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Abstract

Few-shot Video Object Detection (FSVOD) addresses the
challenge of detecting novel objects in videos with limited
labeled examples, overcoming the constraints of traditional
detection methods that require extensive training data. This
task presents key challenges, including maintaining temporal
consistency across frames affected by occlusion and appear-
ance variations, and achieving novel object generalization
without relying on complex region proposals, which are of-
ten computationally expensive and require task-specific train-
ing. Our novel object-aware temporal modeling approach ad-
dresses these challenges by incorporating a filtering mecha-
nism that selectively propagates high-confidence object fea-
tures across frames. This enables efficient feature progres-
sion, reduces noise accumulation, and enhances detection ac-
curacy in a few-shot setting. By utilizing few-shot trained de-
tection and classification heads with focused feature propaga-
tion, we achieve robust temporal consistency without depend-
ing on explicit object tube proposals. Our approach achieves
performance gains, with AP improvements of 3.7% (FSVOD-
500), 5.3% (FSYTV-40), 4.3% (VidOR), and 4.5% (Vid-
VRD) in the 5-shot setting. Further results demonstrate im-
provements in 1-shot, 3-shot, and 10-shot configurations.

Code — https://github.com/yogesh-iitj/fs-video-vit

Introduction

Object detection in videos has witnessed significant progress
with the advent of deep learning-based methods in the last
few years (Zhu et al. 2017; Wu et al. 2019; Yu et al. 2021;
Fan, Tang, and Tai 2022a). However, most traditional meth-
ods focus on closed-set detection, where models are trained
on predefined object categories with extensive labeled sam-
ples per category. This makes them impractical for many
real-world applications that require the detection of novel
object categories with limited training samples. Few-Shot
Video Object Detection (FSVOD) (Fan, Tang, and Tai 2022a)
addresses this challenge by enabling models to detect novel
objects in videos using only a few examples, as shown in
Figure 1.

Unlike widely-studied few-shot object detection in im-
ages (Dong et al. 2022; Wang et al. 2020; Kang et al. 2019;
Wu et al. 2020; Sun et al. 2021), FSVOD must account for
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Figure 1: Given a support set containing novel objects and a
target video, the goal of FSVOD (Fan, Tang, and Tai 2022b)
is to detect all the instances of novel objects on the target
video. We propose an object-aware temporally consistent
few-shot object detection framework that significantly im-
proves the state of the art for this task.

temporal consistency, motion blur, occlusion, and variations
in object appearance between frames, making the task sub-
stantially more difficult (Fan, Tang, and Tai 2022a). Existing
approaches for FSvVOD (Fan et al. 2020; Zhou, Koltun, and
Krihenbiihl 2020; Han et al. 2023a; Kumar et al. 2024) face
several limitations, such as they often process frames in-
dependently without leveraging temporal information (Fan
et al. 2020), struggle with false positives due to weak tempo-
ral matching (Fan, Tang, and Tai 2022b), use region or tube
proposal networks not optimized for few-shot settings (Fan
et al. 2020; Fan, Tang, and Tai 2022b; Han et al. 2023b),
and have difficulties in discriminating with visually-similar
objects and occlusions (Kumar et al. 2024).

Recent advances in vision-language and video grounding
models (Heigold et al. 2023a; Jung et al. 2025; Kumar and
Mishra 2023; Kumar et al. 2025b,a) have shown strong ca-
pabilities in open-set video object detection and grounding.
Video OWL-ViT (Heigold et al. 2023a), built on CLIP’s
vision-language pretraining, can be naturally adapted for
few-shot video object detection by replacing text prompts
with visual prompts from support images, enabling detec-
tion of novel objects from just a few examples. However, this



adaptation lacks object-aware temporal modeling, as it pro-
cesses frames independently of the detected objects, leading
to inconsistent detection across time.

Our approach leverages a vision-language pretrained
frame encoder to transfer semantic knowledge from image-
text data, enabling recognition of novel object categories.
Furthermore, contrastively-trained vision encoders are more
effective in distinguishing between visually similar ob-
jects across different categories and handle partially visi-
ble or occluded objects compared to CNN backbones (like
ResNet (He et al. 2016)) used in prior methods (Fan, Tang,
and Tai 2022b; Han et al. 2023b; Kumar et al. 2024). This
robust feature representation serves as the foundation for
our temporal consistency mechanism. To enhance this con-
sistency, we fuse representations of previously detected ob-
jects with current frame detections, preserving relevant tem-
poral information and adapting to appearance changes over
time. Unlike methods that process frames independently,
our approach maintains memory of past observations for
better temporal reasoning. Our detection is directly opti-
mized to condition on few-shot visual examples, providing
better results compared to traditional region proposal net-
works. Further, unlike conventional tracking-by-detection
pipelines (Fan, Tang, and Tai 2022b; Han et al. 2023b), our
end-to-end learning of video-specific object representations
leads to superior generalization.

In summary, we make the following contributions: (i)
We revisit the relatively under-explored task of Few-Shot
Video Object Detection (FSVOD) and introduce simple yet
effective task-specific innovations. Our key contribution is
a novel object-aware temporal modeling approach, that se-
lectively propagates high-confidence object features across
frames. This enables efficient feature progression, reducing
noise accumulation, and improving detection accuracy in
few-shot video scenarios. (ii) For the first time, we adapt
large-scale pre-trained vision-language models for FSVOD,
aligning with recent trends in open-world detection. This in-
tegration enables novel object detection by leveraging broad
visual-linguistic knowledge, facilitating efficient adaptation
and strong generalization to unseen categories. (iii) We per-
form extensive evaluations against baselines and state-of-
the-art methods on four public FSVOD benchmarks. Our
approach achieves significant performance gains, with AP
improvements of 3.7% (FSVOD-500), 5.3% (FSYTV-40),
4.3% (VidOR), and 4.5% (VidVRD) in the 5-shot setting.
Further, we observe consistent improvements across 1-shot,
3-shot, and 10-shot setups, demonstrating robust generaliza-
tion across different few-shot scenarios.

Related Work

Few-Shot Object Detection: Recent advances in Few-Shot
Object Detection (FSOD) have been driven by attention
mechanisms, transformers, and meta-learning techniques.
Approaches like CoAE (Hsieh et al. 2019) and OS2D (Os-
okin, Sumin, and Lomakin 2020) have pushed the bound-
aries of one-shot object detection in images through co-
attention mechanisms and versatile one-stage approach, re-
spectively. For traditional FSOD, methods such as feature
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reweighting (Kang et al. 2019), contrastive proposal encod-
ing (Sun et al. 2021), and hierarchical learning (She et al.
2022) have demonstrated improved performance across var-
ious benchmarks. In addition, several DETR variants (Dong
et al. 2022; Dai et al. 2021) have emerged and shown
promising results for few-shot object detection in images.
Although FSOD in images provides the foundational tech-
niques and can be trivially extended to videos by perform-
ing few-shot detection on frames independently. Our ex-
periments suggest that they often fall short. The inherent
temporal nature of videos introduces additional complexi-
ties that require specialized approaches to maintain consis-
tency across frames while preserving the few-shot learning
paradigm. We introduce object-aware temporal consistency
to overcome the inherent challenges specific to video.

While few-shot object detection in images has been exten-
sively studied, its video counterpart remains relatively un-
derexplored. Qi et al. (Fan, Tang, and Tai 2022b) have for-
mally introduced a few-shot video object detection task and
accompanying datasets. They proposed a proposal-based
approach, where object detection trajectories are first pro-
posed and later refined using the matching network. Ku-
mar et al. (Kumar et al. 2024) have specifically studied
this problem for one-shot settings using a novel query-
guided variant of DETR. More recently, Wentano et al. (Han
et al. 2023b) enhanced temporal information by context fu-
sion. Our work addresses key limitations of existing FSVOD
methods by utilizing a transformer-based backbone (OWL-
ViT) pre-trained on large-scale image-text pairs, replacing
the CNN-based backbones used in prior approaches and
improves semantic knowledge transfer. In addition, unlike
proposal-based networks not optimized for few-shot scenar-
ios, our proposal-free method conditions detection directly
on few-shot-trained heads and improves generalization.
Open-World Object Detection: There is a fundamental
shift in computer vision literature toward detecting novel vi-
sual concepts driven by models pre-trained on large-scale
vision and language data (Han and Lim 2024; Kaul, Xie,
and Zisserman 2023). These large models help in detect-
ing novel objects by leveraging their broad visual and lin-
guistic knowledge, efficient adaptation, and improved gen-
eralization to unseen categories. Recent works like OWL-
ViT (Minderer et al. 2022b) and Video OWL-ViT (Heigold
et al. 2023b) leverage vision-language models pretrained
on large-scale data to detect open-vocabulary concepts.
Methods like GLIP (Li et al. 2022) and OpenSeed (Zhang
et al. 2023) further advance this paradigm by incorporating
grounded pretraining and structured knowledge distillation.

This growing trend highlights the importance of flexible,
prompt-driven detection systems that can adapt to diverse
visual inputs. Open-world object detectors can be extended
for image-conditioned detection, enabling users to detect
objects by providing a few visual examples. In this work,
we leverage OWL-ViT encoders for image-conditioned de-
tection in a few-shot setup and enhance the existing Video
OWL-ViT (Heigold et al. 2023a) by introducing an object-
aware decoder that significantly improves temporal consis-
tency across video frames, and thereby the few-shot video
object detection performance.



Method

Few-shot video object detection (FSVOD) aims to detect
novel object categories that were not encountered during
training. The task involves a support set containing a few
images of novel object classes and a farget video consisting
of multiple frames. The goal is to identify and localize all
instances of the objects from the support set across every
frame of the target video, as shown in Figure 1.

Problem Formulation

In the FSVOD task, we aim to locate and classify all instances
of objects belonging to novel classes in a target video using
only a few support examples. Formally, given an N-way K-
shot support set S = {(I; ;,¢;)[i = 1,-,N;j = 1,-,K}
where I; ; represents the j-th support image of class ¢;, and
a target video V = {F|t = 1,...,T} with T frames, our
goal is to detect all instances of the NV novel classes across
all frames. For each frame F;, the model predicts a set of
object bounding boxes along with their class labels.

Design Motivation and Architectural Overview

Our proposed approach is designed to address the follow-
ing unique challenges associated with FSVOD task: (i) the
limited supervision requiring efficient knowledge transfer,
(ii) the necessity for temporal consistency across sequential
frames despite appearance variations due to motion, occlu-
sion, and viewpoint shifts, and (iii) the open-set recognition
capability to distinguish between novel objects and back-
ground elements without explicit training.

To address these challenges, we propose an object-
aware, temporally consistent few-shot video object detection
framework. Our approach consists of the following main
components: a language-aligned vision encoder that pro-
vides semantically rich visual representations, a temporal
fusion decoder that selectively propagates high-confidence
object features across frames and, few-shot matching and
detections heads that aligns query frame features with sup-
port examples. Figures 2,3 illustrates our overall framework.

Object-aware Temporally consistent FSVOD
framework

Language-Aligned Vision Encoder: Traditional CNN
backbones like ResNet (He et al. 2016), trained solely on
visual classification tasks, often struggle to generalize to
novel classes with limited examples. To overcome this lim-
itation, the recent trend (Han and Lim 2024; Heigold et al.
2023a) is to use a pretrained vision encoder that has been
aligned with language semantics through large-scale vision-
language pretraining. We adopt this by utilizing an OWL-
ViT encoder pretrained on large-scale image-text pairs. This
encoder transforms each input image I into a grid of patch
embeddings E € RP*P where P is the number of patches
and D is the embedding dimension.

Support Set Encoding: (i) Support Feature Extraction.
Given a support set S containing K examples for each of
the IV novel classes, we extract patch-level features from
each support image. For each support image I; ;, the encoder
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Figure 2: Object-aware Temporal Consistency. We utilize
the OWL-ViT encoder output tokens as queries but, criti-
cally, only forward the matched object tokens (c? > ) as
key-value pairs to the next frame’s decoder. This mecha-
nism selectively propagates high-confidence object features
across frames. This enables efficient feature progression, re-
ducing noise accumulation. We empirically found a thresh-
old (7) and compared it with class probability (c”) scores
for selective propagation. This selective propagation mecha-
nism significantly reduces noise accumulation across frames
and maintains focused, consistent visual representations of
detected objects throughout the video sequence.

generates both patch embeddings E; ; € R”*P and their
corresponding objectness scores for each patch, s; ; € RP.
A higher objectness score indicates a higher probability of
an object being present in that particular patch. To obtain an
object-centric representation, we select the patch with the
highest objectness score.

— P
=G

Pt = argmgxsﬁj, Z; j (1)
where z; ; is the selected patch embedding that best repre-
sents the target object in the support image. (ii) Support
Prototype Generation. After extracting object-centric fea-
tures (z; ;) from each support image, we aggregate infor-
mation from the K support examples to form a class proto-
type. For each class c;, the final class prototype z; is com-
puted by averaging across the K selected object-centric fea-
tures. This aggregation creates a robust representation for
each novel class that captures essential visual characteris-
tics across multiple support examples, allowing the model
to handle intra-class variations more effectively.

Object-Aware Temporal Frame Decoder: (i) Target
Frame Feature Extraction. For each frame F; in the tar-
get video, we extract patch embeddings using the OWL-ViT
image encoder, F; € RP>*P_ (ii) Temporal Fusion. To en-
sure temporal consistency in object detection across frames,
we propose a filtering mechanism that selectively propa-
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Figure 3: Few-shot Classification and Detection Heads. Our
architecture processes object queries through parallel pro-
jection heads for classification and localization. Classifi-
cation embeddings are compared against support embed-
dings via cosine similarity, while the detection head pre-
dicts bounding box coordinates. The temporal consistency
is maintained by propagating matched object queries.

gates high-confidence object features from one frame to the
next. This approach facilitates efficient feature progression
and minimizes noise accumulation by leveraging the embed-
dings of successfully detected objects from previous frames.
By doing so, it enhances temporal consistency and improves
the overall accuracy of object detection in video sequences.

For the first frame (¢ = 0), we process the frame em-
beddings directly. For subsequent frames (t > 0), we in-
corporate information from previous frame detections via
a cross-frame interaction that selectively integrates object-
level features to enhance temporal consistency. Specifically,
we select embeddings from the few-shot classification head
(Vfls) of the previous frame where detection confidence ex-
ceeds a threshold 7 (shown in Figure 2):

Vi = {vi_ilét 1, > 7} @)
where éfiu represents the classification probability for
patch p and class ¢ in frame ¢ — 1. The current frame em-
beddings F; serve as queries, while the embeddings from
Cls Head with high confidence score responsible for object
detection (Figure 2), V¢, from the previous frame serve as
both keys and values. The cross-frame interaction operation
is computed as:

F det \T
A; = Softmax (f(tl)) .
vD

The resulting attention-weighted features are used to update

3)
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the current frame representations:
“4)

These temporally enhanced features F, are then fed to the
classification and localization heads for object detection in
the current frame. By using attention between current frame
features and previously detected objects representations, the
model maintains better temporal consistency while detecting
objects in the current frame.

Few-Shot Detection Heads: The temporally enhanced
frame embeddings F, are processed through parallel classi-
fication and localization heads to produce the final detection
results.

Classification Head. The classification head compares
frame embeddings with support class prototypes to deter-
mine object categories. It projects frame embeddings to the
classification space:

F, =F, + A, V¥,

Vs = Wy Fy, (5)

where W is a learnable projection matrix.
For each patch embedding v} and class prototype z;, we
compute cosine similarity:

vz,

(6)

T VTl
Each patch is assigned a probability distribution over the [V
classes and background using softmax normalization of sim-
ilarity scores, translating feature similarity into class proba-
bilities.

Localization Head. The localization head predicts bound-
ing box coordinates for detected objects through a multi-
layer perceptron:

B = MLPy (F,), (7
where each row f)f € R* represents the predicted bounding
box parameters (z,y, w, h) for each corresponding patch p.
For each patch p, if its maximum classification score exceeds
threshold x, we consider it as a valid detection.

Training Objective: Our model is trained end-to-end by
optimizing a combined loss function across all video frames:

M,
L= Z [ Z /\cls : Ecls(é:t(m)a c;n)
t=1 m=1
M

3 i 10
m=1

The classification loss (Ls) uses cross-entropy to measure
discrepancy between predicted and ground-truth class la-
bels, while the localization loss (Lpox) combines L1 loss
for coordinate distances and generalized IoU loss for han-
dling varying box sizes. Following DETR (Carion et al.
2020), o¢(m) denotes the index of the prediction matched
to ground-truth object m, and M, is the number of objects
in frame ¢. The hyperparameters A\, and Apox control the
weighting of the classification and localization losses.



Method FSVOD-500 FSYTV-40 VidOR VidVRD
AP AP50 AP75 AP AP50 AP75 AP AP50 AP75 AP AP50 AP75
. FR-CNN 182 264 19.6 9.3 154 9.6 21.6  29.1 232 14.3 18.6 14.2
& FSOD 21.1 31.3 22.6 125 209 13.0 - - - - - -
g RDN 182 279 19.7 8.1 13.4 8.6 - - - - - -
QE, CoAE 184  29.3 18.9 9.8 18.4 10.1 358 437 36.1 30.2  38.1 31.8
: Retrieval-Based 1.3 2.4 1.6 0.6 1.1 0.8 1.4 2.6 1.3 1.8 2.5 2.0
2 Owl-ViT 148 253 16.7 106  19.8 11.2  30.1 37.3 312 236 321 23.9
UP-DETR 20.1 27.6 21.2 11.8 19.4 12.1 39.7 475 40.0 11.6 18.3 12.5
DeepSort+YOLOVS + CLIP  13.2 214 14.4 5.3 94 6.2 232 30.1 236 234 33.1 24.1
TrackFormer + CLIP 142 226 15.3 6.2 10.5 6.8 253 327 262 254 338 27.3
ByteTrack + CLIP 147 239 15.8 7.9 15.6 8.1 249 314 253 256 362 26.2
MEGA 16.8 264 17.7 7.8 13.0 8.3 - - - - - -
7:3 CTracker 20.1 30.6 21.0 8.9 14.4 9.1 - - - - - -
g, FairMOT 20.3  31.0 21.2 9.6 16.0 9.5 - - - - - -
g CenterTrack 20.6 30.5 21.9 9.5 15.6 9.7 - - - - - -
&=  TACF 269 392 219 159 242 179 - - - - - -
Video Owl-ViT 258  36.5 26.1 157 263 159 443 529 457 442 537 45.4
FSVOD 25.1 36.8 26.2 14.6 219 16.1 45.1 543 46.2  40.7 535 437
QDETRv 26.1 33.8 23.7 14.1 22.8 153 434 518 44.6 428 508 41.7
Ours 30,6 429 321 212 298 235 494 573 50.2 487 57.8 49.2

Table 1: Performance comparison on FSVOD-500, FSYTV-40, VidOR, and VidVRd in 5-shot set-up. Our Object-aware Video
OWL-VIT consistently surpasses both state-of-the-art and baseline methods across all datasets and metrics.

Split Vid-OR  VidVRD FSVOD FESYTV
#Train Videos 6,164 758 2553 1627
#Train Queries 57,599 4,395 - -
#Train Categories 75 30 320 30
#Test Videos 32 42 949 608
#Test Queries 407 112 - -
#Test Categories 9 5 100 10

Table 2: Overview of the datasets used in this work.

Experiments and Results

Datasets

In this work, we utilized the FSVOD-500, FSYTV-40, Vi-
dOR, and VidVRD datasets, as proposed and repurposed
in (Fan, Tang, and Tai 2022b; Kumar et al. 2024). These
datasets are specifically designed for few-shot video object
detection, providing a structured evaluation framework with
disjoint training, validation, and testing classes. Detailed
statistics of the datasets are provided in Table 2.

Baselines

We compare our method against temporal and non-temporal
few-shot object detectors, covering diverse architectural de-
signs and learning strategies.

Non-temporal Methods. We establish strong baselines
using image-based few-shot detectors compared in (Fan,
Tang, and Tai 2022b). Traditional detectors like Faster R-
CNN (Ren et al. 2015) validate core detection performance,
while FSOD (Fan et al. 2020) and RDN (Deng et al. 2019)
from (Fan, Tang, and Tai 2022b) highlight the impact of
specialized few-shot designs. We adapt CoAE (Hsieh et al.
2019), originally for one-shot detection, by selecting high-
confidence predictions for few-shot extension. CoAE em-
ploys meta-learning and attention for data efficiency. To as-
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sess large-scale pre-training, we include OWL-ViT (Min-
derer et al. 2022a) and UP-DETR (Wang et al. 2021).
Retrieval-based detection (Radenovié, Tolias, and Chum
2016) is also evaluated as a proposal selection strategy.
Temporal Methods. We evaluate video-based detec-
tors across three categories. First, we adopt temporal
baselines from (Fan, Tang, and Tai 2022b), including
MEGA (Chen et al. 2020), CTracker (Peng et al. 2020),
FairMOT (Zhang et al. 2021), and CenterTrack (Zhou,
Koltun, and Krihenbiihl 2020). Second, we assess tracking-
by-detection methods, DeepSort+YOLOv8 (Wojke, Bewley,
and Paulus 2017), TrackFormer (Meinhardt et al. 2022), and
ByteTrack (Zhang et al. 2022) combined with CLIP (Rad-
ford et al. 2021) for tube-support similarity. Models are
trained on support examples to generate spatio-temporal
tubes, and tube-support similarity is computed via average
pooling. Third, we compare with SOTA one/few-shot video
detectors, including FSVOD (Fan, Tang, and Tai 2022b),
TACF (Han et al. 2023b), and QDETRv (Kumar et al. 2024).
Lastly, we adapt Video OWL-ViT (Heigold et al. 2023a) by
replacing its text-encoder with OWL-ViT’s image-encoder,
integrating our few-shot detection and classification heads.

Performance Measures

Following (Fan, Tang, and Tai 2022b), we adopt Average
Precision (AP) as an evaluation metric, computed as the area
under the precision-recall curve. AP5y and AP~5 denote per-
formance at IoU thresholds of 50% and 75%, respectively.

Implementation Details

We implement our model using pretrained OWL ViT-L/16
for the vision encoder. The temporal fusion module employs
a 4-head cross-attention mechanism with 1024-dimensional
hidden states. The classification and localization heads use



Method FSVOD-500 FSYTV-40 VidOR VidVRD
AP APso APrs AP APsg APz AP APso APrs AP APsg APz
CoAE 172 278 17.2 6.7 17.3 9.8 332 425 352 29.6 376 31.5
UP-DETR 173 243 18.4 9.7 16.9 9.9 356 452 37.2 8.5 15.2 9.3
e DeepSort+YOLOVS + CLIP  12.2  20.1 12.8 4.1 7.9 4.7 214 284 227 219  31.7 22.8
%7 FSVOD 20.7 294 214 114 18.6 12.1 36.8 453 363 345 452 35.2
= QDETRv 252 349 258 136 241 142 418 503 422 403 49.7 401
Video OWL-ViT 23.8  33.8 2477 124 227 132 403 51.7 415 398 476 40.2
Ours 274  39.1 289 183 262 19.7 452 541 47.6 453 545 46.8
CoAE 17.8 282 17.6 6.9 17.5 9.8 333 426 356 299 378 31.9
UP-DETR 179 25.1 18.8 10.2 17.5 10.3 36.2  46.8 38.3 9.3 16.1 10.4
e DeepSort+YOLOvVS + CLIP 12.7 204 13.7 4.3 8.3 4.9 22.0 28.8 23.1 220 319 23.4
% FSVOD 219 308 22.1 12.3 19.2 129 37.6 46.6 37.8 354 46.1 36.4
¢ QDETRv 256 352 263 138 245 145 421 508 427 408 503 406
Video OWL-ViT 24.1 34.6 252 12.7 232 13.8 40.6 525 41.8 404 483 40.7
Ours 282 40.5 31.1 196 272 209 464 556 48.2 465 55.7 47.2
CoAE 20.1 299 19.7 102 19.8 123 372 449 38.2 323 397 32.7
UP-DETR 232 302 23.7 13.7 223 152 41.8 50.2 43.1 13.7 212 15.4
E DeepSort+YOLOVS + CLIP  16.6  23.7 17.2 7.8 11.5 9.4 263 329 25.8 251 356 26.6
% FSVOD 272 385 286 161 258 179 473 567 484 447 549 449
S QDETRv 26.2 338 23.8 142 231 15.6 439 521 452 431 538 44.2
Video OWL-ViT 26.7 35.8 27.1 142 25.1 149 437 542 44.1 437 528 44.3
Ours 332 452 349 235 322 252 518 59.6 533 503 59.2 51.7

Table 3: Few-shot performance comparison. Our method consistently outperforms SoTA and implemented baselines across all
settings and datasets, demonstrating its effectiveness across diverse settings and datasets.
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Figure 4: Threshold effect (c? > 7) during the object-aware
temporal consistency.

2-layer MLPs with 512-dimensional hidden states. During
training, we use AdamW optimization with a le-5 learning
rate, 0.01 weight decay, and cosine scheduling with a linear
warmup. The loss weighting parameters are set to A¢s = 2,
Abox = . Weset 7 = 0.94 and x = 0.98 in our experiments.

Results and Discussion

Main Results. Our proposed approach achieves state-of-
the-art performance across all four benchmark datasets. On
FSVOD-500, we achieve AP of 30.6%, AP50 of 42.9%,
and AP75 of 32.1%, surpassing TACF by margins of 3.7%,
3.7%, and 4.2%, highlighting robustness in localization and
classification. Similarly, on FSYTV-40, our method yields
21.2% AP, 29.8% AP50, and 23.5% AP75, outperform-
ing TACF by 5.3%, 5.6%, and 5.6%. Performance gains
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are more pronounced on VidOR and VidVRD, 49.4% AP,
57.3% AP50, and 50.2% APT5 for VidOR, and 48.7% AP,
57.8% AP50, and 49.2% AP75 for VidVRD, setting new
benchmarks. These results underscore the effectiveness of
our object-aware temporal modelling in capturing complex
spatiotemporal dependencies with minimal supervision.
Temporal vs. Non-temporal Methods. Temporal modeling
yields consistent gains across datasets. Non-temporal meth-
ods like UP-DETR (20.1% AP on FSVOD-500) underper-
form compared to our approach (30.6%), reflecting a 10.5%
gap. On FSYTV-40, our method improves by 9.4%. These
results underscore the value of capturing temporal depen-
dencies, especially under few-shot constraints.
Comparison with adapted Temporal Methods. Despite
using strong trackers (ByteTrack, DeepSort, TrackFormer)
paired with CLIP’s semantic features, these approaches
fall short of specialized video detectors. ByteTrack+CLIP
reaches only 14.7% AP on FSVOD-500, underperforming
our method by 15.9%. Consistent gaps are observed across
FSYTV-40 (13.3%), VidOR (24.5%), and VidVRD (23.1%),
highlighting the need for dedicated few-shot modules.
Improvements over Specialized Few-Shot Methods. Our
approach delivers consistent gains over prior specialized
few-shot video detectors, including FSVOD, TACF, and
adapted Video OWL-ViT. Compared to FSVOD, we im-
prove by 5.5% AP on FSVOD-500, 6.6% on FSYTV-40,
4.3% on VidOR, and 8.0% on VidVRD. Similar improve-
ments are observed over TACF and Video OWL-ViT. These
results highlight our advantages in temporal aggregation via
the object-aware frame encoder and superior support-query
matching through few-shot tailored heads.

Advantage of Temporal Fusion (Object-Aware Decoder).
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Figure 5: Qualitative comparison FSVOD-500 test set videos. Our method accurately detects multiple visually distinct instances
of Bactrian camels (top) and precisely localizes the Autogyro (bottom), whereas FSVOD misses several camel instances.
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Figure 6: Error type analysis on FSVOD val set.

In Table 4 on FSVOD-500, AP rises from 25.4% to 30.6%
(+5.2%), APgo from 37.1% to 42.9% (+5.8%), and AP75
from 26.9% to 32.1% (5.2%) when temporal fusion used.
On FSYTV-40, AP improves from 19.2% to 21.2% (+2.0%),
AP5¢ from 26.8% to 29.8% (+3.0%), and AP75 from 21.4%
to 23.5% (+2.1%). These gains highlight the decoder’s en-
hanced temporal reasoning detection performance.

Effect of Threshold (7) on Temporal Propagation. Fig-
ure 4 illustrates how varying the confidence threshold 7 im-
pacts detection. As 7 decreases from 0.98 to 0.70, the aver-
age number of detections rises from 2 to 23, reflecting in-
creased object coverage. AP peaks at 30.6 when 7 = 0.94,
then drops to 17.7 at 7 = 0.70, indicating precision loss due
to false positives. Thus, 7 = 0.94 offers the best trade-off
between coverage and precision.

Few-shot Performance Comparison. Table 3 shows con-
sistent improvement of our method across baselines in 1-
shot, 3-shot, and 10-shot settings. In the 1-shot case, we
achieve 27.4% AP on FSVOD-500 and 18.3% on FSYTV-
40, outperforming FSVOD by 6.7% and 6.9%, respectively.
In the 10-shot setup, our method attains 33.2% AP on
FSVOD-500 and 23.5% on FSYTV-40, with gains of 6.0%
and 7.4% over FSVOD. Similar improvements across other
benchmarks further validate our approach.

Qualitative Results. Figure 5 presents qualitative compar-
isons on two FSVOD-500 videos. In the first, our method
accurately detects multiple bactrian camels missed by

5770

FSVOD-500 FSYTV-40
Temp. Fusion AP APso APrs AP APso APz
X 254 37.1 26.9 19.2 26.8 21.4
v 30.6 429 32.1 21.2 29.8 23.5

Table 4: Advantage of Object-Aware Temporal Fusion.

FSVOD. In the second, involving an autogiro, our bounding
boxes are more precise.

Error Type Analysis. Following TIDE (Bolya et al. 2020),
we analyze error types in Fig. 6. Classification errors dom-
inate all approaches (19-28 AP@0.5), with our method
achieving lowest classification (19) and localization (5) er-
rors. Video-OWLVIT excels in background handling (0.7)
but suffers from high classification errors (28), while QDE-
TRv performs the poorest overall. Improving feature dis-
crimination and localization precision are key challenges.
Efficiency Analysis. Our method achieves a strong balance
between accuracy and efficiency, processing at 14 FPS with
8.1 GB of memory while attaining 30.6 AP. This is 40%
faster than VideoOWL-ViT (10 FPS, 8.4 GB) and 27% faster
than QDETRv (11 FPS, 7.6 GB), while providing substan-
tially higher accuracy (+4.8 AP and +4.5 AP, respectively).
Although FSVOD operates at 16 FPS with lower memory
usage (5.8 GB), our approach delivers a +5.5% AP improve-
ment with only a minor trade-off.

Conclusion

In this work, we introduced a novel approach for Few-
Shot Video Object Detection that incorporates a language-
aligned vision encoder and a filtering mechanism to se-
lectively propagate high-confidence object features across
frames. This mechanism efficiently enhances feature pro-
gression, reduces noise accumulation, and improves detec-
tion accuracy in a few-shot video setting. Through extensive
experiments on four datasets, our approach consistently out-
performs state-of-the-art methods, achieving superior detec-
tion performance and demonstrating its effectiveness in real-
world video object detection tasks.
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