85.2 96.3 61.2 76.9
STRM (Thatipelli et al. 2022) CVPR’22 ImageNet-ViT N/A 70.2 N/A 91.2 N/A 98.1 N/A 81.3
SA-CT (Zhang et al. 2023) MM’23 ImageNet-ViT N/A 66.3 N/A 91.2 N/A 98.0 N/A 81.6
⋆TRX (Perrett et al. 2021) CVPR’21 ImageNet-RN50 53.8 68.8 74.9 85.9 85.7 96.3 83.5 85.5
⋆HyRSM (Wang et al. 2022) CVPR’22 ImageNet-RN50 54.1 68.7 73.5 86.2 83.6 94.6 80.2 86.1
⋆MoLo (Wang et al. 2023a) CVPR’23 ImageNet-RN50 56.6 70.7 74.2 85.7 86.2 95.4 87.3 86.3
⋆SOAP (Huang et al. 2024) MM’24 ImageNet-RN50 61.9 85.8 86.1 93.8 94.1 99.3 86.4 88.4
⋆Manta (Huang et al. 2025) AAAI’25 ImageNet-RN50 63.4 87.4 87.4 94.2 95.9 99.2 86.8 88.6
⋆MoLo (Wang et al. 2023a) CVPR’23 ImageNet-ViT 61.1 71.7 78.9 95.8 88.4 97.6 81.3 84.4
⋆SOAP (Huang et al. 2024) MM’24 ImageNet-ViT 66.7 87.2 89.9 95.5 96.8 99.5 89.3 89.8
⋆Manta (Huang et al. 2025) AAAI’25 ImageNet-ViT 66.2 89.3 88.2 96.3 97.2 99.5 88.9 88.8
⋆MoLo (Wang et al. 2023a) CVPR’23 ImageNet-ViR 60.9 71.8 79.1 95.7 88.2 97.5 81.2 84.6
⋆SOAP (Huang et al. 2024) MM’24 ImageNet-ViR 66.4 87.1 89.8 95.8 96.6 99.1 88.8 89.7
⋆Manta (Huang et al. 2025) AAAI’25 ImageNet-ViR 66.5 89.2 88.1 96.1 96.7 99.2 88.7 89.5
AmeFu-Net (Fu et al. 2020) MM’20 ImageNet-RN50 N/A N/A 74.1 86.8 85.1 95.5 60.2 75.5
MTFAN (Wu et al. 2022) CVPR’22 ImageNet-RN50 45.7 60.4 74.6 87.4 84.8 95.1 59.0 74.6
AMFAR (Wanyan et al. 2023) CVPR’23 ImageNet-RN50 61.7 79.5 80.1 92.6 91.2 99.0 73.9 87.8
⋆Lite-MKD (Liu et al. 2023) MM’23 ImageNet-RN50 55.7 69.9 75.0 87.5 85.3 96.8 66.9 74.7
⋆Lite-MKD (Liu et al. 2023) MM’23 ImageNet-ViT 59.1 73.6 78.8 90.6 89.6 98.4 71.1 77.4
⋆Lite-MKD (Liu et al. 2023) MM’23 ImageNet-ViR 59.1 73.7 78.5 90.5 89.7 97.9 71.2 77.5
Otter Ours ImageNet-RN50 64.7 88.5 90.5 96.4 96.8 99.2 88.1 89.8
Otter Ours ImageNet-ViT 67.2 89.9 91.8 97.3 97.7 99.4 89.9 90.6
Otter Ours ImageNet-ViR 67.1 89.8 91.7 96.8 97.5 99.3 89.5 90.5

Table 1: Comparison (↑ Acc. %) on ResNet-50 (ImageNet-RN50), ViT-B (ImageNet-ViT), and VRWKV-B (ImageNet-ViR)
are separated by dashed line. Bold texts denotes the global best results while Underline texts serve as the local best. From top
to bottom, the whole table is divided into three parts including RGB-based, multimodal, and our Otter. In the first two parts,
“⋆” represents our implementation with the same setting. “N/A” indicates not available.

4.2 Comparison with Various Methods
We implement many methods under the same setting for fair
comparison with Otter. The average accuracy (↑ higher indi-
cates better) is illustrated in Table 1.

ResNet-50 Methods Using SSv2 under 1-shot setting as
representative results, we find that Otter outperforms the
current SOTA method Manta which focuses on long sub-
sequences from 63.4% to 64.7%. A similar improvement can
also be discovered in other datasets with different shots.

ViT-B Methods The larger model capacity makes ViT-B
perform better than ResNet-50. We observe that the previous
SOTA performance is achieved by SOAP or Manta. Being
similar with ResNet-50, Otter reveals superior performance,
surpassing previous methods.

VRWKV-B Methods As an emerging model, VRWKV-B
can efficiently extract feature form promising regions asso-
ciation. Compared with other backbones, we observe that
the overall trend in performance has no significant changes.
The proposed Otter focus on improving wide-angle samples,
achieving new SOTA performance.

4.3 Essential Components and Factors
Key Components In order to analyze the effect of key
components in Otter, we conduct experiments with only

CSM TRM SSv2 Kinetics
1-shot 5-shot 1-shot 5-shot

✗ ✗ 54.6 69.2 78.1 85.3
✓ ✗ 61.3 85.6 89.4 94.8
✗ ✓ 59.5 83.4 87.8 92.7
✓ ✓ 64.7 88.5 90.5 96.4

Table 2: Comparison (↑ Acc. %) of key components.

CSM, TRM, and both of them. As demonstrated in Table 2,
we observe that CSM and TRM both improve the perfor-
mance. In our design, CSM highlights subject within wide-
angle frames before feature extraction. Then TRM recon-
structs the degraded temporal relations. Two modules oper-
ate successively and complement each other, indicating that
full Otter achieves optimal performance.

Patch Design in CSM A deeper research on patch design
in CSM is indicated in Table 3. It is obvious that the perfor-
mance is increasing with more fine grained design segmen-
tation (less p). If p is further reduced to 28, the performance
will have a decline. We also consider multi-scale patch con-
figurations and observe that p=56 consistently performs bet-
ter. This may be attributed to the fact that multi-scale design
introduces redundant features. Therefore, we adopt p=56
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p
SSv2 Kinetics

1-shot 5-shot 1-shot 5-shot
p = 224 62.7 86.4 87.7 94.6
p = 112 63.6 87.1 89.5 95.2
p = 56 64.7 88.5 90.5 96.4
p = 28 64.1 87.9 90.2 95.8
p ∈ {28, 56} 64.2 88.1 90.1 96.1
p ∈ {56, 112} 63.7 87.9 89.6 95.8

Table 3: Comparison (↑ Acc. %) of patch design in CSM.

O⃝ R⃝ SSv2 Kinetics
1-shot 5-shot 1-shot 5-shot

✓ ✗ 63.2 87.3 89.7 95.7
✗ ✓ 60.6 85.2 89.1 94.2
✓ ✓ 64.7 88.5 90.5 96.4

Table 4: Comparison (↑ Acc. %) of direction design in TRM.

with 4×4 segmentation in our patch design.

Direction Design in TRM As illustrated in Table 4, the
experiments with unidirectional and bidirectional scanning
is conducted to verify the effect of direction design in TRM.
Two types of unidirectional scanning are inferior to bidi-
rectional design. The reserved scanning ( R⃝) even harms
the performance of ordered scanning ( O⃝). This may be
explained by the confusion of directional related actions.
Therefore, the bidirectional design is indispensable in TRM.

4.4 Wide-Angle Evaluation
Performance on Wide-Angle Dataset In order to eval-
uate Otter on wide-angle scenario, we employ VideoBad-
minton dataset with all wide-sample samples for testing.
Form the results in Table 5, it is Otter that obviously far
ahead of other methods without specific design for wide-
angle samples. Owing to highlighted subject and recon-
structed temporal relation, Otter mitigates background dis-
tractions. Therefore, the performance on challenging wide-
angle samples is significantly improved.

Methods VB→VB KI→VB
1-shot 5-shot 1-shot 5-shot

MoLo 60.2 64.5 58.9 61.7
SOAP 63.5 66.9 60.1 63.1
Manta 64.1 67.1 62.1 65.3
Otter 71.2 75.8 69.5 72.6

Table 5: Comparison (↑ Acc. %) with wide-angle dataset.
VB→VB: training and testing both on VideoBadminton,
KI→VB: Kinetics training while VideoBadminton testing.

CAM Visualization In Figure 6, subjects are inconspicu-
ous and similar background makes temporal relation degra-
dation. From the CAM results without Otter, the focuses of
model are mostly in the background while the subject in dis-
tance is entirely ignored. When being equipped with Otter,
most of focuses are transferred to subjects and background is

O

w/o

w/

2 3 4 5 6 7 81

Figure 6: CAM of “smash” from VideoBadminton. O: Orig-
inal, w/: with Otter, w/o: without Otter.

not completely overlooked. Compared with only focusing on
the subject nearby, Otter can capture both of subjects play-
ing badminton. These prove that Otter helps the model better
understand “smash”, an action that requires interaction be-
tween two subjects, mitigating background distractions and
achieving better performance in wide-angle FSAR.

Various FoV To rigorously evaluate Otter on wide-angle
samples, frames with varying FoV are essential. Given that
FoV is primarily determined by complementary metal ox-
ide semiconductor (CMOS) size and lens focal length (Liao
et al. 2023), we utilized PQDiff (Zhang et al. 2024) for out-
painting magnification (Um) and introduced the distortion
factor (Ud) in the VideoBadminton dataset to simulate di-
verse CMOS sizes and focal lengths. This approach results
in five distinct FoV levels, with higher levels indicating a
wider FoV. As indicated in Figure 7, we observe that recent
methods all have a drastic downward trend with the increas-
ing level of FoV. Although our Otter is also negatively influ-
enced, the downward trend is much more stable, revealing
the outstanding performance of wide-angle FSAR.

Lv.0 Lv.1 Lv.2 Lv.3 Lv.4
FoV Level

20
30
40
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70
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60.2
55.1
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44.7

39.2

71.2 70.7 70.4 70.1 69.8

Ours
SOAP

Manta
MoLo

(a) 1-shot

Lv.0 Lv.1 Lv.2 Lv.3 Lv.4
FoV Level
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80
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64.5 60.2 56.3 52.5
48.1

75.8 75.5 74.8 74.4 73.7

Ours
SOAP

Manta
MoLo

(b) 5-shot

Figure 7: Comparison (↑ Acc. %) with various FoV levels.

5 Conclusion
In this work, we propose Otter which is specially designed
against background distractions of wide-angle FSAR. Otter
highlights subjects in each frames via adaptive segmenta-
tion and enhancement of CSM. Temporal relation degrada-
tion caused by too many frames with similar background
is reconstructed by bidirectional scanning of TRM. Otter
achieves new SOTA performance on several widely-used
datasets. Further studies demonstrate the competitiveness of
our proposed method, especially for mitigating background
distractions of wide-angle FSAR. We hope this work will
inspire upcoming research in FSAR community.
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