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Abstract

Video understanding requires effective modeling of both
motion and appearance information, particularly for few-
shot action recognition. While recent advances in point
tracking have been shown to improve few-shot action recog-
nition, two fundamental challenges persist: selecting in-
formative points to track and effectively modeling their
motion patterns. We present Trokens, a novel approach
that transforms trajectory points into semantic-aware rela-
tional tokens for action recognition. First, we introduce a
semantic-aware sampling strategy to adaptively distribute
tracking points based on object scale and semantic rel-
evance. Second, we develop a motion modeling frame-
work that captures both intra-trajectory dynamics through
the Histogram of Oriented Displacements (HoD) and inter-
trajectory relationships to model complex action patterns.
Our approach effectively combines these trajectory tokens
with semantic features to enhance appearance features with
motion information, achieving state-of-the-art performance
across six diverse few-shot action recognition benchmarks:
Something-Something-V2 (both full and small splits), Kinet-
ics, UCF101, HMDB51, and FineGym. Our project page is
available here.

1. Introduction
At the core of video understanding lies the fundamental syn-
ergy between motion and appearance cues. Motion patterns
reveal the dynamic flow of actions through time. At the
same time, appearance information captures the rich con-
text, the interplay of objects, environments, and their rela-
tionships within each frame. In action recognition tasks,
particularly in few-shot settings, explicitly modeling this
complementary relationship becomes crucial, as both as-
pects provide distinct yet essential signals.

While appearance understanding in models has made
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Figure 1. Our motivation. (a) Our semantic-aware points adapt
better to object scale and semantic relevance while existing meth-
ods with grid sampling miss small objects with important motion
(e.g., knife). (b) We explicitly model relational motions within a
trajectory and across trajectories.

great strides, the challenge of capturing crucial motion
patterns remains complex. Traditional optical flow tech-
niques [41, 50, 56] have been a primary approach, but
they are fundamentally limited to analyzing adjacent frames
and deteriorate under occlusions, resulting in incomplete
motion representations. In parallel to optical flow meth-
ods, trajectory-based approaches emerged as an alterna-
tive paradigm. Early trajectory works [62, 63, 66] made
progress by capturing longer-term patterns, and recent work
[39] has further advanced this direction through point track-
ing. Unlike optical flow, point tracking [10, 23, 35, 97]
explicitly maintains temporal correspondence across long
sequences and handles occlusions naturally, making it par-
ticularly effective for capturing complex motion patterns in
real-world actions. In this work, we aim to advance few-
shot action recognition by building upon these advantages
of point tracking approaches.

To advance point tracking for action recognition, we
must address two fundamental challenges: (1) sampling in-
formative query points to track through time, and (2) effec-
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tively modeling the complex motion patterns captured by
these trajectories. Dense point sampling provides compre-
hensive coverage but is computationally expensive, while
sparse sampling risks missing crucial motion information,
especially from smaller objects essential for action un-
derstanding. Beyond these tracking challenges, current
transformer-based approaches [2, 3, 48] attempt to learn
motion patterns implicitly for action recognition, but it re-
mains unclear whether these models truly capture and lever-
age motion information or rely on other contextual cues.

To address these limitations, we identify two key ques-
tions: (1) how can we develop an effective sampling strat-
egy that balances coverage and efficiency? and (2) how can
we explicitly model and utilize the motion patterns cap-
tured in point trajectories? In this paper, we present a novel
approach that leverages both semantic-aware sampling and
explicit motion modeling to improve point tracking-based
video understanding.

For the first challenge of effective point sampling, we
propose a semantic-aware sampling strategy that adapts to
object scale and importance. This approach is particularly
crucial for actions involving small but critical objects, as
illustrated in Figure 1(a), where the knife spreading the but-
ter could be easily missed by uniform sampling due to its
small size. By leveraging semantic information extracted
from DINO [47] patch tokens, our method ensures com-
prehensive coverage of action-relevant objects regardless of
scale. The sampling density, guided by semantic under-
standing, allocates denser points to smaller, action-critical
objects (e.g., knife) and sparser sampling to larger regions
(e.g., background desk). This approach ensures we cap-
ture the motion of all semantically meaningful objects while
maintaining computational efficiency.

With our sampling strategy in place, we address the
second challenge through our Relational Motion Model-
ing module, which processes point trajectories from modern
trackers [10, 23, 35, 97] in two complementary ways. Re-
visiting the knife spreading butter example in Figure 1, our
first component captures intra-trajectory dynamics using
Histogram of Oriented Displacements (HoD) [18] to model
the knife’s own movement patterns and directions. Our
second component extracts inter-trajectory relationships by
tracking how different objects (e.g., the knife and bread) in-
teract with each other, revealing the distinctive motion pat-
terns that define actions. This Relational Motion Modeling
module effectively captures both individual object move-
ments and their meaningful interactions (Figure 1(b)).

Overall, we introduce Trokens, a novel framework that
leverages semantic-aware sampling and explicit motion
modeling to effectively bridge motion and appearance in-
formation. Our contributions are as follows:
• We propose a novel semantic-aware point sampling ap-

proach leveraging semantic priors to adaptively distribute

tracking points based on object scale and relevance.
• We develop a novel Relational Motion Modeling module

that explicitly captures both intra- and inter-trajectory dy-
namics to understand complex motion patterns.

• We conduct comprehensive experiments with Trokens
on six few-shot action recognition benchmarks including
Something-Something (Full & Small) [19], Kinetics [9],
UCF101 [57], HMDB51 [38], and FineGym [54], and
achieve state-of-the-art performance.

2. Related Work

Few-Shot Action Recognition. Human Action Recogni-
tion requires one to model the complex temporal dynamics
of a scene while also filtering out the redundant information
shared between frames [36, 51, 70, 72]. While these chal-
lenges are typically addressed using large training datasets,
in the setting of few-shot action recognition, methods must
instead use well-constructed mechanisms to achieve effec-
tive performance with limited data. Many methods are
based on metric-learning [4, 8, 16, 46, 49, 60, 71, 73, 79,
91, 92, 95], introducing various mechanisms to determine
if two videos are similar or different, thus enabling ac-
tion classification. Meanwhile, other methods focus on im-
proving feature representations for spatio-temporal model-
ing [39, 59, 73, 76, 82, 87, 88, 99, 100]. Some recent works
also leverage multi-modal language-image pretraining [52]
and/or additional text data at training or inference time to
further enhance performance [6, 7, 12, 20, 43, 58, 78, 80,
81, 98]. While these works show strong results, they rep-
resent a bifurcation of the field into two domains: multi-
modal and vision-only few-shot action recognition. Our
method, Trokens, is a vision-only method, and we focus on
primarily comparing with like baselines. A recent work [32]
proposes a state space based architecture for long sequence
few shot action recognition. While promising, improving
the core architecture is orthogonal to our contributions.

Point Tracking for Feature Learning. Point tracking has
a long history in computer vision research, and now re-
cent advances in the field have enabled the efficient genera-
tion of dense and high-quality point tracks [13, 14, 22, 24–
28, 30, 35, 44, 61, 69, 96]. These tracks lend them-
selves well to a fundamental element of video learning:
the disentanglement of motion and appearance informa-
tion. Several prior works have successfully applied point
tracks to guide the extraction of deep and classical features
[29, 31, 62, 63, 66, 83, 94]. The recent work TATs [39]
further demonstrates the power of point tracking for trans-
former token pooling in few-shot action recognition. How-
ever, TATs falls short on our two key challenges: its uniform
grid-based sampling fails to adapt to object scales, and it
treats trajectories merely as feature anchors, neglecting the
rich motion patterns they contain. These limitations moti-
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vate our Trokens approach that addresses both sampling and
motion modeling challenges.

Motion Features. In recent years, many architectures and
approaches have been proposed to learn joint or disentan-
gled appearance and motion features from video [40, 64, 67,
90, 93]. However, such approaches are reliant on training
data and struggle in low-data few-shot regimes. Meanwhile,
other methods have been proposed to model motion fea-
tures directly from optical flow [41, 50], or point trajectories
[1, 63, 68]. In this work, we aim to improve few-shot action
recognition performance by efficiently leveraging motion
features derived from our trajectories. We draw inspiration
from classical vision methods like Histogram of Oriented
Gradients (HoG) [11], and Histogram of Oriented Displace-
ments (HoD) [18]. Specifically, we present a new imple-
mentation of HoD tailored toward general object intra-track
motion features, which we describe in Section 4.3. While
the original HoD is focused on only human skeleton key-
points, our version is designed for general object motion
characterization. Additionally, we preserve temporal or-
der through per-timestep computation rather than whole-
trajectory pyramidal aggregation like [18].

3. Few-shot Action Recognition Setup

Few-shot action recognition is the problem of recognizing
novel action classes with few labeled instances per class.
Unlike fully supervised learning, training and test classes
are mutually exclusive in the few-shot setting. Formally,
given a training set Dtrain = {(vi, yi) | yi ∈ Ctrain} and test
set Dtest = {(vi, yi) | yi ∈ Ctest}, Ctrain∩Ctest = ϕ. Train-
ing is done with episode-based meta-learning where each
episode has a support set S with N classes and K examples
per class (termed N -way K-shot, e.g., 5-way 1-shot), and a
query set Q with samples to classify into these N classes.

4. Our Approach

4.1. Overview
Our work aims to leverage semantic and motion priors for
few-shot video action classification. We propose the follow-
ing key components: (1) Semantic-aware point trajectories
sampling, where we leverage DINO features to sample se-
mantically meaningful points for motion tracking (Sec 4.2);
and (2) a Relational Motion Modeling module that explic-
itly models motion changes within individual trajectories
and across trajectories to capture detailed movement pat-
terns (Sec 4.3). The appearance features and the proposed
motion features are sampled using the semantic-aware point
trajectories and subsequently fused to form the trajectory-
aligned tokens following [39]. Next, we adopt a Decoupled
Space-Time Transformer [39], to process the trajectory-

aligned tokens. All components of our method are trained
in an end-to-end fashion using a standard few-shot loss [76].

4.2. Semantic-aware Point Trajectories

Dense point tracking [34, 35] offers promising video under-
standing capabilities, but its effectiveness depends on the
initial selection of tracking points. The standard practice
for point-based few-shot action classification is to sample
points in a uniform grid [39]. Employing uniform grid sam-
pling, despite its simplicity, often under-samples small ob-
jects crucial for understanding actions while capturing re-
dundant information from background regions.

To address this limitation, we leverage a semantic prior
to guide point selection. DINO’s self-supervised learning
framework produces patch tokens with rich semantic infor-
mation, where tokens from the same object naturally cluster
in feature space [21, 53, 55, 74, 75]. Leveraging this prop-
erty, we construct semantic-aware clustering masks over
patch tokens and sample points accordingly. Our strategy
enables semantic-aware point sampling that adapts to ob-
ject scale and semantic relevance.

Formally, we extract DINO appearance features FRGB ∈
RH×W×T×C from the input video, where T is the num-
ber of frames and H,W are spatial dimensions. We cluster
the appearance features [5] into L groups which are sub-
sequently used to sample semantic-aware points. For M
trajectories, we sample q = M

L points per cluster, from
the first frame where a new semantic cluster appears, as
the semantic-aware points. We denote these points for all
clusters as Ps = {(xi

s, y
i
s)}Mi=1, where (xi, yi) is the spatial

coordinate of a point. These points serve as initialization
for trajectory extraction.

To track the sampled points, we utilize pretrained dense
point tracking model Co-tracker [35] (denoted as T ). The
extracted point trajectories, known as semantic-aware point
trajectories, are given by P = T (Ps) = {Pm}Mm=1. Each
trajectory Pm = [(xm

t , ymt )]
T
t=1 ∈ RT×2, captures the mo-

tion of a point over T frames. As shown in Fig. 1, our
approach provides better coverage of small but significant
objects while reducing redundant background trajectories
compared to uniform sampling.

4.3. Relational Motion Modeling

Given semantic-aware point trajectories, a natural question
is how to best capture their rich motion dynamics. To
this end, we propose to explicitly model motion in two
key aspects: dynamics within individual trajectories (intra-
motion) and relationships across different trajectories (inter-
motion). Such fine-grained representations capture both lo-
cal motion patterns and cross trajectory interactions, provid-
ing discriminative features crucial for action recognition.
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Figure 2. Method Overview. (A) Given an input video, we extract appearance tokens using DINOv2. (B) We then cluster these tokens and
sample semantic-aware points in the initial frame, which are tracked using Co-tracker [35] to obtain point trajectories. (C) We compute
intra- and inter-motion features, reorder appearance tokens via token alignment [39], and fuse them with motion features via element-wise
addition to form semantic-aware relational trajectory tokens. (D) Finally, we input these tokens into a Decoupled Space-Time Transformer
for few-shot action classification.

Intra-motion Module. Inspired by the Histogram of Ori-
ented Gradients (HoG) [11], we revisit Histogram of Dis-
placement (HoD) [17] to encode both magnitude and ori-
entation changes over time on top of point trajectories.
Given a trajectory Pm, we compute the displacement at
time t as ∆xt = (xt − xt−δ) and ∆yt = (yt − yt−δ),
where δ is a hyperparameter controlling the temporal inter-
val (we omit m for simplicity). The displacement magni-
tude is ∆dt =

√
∆x2

t +∆y2t , and the direction is θt =
arctan 2(∆yt,∆xt), with zero padding for t < δ. For each
timestep, we bin the orientation θt into a histogram with B
bins spanning 360 degrees (e.g., B = 32). Each displace-
ment ∆dt contributes to the two nearest orientation bins
proportionally, weighted by its magnitude. This produces
a histogram of displacement descriptor for each trajectory:

HHoD = fHoD(Pm) ∈ RT×B

We then apply a fully connected layer to project this de-
scriptor into a C-dimensional space for all M trajectories
to obtain our intra-motion features Fmotion

intra as below:

Fmotion
intra = FC(fHoD(P)) ∈ RM×T×C .

Our approach differs from prior work [17] in encoding
HoD in several aspects. First, we preserve temporal or-
der through per-timestep computation rather than whole-
trajectory aggregation. Second, we enhance expressiveness
via learnable projections. Moreover, our formulation gen-
eralize beyond human keypoints to arbitrary trajectories for
broader applicability to motion analysis tasks.

Inter-motion Module. While intra-motion features cap-
ture dynamics within individual trajectories, complex ac-
tions involve coordinated movements (e.g., relative hand
positions distinguish “opening a door” from “chopping veg-
etables”). We complement our intra-motion features with
inter-motion modeling that captures evolving spatial rela-
tionships among trajectories. Specifically, we compute pair-
wise relative displacements between trajectories. For each
trajectory Pm = [(xm

t , ymt )]
T
t=1 at time t, we define its

cross-trajectory descriptor as:

dm
t =

[
(xm

t − xm′

t , ymt − ym
′

t )
]M
m′=1

∈ R2M

This captures relative positions between trajectory m and
all other trajectories in a fixed order. The complete cross-
trajectory descriptor d ∈ RM×T×2M represents spatial re-
lationships across all trajectories and timesteps. Finally,
we obtain inter-motion features by projecting the cross-
trajectory descriptors to the feature space:

Fmotion
inter = FC(d) ∈ RM×T×C ,

It is worth noting that while transformers could potentially
learn motion patterns through self-attention, their position
embeddings primarily encode static locations without di-
rectly capturing temporal displacements or cross-trajectory
relationships. Our explicit modeling of motion dynamics
provides prior knowledge that helps the model focus on
discriminative motion features rather than relying on self-
attention to implicitly discover these patterns.
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4.4. Motion-aware Space-Time Transformer
Given point trajectories P , intra-, inter-motion features
Fmotion

intra , Fmotion
inter , and appearance tokens from DINO FRGB,

we utilize a transformer for spatiotemporal modeling of
both motion and appearance. We first construct trajectory-
aligned appearance tokens from point trajectories and ap-
pearance features following [39]. Given video appearance
tokens FRGB ∈ RH×W×T×C and point trajectories P ∈
RM×T×2, we extract trajectory-aligned appearance tokens:

FRGB
traj = Align(FRGB,P) ∈ RM×T×C , (1)

where Align(·) samples appearance features given point co-
ordinates. This reordering aligns visual information with
motion paths, helping self-attention learn motion explicitly.
We then fuse our intra-inter motion features and trajectory-
aligned appearance tokens via element-wise addition, en-
abling the transformer to capture both intra- and inter-
trajectory dependencies:

F fuse = FRGB
traj + Fmotion

intra + Fmotion
inter . (2)

Given the semantic-aware relational trajectory tokens F fuse,
we employ a decoupled attention strategy that processes the
temporal and spatial dimensions separately following [39].
Self-attention is applied within each trajectory to model
temporal dependencies, and across trajectories to capture
spatial relationships in parallel, the results of which are then
added together to form the final output embeddings Ffinal.
Finally, we conduct cross-attention between a learnable
CLS token and the final output embeddings Ffinal ∈
RM×T×C , and produced the output class token ccls ∈ RC .

4.5. Few-shot Loss
We extract the output embeddings Ffinal and class token ccls
for all samples in the support and query sets. To obtain the
classification output, we apply a fully connected layer on
the output class token, mapping it to the number of classes
Ctrain in the training set with pcls = FC(ccls) ∈ RCtrain .

Following prior works [39, 73, 76, 79], our loss consists
of two parts. One is a cross-entropy loss applied to the clas-
sification output on the query set pQcls, capturing global Ctrain
class information. The other is a contrastive loss [76] ap-
plied to final embeddings between the query set FQ

final and
the reference set FS

final for N -way few-shot classification to
encourage feature discrimination:

L = LCE(p
Q
cls, y) + LContrastive(FQ

final,F
S
final). (3)

We refer readers to [39] and [76] for further details.

5. Experiments
5.1. Datasets
We evaluate our approach’s effectiveness across multi-
ple action recognition benchmarks using established few-

shot splits: Something-Something [19], Kinetics [9],
UCF101 [57], HMDB51 [38], and FineGym [54]. For
Something-Something, we use two standard configura-
tions [8]: SSV2 Small (100 samples per class; 100 classes)
and SSV2 Full (all classes). Our evaluations follow the split
protocols from previous works: Kinetics splits from [99],
UCF101 and HMDB51 splits from [82, 91], and FineGym
splits from [39]. To ensure fair comparison, we main-
tain consistency with the evaluation protocols used in prior
works [39, 73, 76, 79, 88].

5.2. Implementation details
We follow prior work [39, 76] for most architectural choices
and training configurations. Using DINOv2-base [47],
we get semantic clusters from which 256 semantic-aware
points are sampled for tracking via CoTracker [34, 35].
The architecture employs a single transformer block and
uses 32-bin Histogram of Directions (HoD) in the intra-
motion module. During training, only the transformer and
motion modules are optimized while other components re-
main frozen. Following standard protocols [39, 73, 76, 88],
we evaluate using average few-shot accuracy across 10,000
episodes.

5.3. Quantitative Results
We evaluate Trokens against previous state-of-the-art ap-
proaches under the standard 5-way K-shot setting. Ta-
bles 1, 2, and 5 present our results on SSV2 Full and Kinet-
ics (K=1-5), SSV2 Small/UCF-101/HMDB-51 (K=1,3,5),
and FineGym respectively. On SSV2 Full, Trokens con-
sistently outperforms TATs [39] with gains of 3.8%, 2.8%,
3.2%, 5.3%, and 2.1% across 1-5 shots respectively. For
Kinetics, we achieve improvements of 1.0% and 1.2% in 1-
shot and 2-shot settings, with comparable performance in
higher shots. The modest gains reflect Kinetics’ inherent
appearance bias, where actions are primarily distinguish-
able through static cues, reducing the effectiveness of our
motion-focused contributions. SSV2 Small demonstrates
significant improvements with gains of 3.5%, 5.3%, and
4.5% across 1,3,5-shot settings. UCF-101 shows consistent
improvements of 2.0%, 0.5%, and 2.4%, while HMDB-51
exhibits substantial gains of 9.8%, 8.2%, and 5.3% across
respective shots. FineGym follows this trend with improve-
ments of 2.6%, 2.3%, and 2.0% for 1,3,5-shot settings. Fur-
thermore, when varying N-way settings (Table 3), Trokens
maintains its superior performance with consistent gains
of 3-4% on SSV2 Full and 1-2% on Kinetics in the 1-
shot setting. These substantial improvements across diverse
datasets, shot settings, and N-way configurations demon-
strate our approach’s robust and superior nature.

Class-wise performance anlaysis. Figure 3 presents a
class-wise performance comparison between our method
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Table 1. Comparison of few-shot action accuracy (1-5 shots) on SSV2 Full and Kinetics datasets versus contemporary methods. Best
results are bolded, second-best underlined, and ”-” indicates unavailable data.

SSV2 Full Kinetics

Method Reference 1-shot 2-shot 3-shot 4-shot 5-shot 1-shot 2-shot 3-shot 4-shot 5-shot

OTAM [8] CVPR’20 42.8 49.1 51.5 52.0 52.3 72.2 75.9 78.7 81.9 84.2
TRX [49] CVPR’21 42.0 53.1 57.6 61.1 64.6 63.6 76.2 81.8 83.4 85.2
STRM [59] CVPR’22 43.1 53.3 59.1 61.7 68.1 62.9 76.4 81.1 83.8 86.7
MTFAN [82] CVPR’22 45.7 - - - 60.4 74.6 - - - 87.4
HYRSM [73] CVPR’22 54.3 62.2 65.1 67.9 69.0 73.7 80.0 83.5 84.6 86.1
HCL [95] ECCV’22 47.3 54.5 59.0 62.4 64.9 73.7 79.1 82.4 84.0 85.8
Nguyen et al [45] ECCV’22 43.8 - - - 61.1 74.3 - - - 87.4
Huang et al [33] ECCV’22 49.3 - - - 66.7 73.3 - - - 86.4
MoLo [76] CVPR’23 56.6 62.3 67.0 68.5 70.6 74.0 80.4 83.7 84.7 85.6
SloshNet [87] AAA1’23 46.5 - - - 68.3 70.4 - - - 87.0
GgHM [88] ICCV’23 54.5 - - - 69.2 74.9 - - - 87.4
RFPL [84] ICCV’23 47.0 54.6 58.3 60.3 61.0 74.6 80.0 82.1 84.1 86.8
CCLN [77] PAMI’24 46.0 - - - 61.3 75.8 82.1 85.0 86.1 87.5
HYRSM++ [79] PR’24 55.0 63.5 66.0 68.8 69.8 74.0 80.8 83.9 85.3 86.4
TATS [39] ECCV’24 57.7 67.1 70.0 70.6 74.6 81.9 86.5 89.9 90.6 91.1
TEAM [42] CVPR’25 - - - - - 83.3 - - - 92.9

Trokens - 61.5 69.9 73.8 75.9 76.7 82.9 87.7 89.9 90.8 91.2

and previous approaches [39, 76] on both SSV2 Small and
SSV2 Full splits. Our method demonstrates consistent im-
provements across classes through the combined benefits of
semantic-aware sampling and motion modules. The seman-
tic sampling strategy ensures better tracking of smaller ob-
jects, while our motion modules capture complex temporal
dynamics effectively. On SSV2 Small, classes like ‘Unfold-
ing something’ and ‘Twisting something’ show notable im-
provements, particularly benefiting from our motion-aware
architecture. Similarly, SSV2 Full exhibits enhanced per-
formance in classes such as ‘Pulling something from left to
right’ and ‘Dropping something next to something’. How-
ever, our analysis also reveals limitations in handling rapid
motions causing blur (e.g., ‘Rolling something on flat sur-
face’) and significant camera movements (e.g., ‘Picking
something up’), where point tracking becomes challenging.

5.4. Ablation Analysis
We conduct an ablation study to evaluate key design deci-
sions. Through systematic experimentation, we analyze the
impact of each component on model performance and pro-
vide empirical justification for our final configuration. We
also show additional ablations in our supplementary.

Impact of each component. Table 4 presents an abla-
tion study of our key components. Starting from the base-
line configuration [39], we first evaluate our semantic-aware
point sampling strategy, which yields improvements of 2%
and 1.3% on SSV2 Small (1-shot and 5-shot), and 0.9% on
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Figure 3. Class-wise accuracy comparison between MoLo [76],
TATs [39] and our method. Left: classes where our approach
shows performance gains. Right: classes without improvement.

SSV2 Full (1-shot). Given these gains, we retain this sam-
pling strategy for subsequent experiments. We then analyze
our motion modules independently. The intra-motion mod-
ule alone achieves gains of ∼2% on both shots of SSV2
Small and up to 3.3% on SSV2 Full. Similarly, the inter-
motion module independently shows improvements of 1.3–
1.6% on SSV2 Small and up to 2% on SSV2 Full. When
combined, these modules yield consistent improvements of
1–2% across all settings, suggesting they capture comple-
mentary motion information that enhances performance.

Analysis of Intra-motion module. Table 6 compares our
choice of Histogram of Oriented Displacement (HoD) fea-
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Table 2. Comparison of few-shot action accuracy (1, 3 and 5 shots) on SSV2 Small, UCF-101, and HMDB-51 datasets versus contemporary
methods. Best results are bolded, second-best underlined, and “-” indicates unavailable data.

SSV2 Small UCF-101 HMDB-51

Method Reference 1-shot 3-shot 5-shot 1-shot 3-shot 5-shot 1-shot 3-shot 5-shot

OTAM [8] CVPR’20 36.4 45.9 48.0 79.9 87.0 88.9 54.5 65.7 68.0
TRX [49] CVPR’21 36.0 51.9 56.7 78.2 92.4 96.1 53.1 66.8 75.6
STRM [59] CVPR’22 37.1 49.2 55.3 80.5 92.7 96.9 52.3 67.4 77.3
MTFAN [82] CVPR’22 - - - 84.8 - 95.1 - - -
HYRSM [73] CVPR’22 40.6 52.3 56.1 83.9 93.0 94.7 60.3 71.7 76.0
HCL [95] ECCV’22 38.7 49.1 55.4 82.5 91.0 93.9 59.1 71.2 76.3
Nguyen et al [45] ECCV’22 - - - - - - 59.6 - 76.9
Huang et al [33] ECCV’22 38.9 - 61.6 71.4 - 91.0 60.1 - 77.0
MoLo [76] CVPR’23 42.7 52.9 56.4 86.0 93.5 95.5 60.8 72.0 77.4
GgHM [88] ICCV’23 - - - 85.2 - 96.3 61.2 - 76.9
RFPL [84] ICCV’23 - - - 82.5 94.1 96.3 - - -
CCLN [77] PAMI’24 - - - 86.9 94.2 96.1 65.1 76.2 78.8
HYRSM++ [79] PR’24 42.8 52.4 58.0 85.8 93.5 95.9 61.5 72.7 76.4
TATs [39] ECCV’24 47.9 60.0 64.4 92.0 96.8 95.5 60.0 71.8 77.0
TEAM [42] CVPR’25 47.2 - 63.1 94.5 - 98.8 70.9 - 85.5

Trokens - 53.4 65.3 68.9 94.0 97.3 97.9 69.8 80.0 82.3

Table 3. Comparative N-way 1-shot classification accuracy (N=5-10) on Kinetics and SSV2 Full datasets versus contemporary methods.
Best and second-best results are bolded and underlined, respectively.

SSV2 Full Kinetics

Method 5-way 6-way 7-way 8-way 9-way 10-way 5-way 6-way 7-way 8-way 9-way 10-way

OTAM [8] 42.8 38.6 35.1 32.3 30.0 28.2 72.2 68.7 66.0 63.0 61.9 59.0
TRX [49] 42.0 41.5 36.1 33.6 32.0 30.3 63.6 59.4 56.7 54.6 53.2 51.1
HyRSM [73] 54.3 50.1 45.8 44.3 42.1 40.0 73.7 69.5 66.6 65.5 63.4 61.0
MoLo [76] 56.6 51.6 48.1 44.8 42.5 40.3 74.0 69.7 67.4 65.8 63.5 61.3
TATs [39] 57.7 55.7 52.5 50.0 47.0 45.8 81.9 79.0 76.1 75.2 72.2 72.0

Trokens 61.5 59.1 56.5 54.6 51.4 49.1 82.9 80.2 78.5 76.8 75.5 73.3

Table 4. Impact of each component on Trokens, demonstrating
the relative contribution of individual elements with the final row
representing our final setting.

Semantic-aware
sampling

Intra
motion

Inter
motion

SSV2 Small SSV2 Full

1-shot 5-shot 1-shot 5-shot

% % % 47.9 64.4 57.7 74.6
! % % 49.9 65.7 58.6 74.2
! ! % 51.8 67.7 61.3 75.7
! % ! 52.2 67.3 60.6 74.8
! ! ! 53.4 68.9 61.5 76.7

tures against displacement-only features for intra-motion
representation. To isolate the impact of feature choice,
we conduct all experiments with the inter-motion module
disabled. In this controlled setting, HoD features consis-
tently outperform displacement-only features on SSV2 Full,

yielding gains of 2.4%, 2.0%, and 1.5% for 1-shot, 3-shot,
and 5-shot settings, respectively. These results demonstrate
that incorporating directional information through HoD fea-
tures captures richer trajectory patterns compared to using
displacement information alone.

Performance vs. Efficiency Analysis. In Fig. 4, we
present analysis including runtime FLOPs to demonstrate
the efficiency benefits of our method. Trokens offsets the
computational cost of clustering by efficiently selecting
points that achieve higher performance with fewer tracking
points. For both SSV2 Small and SSV2 Full, our method
with just 32 points surpasses TATs (uniform sampling) with
256 points, while using 82% fewer inference-time FLOPs
overall. Note that FLOP calculations exclude the DINO fea-
ture extractor as it remains constant across methods.
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Table 5. Comparison of few-shot
action accuracy (1, 3 and 5 shots)
on the FineGym dataset.

FineGym

Method 1-shot 3-shot 5-shot

MoLo [76] 73.3 80.2 84.8
TATs [39] 81.8 86.0 87.9

Trokens 84.4 88.3 89.9

Table 6. Comparative analysis of intra-motion
module variants independent of inter-motion
module.

SSV2 Full

Intra-motion module 1-shot 3-shot 5-shot

Displacement only 59.9 71.6 74.2
HoD (ours) 61.3 73.6 75.7

Table 7. Trainable parameter analysis. * repre-
sents our implementation of [39] with increased
parameters for fair comparison.

SSV2 Small SSV2 Full
Method Params 1-shot 5-shot 1-shot 5-shot

TATs [39] 11.8 M 47.9 64.4 57.7 74.6
TATs* [39] 18.1 M 48.0 63.0 59.6 74.3

Trokens 17.4 M 53.4 68.9 61.5 76.7

Figure 4. FLOPS vs. Accuracy Comparison for Trokens’
semantically-guided sampling against uniform sampling (TATs)
over serveral point counts. Trokens’ sampling enables higher per-
formance at lower sampling rates boosting overall efficience.

Effect of trainable parameters. To address potential
concerns about performance gains stemming from in-
creased model capacity, we implemented a modified version
of [39] with expanded parameters to match our model size.
We maintaining the rest of their original configuration. Ta-
ble 7 shows that this parameter-matched re-implementation
of [39] does not yield improved performance. This demon-
strates that our performance gains stem from the effective-
ness of our motion modules in capturing complementary in-
formation, rather than from increased model capacity.

5.5. Qualitative Analysis
Figure 5 demonstrates our semantic-aware point sampling
through trajectory visualization. Our method concentrates
tracking points on action-relevant objects for meaningful
motion capture. The top-right quadrant showing “Taking
something out of something” tracks both a lemon and bottle,
capturing the essential lifting motion. Trajectories across
different examples of the same action show striking simi-
larities while remaining distinct from other actions. This
intra-class similarity and inter-class variation shows how
our semantic sampling enhances action recognition by fo-
cusing on meaningful motion patterns.

6. Limitations and Future Work

While our approach demonstrates strong performance over-
all, it faces certain limitations. On datasets like Kinetics,
our motion-focused approach provides limited performance
gains as its actions are distinguishable from appearance
alone. Additionally, our method faces challenges inherent
to point tracking: it becomes vulnerable to rapid motions
that cause motion blur. Significant camera movement can

Figure 5. Visualization of action trajectory similarities across four
classes, where semantic-based sampling enables object-focused
trajectories. Each quadrant demonstrates intra-class motion con-
sistency while maintaining inter-class discriminative features.

disrupt point trajectory consistency, impacting performance
in classes involving substantial viewpoint changes. These
limitations primarily stem from the fundamental challenges
in point tracking rather than our architectural choices, sug-
gesting potential future directions in developing more ro-
bust tracking mechanisms. Future work can further explore
recent works in 3D point tracking [15, 37, 65, 85, 86, 89]
and improve upon current tracking robustness to address
these fundamental challenges. While we demonstrate the
effectiveness of our approach in few-shot action recogni-
tion, we hope Trokens inspires research in both full classi-
fication settings and broader video understanding tasks.

7. Conclusion

We introduced Trokens, a novel approach for few-shot ac-
tion recognition using semantic-aware motion trajectory
tokens. Our method addresses key challenges in point
tracking-based video understanding through semantic-
aware sampling and relational motion modeling that cap-
tures intra-trajectory dynamics and inter-trajectory relation-
ships. State-of-the-art performance across six challenging
benchmarks validates our core insight that combining se-
mantic guidance with explicit motion modeling provides
a robust foundation for understanding human actions in
limited-data scenarios while opening promising directions
for future research in dynamic scene understanding.
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