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Abstract

Over the past decade, computer vision has advanced rapidly, evolving from visual un-
derstanding to visual generation. Visual understanding, which aims to extract semantic
and geometric information from visual signals, has become a core capability behind many
real-world applications, including autonomous driving and robot perception, large-scale im-
age/video search and recommendation, medical image analysis, intelligent surveillance, and
augmented/virtual reality.

Among visual understanding tasks, object detection and segmentation in images and
videos have emerged as foundational research problems. Object detection focuses on localiz-
ing and recognizing object instances, typically by predicting bounding boxes and associated
class labels. Segmentation provides finer-grained understanding by assigning labels to pixels:
semantic segmentation categorizes each pixel into a class, while instance segmentation further
separates different object instances within the same class. Extending these tasks to videos
introduces additional challenges such as motion blur, occlusion, and appearance changes,
and requires modeling temporal consistency; in particular, video instance segmentation seeks
to detect, segment, and track object instances across frames. These problems are funda-
mental because they provide structured representations that serve as reusable primitives for
downstream reasoning and decision-making, and they support a wide spectrum of applica-
tions such as scene understanding for robotics, content-aware video editing, visual analytics,
human-computer interaction, and safety-critical perception in autonomous systems.

As model capacity and task complexity continue to grow, data has become increasingly
important. Modern vision systems often rely on learning-rich representations from large-scale
datasets to generalize across diverse scenes, object categories, and imaging conditions. How-
ever, acquiring high-quality labeled data remains costly and challenging. Dense annotations,
such as pixel-accurate masks in videos, require substantial human effort, careful quality
control, and domain expertise in certain scenarios, such as medical or industrial inspection.

v



vi ABSTRACT

Moreover, long-tail categories, rare events, and domain shifts further exacerbate the difficulty
of building comprehensive labeled datasets.

To address these challenges, data-efficient learning has attracted significant attention.
Data-efficient learning aims to achieve strong performance using limited labeled data by
leveraging abundant unlabeled data through techniques such as semi-supervised learning,
self-training with pseudo labels, consistency regularization, and representation pretraining. In
this thesis, we investigate data-efficient learning for visual understanding and demonstrate
its effectiveness on several representative and widely-used tasks like object detection, video
instance segmentation and video object segmentation. We develop practical learning frame-
works that reduce annotation dependency while maintaining competitive accuracy, providing

a step toward scalable and deployable vision systems under realistic data constraints.



Acknowledgements

I would like to express my deepest gratitude to everyone who has supported and contrib-
uted to the completion of my doctoral studies. This journey has been shaped by the guidance,
encouragement, and kindness of many people, and I am sincerely thankful to all of them.

I began my PhD on January 1, 2023, and have spent three wonderful years at The
University of Sydney. This period has been both challenging and rewarding, and it has helped
me grow not only as a researcher but also as an individual.

First and foremost, I would like to thank my supervisor, Prof. Chang Xu, for his invalu-
able mentorship throughout my PhD. His deep insights, rigorous academic standards, and
continuous support have guided my research direction and strengthened my ability to think
critically and independently. I am also grateful for his patience and encouragement, especially
during difficult stages of research and writing.

I would like to extend my sincere thanks to my progress evaluation meeting chairs
and members, Prof. Sasha Rubin, Prof. Zhanna Sarsenbayeva, and Prof. Simon Poon.
Their thoughtful feedback and constructive suggestions have been instrumental in shaping my
progress. In particular, their advice on thesis writing, research planning, and time management
helped me build clearer milestones and maintain consistent momentum toward completing
this thesis.

I am also grateful to my collaborators, Jinjing Zhao, Hongyang Zhang, Kun Yan, and Ping
Wang, for their close collaboration and support. Working with them has been a great pleasure.
Their technical discussions, shared ideas, and contributions to experiments and paper writing
have significantly improved the quality of my research, and our collaboration has made this
PhD experience both productive and enjoyable.

I would like to thank The University of Sydney for providing me with the opportunity to
pursue my doctoral degree, for offering a supportive research environment, and for providing
financial support through the University of Sydney International Stipend Scholarship and the

vii



viii ACKNOWLEDGEMENTS

University of Sydney Tuition Fee Scholarship. I also appreciate the university’s academic
resources, research facilities, and vibrant community, which enabled me to explore ideas,
collaborate broadly, and develop my research skills.

Finally, I am deeply thankful to my family for their unconditional love and support. Their
understanding, encouragement, and constant belief in me have been my strongest motivation

throughout this journey. This thesis would not have been possible without them.



Contents

Statement of Originality ii
Authorship Attribution Statement iii
List of Research Outcome iv
Abstract v
Acknowledgements vii
Contents ix
List of Figures xiii
List of Tables xviii
Chapter 1 Introduction 1
Chapter 2 Literature Review 9
2.1 ODbject DeteCtion. . .. ..ottt e 9
2.1.1 Single-Stage Detectors . .. .....ovuuut it 9

2.1.2 0 R-CONN SeIIeS . . e e e e e e e e 10

2.1.3 DETR SEries . . .ttt e e 11

2.2 Video Object Segmentation . ... ........ueueeeeeeeeeeennniiiiiiieeeenn. 13
221 ATChITECIUIE . . ...ttt 13

2.2.2 Segment Anything Model ......... ... ... 15

2.3 Instance Segmentation . ...............ueeoinuneeenniee i, 16
2.3.1 Image Instance Segmentation .. .............oeiiiiiieinninieeennnnn.. 16

2.3.2 Video Instance Segmentation . ..............uiitiiieeeeerinnniiiia 17

2.4 Referring Expression Comprehension. .............. ..o, 19

ix



X CONTENTS

24.1 Benchmarks ...
2.4.2 LMMs for Visual Grounding. ...........c.ooiiiiiiiiiiiiiiiiiien...
2.5 Data-Efficient Learning. ............cooiiiiiiiiiiiii i,
2.5.1 Semi-Supervised Learning............ ...
2.5.2 Self-Supervised Learning. ...........ccooiiiiiiiiiiiiiiiiiii
Chapter 3 Data-Efficient Learning through Network Architecture Design
3.1 Problem Formulation ............ .. i
3.2 MOUIVALION . . .o ettt ettt e et e e e e
3.3 MethodOlOogy . ... vvie e
3.3.1 From Faster R-CNN to Deformable DETR ............................
3.3.2 Hybrid Proposal Refiner............. ... ...
3.4 EXPEIIMENT . ..ottt ettt ettt e et e e e
34.1 MainResults. . ...
3.4.2 Ablation Studies. . ...t e
343 ANAlY SIS . oottt e
3.5 Chapter SUMMATY .. ..ottt ettt ettt
Chapter 4 Video Perception under Extremely Sparse Annotations
4.1 Problem Formulation ....... ... . .
4.2 MOUVALION . . o ettt ettt e e e e e
4.3 Methodology . ..ot e
431 Preliminary . ... e
432 OVEIVIEW ..ttt ettt et e e e e
4.3.3 Two-Shot VOS Training. . ........ouutiieeennnnniiiiiiiiiiiiiieeenn.
4.3.4 One-Shot VOS Training . . . ...vvvttttttteeee ettt iiiiiieeeens
4.3.5 Generalization Capability ......... .. ..o i
4.4 BXPEIIMENL . ... v vttt ettt ettt ettt e e e
4.4.1 Experimental Setup......... ..o
442 MainResults. . ...

4.4.3 Ablation Studies for Two-Shot VOS Training..........................



CONTENTS
4.4.4 Ablation Studies for One-Shot VOS Training..........................
445 DISCUSSION . . . ettt ettt ettt ettt et e e
4.4.6 Visualization. . ... ..ottt
4.5 Chapter SUMMATY . ... ...ttt ettt e

Chapter 5 Data-Efficient Video Understanding from Image-Level Supervision

5.1 Problem Formulation . ...........co i
5.2 MOUIVALION . . oot ettt ettt e e e e e e e e
5.3 Methodology . . ... e e
531 OVEIVIEW . . oottt et et e e
5.3.2 Preliminary Segmentation Model Training ............................
5.3.3 High-Precision Retrieval ......... ... ... . i
5.3.4 MinMaxVIS Training . . ... ..ot e
535 Inference .. ...
5.4 EXPEriMeNnt .. ... e
5.4.1 Experimental Setup. .. ... ... e
542 MainResults. ...
543 ADblation Studies. . ... ...t
544 Visualization . ... ...oo e
5.5 Chapter SUMMATY .. ... ettt e e et

Chapter 6 Benchmarking Language-Based Interfaces for Modern Visual

Perception Models
6.1 Problem Formulation ............ ... i
6.2 MOUVALION . . . . e ettt e et e e e
6.3 Benchmark Construction and Analysis.............coiiiiiiiiineeennnn...
6.3.1 Benchmark ConstruCtion . ............c.coouiiiiiiiiiiiiiiiiiieen..
6.3.2  ANalySIS . ...ttt e
6.4 Evaluation ........... i
6.5 EXPeriment .. ... ... e

6.6 Implementation Details. ...

88



xii CONTENTS
6.6.1 Prompt for Instance Description Generation........................... 128
6.6.2 Prompt for Contextual Description Generation......................... 129
6.6.3 Prompt for Annotation Expansion............... ... ..., 130
6.6.4 Prompt for GPT-4V Evaluation ................. ... ... 130
6.6.5 Labeling Criteria for Sentence-Level Annotations...................... 131
6.6.6 Model Cards . ... e 131
6.7  ANALYSIS . .ottt e 132
6.8 Chapter SUMMATY . .. ...t 134
Chapter 7 Conclusion and Future Outlook 138

Bibliography 141



3.1

32

33

34

3.5

3.6

3.7

List of Figures

Applying Hybrid Proposal Refiner (HPR) to the DETR series including Conditional
DETR (Meng et al., 2021a), DAB DETR (Liu et al., 2022), Deformable DETR (Zhu
et al., 2020), DAB-Deformable DETR (Liu et al., 2022), DINO (Zhang et al.,

2022), Align DETR (Cai et al., 2023) and DDQ (Zhang et al., 2023d) on COCO

dataset. All models use a ResNet-50 backbone and a 12-epoch training schedule.

For efficiency, we use 300 queries for DDQ (Zhang et al., 2023d) and DDQ
equipped with HPR.

We regard the encoder-decoder structure employed by the DETR series as a refined
version of the RPN-refiner paradigm utilized in Faster R-CNN. We investigate
various elements (highlighted by yellow) that contribute to the transition from
Faster R-CNN to Deformable DETR. Our hybrid proposal refiner (HPR) is
predicated on exploring a multitude of proposal enhancement strategies that operate
on different levels: regional (a, b, e, f), global (c), and point level (d).
Visualization of two activation maps generated by variants of Faster R-CNN using
either Hungarian matching or IoU matching.

[lustration of the HPR module. The auxiliary refiners inject implicit information
into the intermediate features of the primary refiner. We use 6 x HPRs by default.
Ablation study on variations in the number of encoders (deformable encoders) and
decoders (HPRs). Blue line: variation in the number of decoders within a model
with 6 encoders. Orange line: variation in the number of encoders within a model
with 6 x decoders.

Visualizations of the activation maps for deformable attention (the second row),
dynamic convolution (the third row), and regional cross attention (the last row).
Visualizations for cosine similarities of various proposal refiners in distinct HPR
stages.

Xiii

28

30

31

34

44

45

45



Xiv

3.8

3.9

4.1

4.2

4.3

4.4

4.5

L1ST OF FIGURES

Visualizations of the activation maps generated by variants of Faster R-CNN using
either IoU matching (the second row) or Hungarian matching (the third row).
Training curves for AlignDETR equipped with our HPR, the original AlignDETR,
DINO, and Deformable DETR.

Previous works on video object segmentation rely on densely annotated videos,
while we only require one or two labeled frames per video.

Comparison under 2-shot setting. The naive 2-shot STCN exhibits only a
modest performance drop compared to its full-set counterpart (e.g., —2.1% on
YouTube-VOS 2019), indicating that low-shot VOS is more feasible than previously
believed. Our approach enables 2-shot STCN to achieve performance nearly
identical to a fully supervised model.

Comparison under 1-shot setting. Our approach enables strong one-shot VOS
performance while keeping inference cost unchanged.

Overview of our methodology. During phase-1 training (top), we optimize a VOS
model (i.e. STCN) which takes a triplet of frames as input on a low-shot VOS
dataset in a semi-supervised manner. We constrain the reference (first) frame to be
a labeled frame to ease the learning. The remaining frames can be either labeled or
unlabeled. Then we perform an intermediate inference (middle) to generate pseudo
labels for unlabeled frames by the VOS model trained in phase-1, and construct
a pseudo-label bank to store the pseudo labels in addition to the ground-truth.
During phase-2 training (bottom), we re-train a VOS model, which could be
most models, on the combination of labeled and pseudo-labeled data without any
restrictions on the first frame. The pseudo-label bank is dynamically updated once
more reliable pseudo labels are identified during phase-2 training. Note that the
SAM segmentation module along with the mask quality assessment module are
specifically designed for the one-shot VOS training.

[llustration of bidirectional inference. Two reference frames are denoted by blue
rectangles. A pre-trained VOS model infers unlabeled frames from the inference

frame to the end frame and, in a reverse manner, from the inference frame to the

46

47

52

53

55

56



4.6

4.7

4.8

4.9

4.10

4.11

L1ST OF FIGURES

beginning frame. We pick the prediction inferred by the labeled frame that is
closest to the unlabeled frame.

Overview of the intermediate inference stage of the one-shot VOS training. We
fine-tune a SAM model with a point-prompt augmentation strategy. A mask quality
assessment module is proposed to select the best mask for each frame. This
selection is made from the predictions of the phase-1 model, the output of the
fine-tuned SAM model, and the combined mask derived from both the phase-1 and
SAM models. See Figure 4.7 for SAM fine-tuning and Figure 4.8 for mask quality
assessment.

[llustration of the SAM fine-tuning. Given a labeled frame from our one-shot VOS
dataset, we perform a point sampling to yield the corresponding point prompt,
which is essentially a set of reference points. Subsequently, each of these reference
points undergoes a point perturbation process to enhance the variety of the point
prompts. Only the mask decoder and the point-prompt encoder of the SAM model
are fine-tuned. Notably, the perturbation point could either be within the foreground
area (D) or outside (@) it.

[llustration of the training process of the mask quality assessment module. The
module is trained on our one-shot dataset. We use margin ranking loss as the
objective function.

Study on hyper-parameters 7, and 7, for phase-1 and phase-2 pseudo-labeling. We
adopt a higher threshold in phase-2 training since the predictions in phase-2 are
more accurate than that in phase-1. By default, we set 71 = 0.9 and 7, = 0.99.
Improvement of phase-1 using various sampling strategies based on different point
numbers. Our uniform sampling yields the highest performance score when the
point number is set to 16.

According to the MQA score, our mask quality assessment (MQA) module could
identify the best mask prediction from: (1) the prediction from the phase-1 model
(the second column); (2) the prediction from the fine-tuned SAM model (the
third column); and (3) the mask union of (1) and (2) (the last column). Each raw

represents a randomly selected frame from the VOS benchmark.

XV

60

62

63

65

74

80

86



xvi

5.1

5.2

53

54

5.5

L1ST OF FIGURES

(a) Traditional VIS models rely on fully labeled video frames with instance
association across frames, demanding extensive manual annotations. (b)
MinMaxVIS enables effective video instance segmentation using only a small set

of labeled target-domain images and a vast amount of unlabeled general-domain
images, significantly reducing annotation costs while maximizing data efficiency. 90
Overview of the MinMaxVIS framework, consisting of three main stages: (a)
Preliminary segmentation model training on a small labeled set; (b) High-precision
retrieval from a large unlabeled image dataset to create a pseudo-labeled set
containing only high-confidence samples; (c) Input preparation for MinMax VIS,
incorporating both labeled and pseudo-labeled sets; (d) MinMaxVIS employs

an encoder-decoder architecture with (I) selective Gradient Backpropagation

to mitigate noisy pseudo-labels and (II) an auxiliary decoder with an instance
association loss applied on augmented image pairs. The process for generating
auxiliary features for I', the augmented version of the original image I, is identical

to that of 1. For simplicity, we omit the illustration of processing I'. 94
Illustration of the inference process (example with three frames). Each frame is
independently processed by MinMaxVIS to produce n query features (indicated

by green rectangles) from the main decoder. Each query feature generates a
classification score ¢ and a mask prediction. Hungarian matching is then applied
between pairs of consecutive frames to associate predictions based on the similarity

of query features, resulting in n paths across the frames. The path score is
computed by averaging the classification scores along the path. This path score is
then used as the final classification score for all predictions along the path. 100
Score distribution of low-confidence background queries. The analysis is
performed on all pseudo-labeled images from SA-1B. Each data point represents

the maximum classification score of a specific low-confidence background query.
For each category in YouTube-VIS 2019, we display the median, upper bound,
upper quartile, lower bound, lower quartile, and outliers. 109

Visualization of the retrieved pseudo-labeled instances from the SA-1B dataset. 110



6.1

6.2

6.3
6.4
6.5
6.6
6.7
6.8
6.9

6.10

6.11

6.12

6.13
6.14

L1ST OF FIGURES Xvii

(a) An Example from our HC-RefLLoCo benchmark. For each target object, we
provide a comprehensive and detailed text description, with an average length of
93.2 words. Each sentence within this description is classified into one of the
following categories: (b) appearance, (¢) human-object interaction, (d) location, (e)
action, (f) celebrity, (g) optical character recognition, or None. 116
The process of generating a referring expression for each target instance. Inspired

by recent studies on GPT-4V (Yang et al., 2023d), which demonstrate that GPT-4V

can pay more attention to instances highlighted by a red circle within an image, we

similarly encircle the target instance in red in Step-2. 118
Density distribution of the annotation length. 120
Density distribution of the sentence length. 121
Distribution of image size. 121
Density distribution of instance size. 122
Annotation and image number for each subject. 123
Distribution of instance center. 123

Scale-aware evaluation. Models are sorted in ascending order based on their
performance on large instances. We use mAcc as the evaluation metric. 127
Per-subject evaluation under two scenarios: 1) using the original annotations
(denoted as “All”); 2) retaining only sentences that correspond to the specific
subject while discarding the rest for each annotation. 128
Alongside the original benchmark, we create three additional sets by randomly
selecting 1, 3 and 5 sentences from each annotation. These sets are referred to as
"Set-1," "Set-3," and "Set-5," respectively. We report mAcc on the four sets across
five models. 132
The number of annotations and images for each subject in the validation set and the
test set. 133
The 20 most frequently used nouns in annotations across four different benchmarks. 134

The 20 most frequently used verbs in annotations across four different benchmarks. 135



List of Tables

1.1 Summary of each chapter.

3.1 Step by step, we transform the Faster R-CNN (Ren et al., 2015) into the Deformable
DETR (Zhu et al., 2020). We report AP on COCO benchmark. Object feature denotes

RPN’s point feature extracted by the neck network.

3.2 The performance of the improved class-aware RPNs with different positive sample

matching strategies.

3.3 Comparison with state-of-the-art DETR models on the COCO val set utilizing a
ResNet-50 backbone. Considering GPU memory utilization, we use 300 queries
when applying HPR to DDQ (Zhang et al., 2023d). {: the application of large-scale

jitter data augmentation.

3.4 Comparison with other DETR models on the COCO val set utilizing a Swin-L.
backbone pre-trained on ImageNet-22K. Considering GPU memory utilization, we
use 300 queries when applying HPR to DDQ (Zhang et al., 2023d). 1: the utilization

of large-scale jitter.

3.5 Performance comparison of different proposal refiners, including image-level
aggregation (global cross-attention), region-level refinement (Rol Align, deformable
attention, dynamic convolution, and regional cross-attention), and proposal-level

updates (object feature refinement).

3.6 Ablation study examining which types of auxiliary features contribute most when
injected into the primary branch, including outputs from the self-attention (SA) layer,

the feed-forward network (FFN), and the refinement module itself.

3.7 Ablation study on the integration weights, where the weights correspond to the

primary refiner and the two auxiliary refiners, respectively.

XViil

27

32

37

38

38

40

41



LI1ST OF TABLES Xix

3.8 Study on data re-augmentation and more object queries. We verify the data
re-augmentation strategy introduced in Section 3.3.2 and increasing the number of

object queries from 300 to 900. 41

3.9 Comparison among standard data augmentation (the first and second rows), batch
augmentation (Hoffer et al., 2020) (the third row), and data re-augmentation (the last
row). 41

3.1@omparison with the latest models (Chen et al., 2023e; Li et al., 2023a; Zhang et al.,
2023a; Lin et al., 2023a; Zong et al., 2023). When paired with DDQ, HPR attains an
AP of 53.0, outperforming all competing models. 42

3.1Study on the integration of auxiliary proposal refiners (dynamic convolution and
regional cross attention) into the primary proposal refiner (deformable attention).

Refer to the supplementary materials for more results. 42

3.12Ablation study on primary object refiners. Att.: attention. CA: cross attention. Conv.:

convolution. 43

3.13Ablation study the effect of varying loss weights assigned to the primary and auxiliary

refiners. 43

3.14Ablation study on data re-augmentation and large-scale jitter (LSJ) augmentation. 47

4.1 Comparison of various methods on YouTube-VOS 2018 and 2019 validation sets.
The subscripts S and U denote seen and unseen categories respectively. The symbol
* indicates results that are reproduced using open-source code. With only 7.3%
of labeled data (equivalent to 2 labeled frames for each training video) from the
YouTube-VOS benchmark, our method performs on par with its counterpart that is
trained on the entire dataset. When utilizing just 3.7% labeled data (or 1 labeled
frame per training video), VOS models that incorporate our training methodology

significantly surpass their 1-shot counterparts by a substantial margin. 69

4.2 Comparison of various methods on DAVIS 2016 and 2017 validation sets. The

symbol * indicates results that are reproduced using open-source code. 70

4.3 Comparison of various methods on the LVOS validation set. The evaluation is

performed under two settings: (1) “Without fine-tuning”, where models are trained



XX LI1ST OF TABLES

on a combination of YouTube-VOS 2019 and DVIS 2017, and then evaluated
directly on LVOS; and (2) “With fine-tuning”, where models are initially trained on
YouTube-VOS 2019 and DVIS 2017, followed by fine-tuning on the LVOS training

set before evaluation. The symbol * indicates results that are reproduced. “Labeled

data” indicates the percentage of labeled frames used in the LVOS fine-tuning setting.

It is worth noting that, in the “without fine-tuning” setting, our model is trained on
the two-shot or one-shot YouTube-VOS 2019+DVIS 2017 datasets, where only two

or one frames per video are annotated.

4.4 Comparison of various methods on the VOST validation set. The symbol * indicates

results that are reproduced.

4.5 Ablation study on the effectiveness of each phase. The naive 2-shot STCN is adopted

as the baseline.

4.6 Ablation study on sampling strategies for labeled data. A% and B% indicate that the
two labeled frames are sampled from the first A% and the last B% portions of each

video, respectively.

4.7 Ablation study of different pseudo-labelers in phase-1. MT-STCN: the parameters of
STCN is updated by a Mean Teacher (Tarvainen and Valpola, 2017) strategy.

4.8 Study of different coefficient o used in the MT-STCN, where o denotes the EMA

factor.
4.9 Comparison between unidirectional inference and bidirectional inference.

4.1(5tudy on pseudo-label bank update in phase-2 training. As predictions become more
accurate over the course of training, updating the pseudo-label bank enables the
model to leverage increasingly reliable pseudo-labels, thereby improving the overall

learning process.

4.11Ablation study on the effectiveness of each phase. The naive 1-shot STCN is adopted

as the baseline.

4.12Ablation study on the effectiveness of the mask quality assessment (MQA) module.

We report final results after phase-2 training.

71

72

73

73

75

75

76

76

7

78



LI1ST OF TABLES

4.1Mask quality assessment (MQA) module outperforms each individual approach.
We compare our strategy against three variants: (1) the prediction produced by the
phase-1 VOS model; (2) the prediction generated by the fine-tuned SAM model; and
(3) the union mask obtained by combining (1) and (2).

4.14Ablation on SAM fine-tuning and point-prompt augmentation (PPA). The “SAM
variant” refers to our customized SAM model, which has been fine-tuned from the

original SAM model with the proposed point-prompt augmentation (PPA) strategy.

4.1Ablation study on different SAM fine-tuning strategies. We mainly compare our
approach with PerSAM (Zhang et al., 2023c).

4.16Ablation study for pre-training on static image datasets. The symbol * denotes results
are reproduced using open-source code. Y-2019 and D-2017 represent YouTube-2019
and DAVIS-2017, respectively.

4.17Ablation study on zero-shot STCN. In this setting, the STCN model is trained solely
on the static pre-training images used in the original STCN and is directly evaluated

on the YouTube-VOS 2019 benchmark.

4.18Ablation study on using different models as the phase-1 model for two-shot

YouTube-VOS 2019.
4.1%Phase-1 performance of STCN and XMem on two-shot YouTube-VOS 2019.

4.2(I'he effectiveness of the fine-tuned SAM integration in the two-shot setting with
two-shot XMem on YouTube-VOS 2019.

4.21The impact of incorporating an additional dataset, sparse VISOR, on the VOST
performance of three models, STCN, RDE-VOS, and XMem, each utilizing our
low-shot training strategy, across various settings. “VISOR” indicates the utilization

of an additional dataset. “VOST” represents the percentage of VOST labeled data.

5.1 Summary of the hyper-parameters used in MinMaxVIS.

5.2 Performance comparison (mAP in %) of various methods on YouTube-VIS 2019,
YouTube-VIS 2021, and OVIS datasets across different labeled data settings.
MinMaxVIS, built upon MinVIS, effectively leverages unlabeled data to achieve

xXxi

78

79

79

81

81

82

83

83

85

101



xxii LI1ST OF TABLES

superior performance in low-data regimes, significantly outperforming MinVIS.
Both MinMaxVIS and MinVIS are image-driven approaches. MinMaxVIS even
achieves results comparable to or exceeding full-set MinVIS (100% labeled data)

across multiple settings. 103
5.3 Main components of MinMaxVIS. 103

5.4 Ablation study on selective gradient backpropagation strategies proposed in

Section 5.3.4. 104

5.5 Impact of threshold (8 in truncation-weight strategy for selective gradient

backpropagation. 104
5.6 Study on the instance association strategies. 105
5.7 Impact of main decoder layer selection on instance association performance. 105

5.8 Impact of different ratios of labeled to pseudo-labeled images within a training batch. 105

5.9 Study on maximum number of pseudo-labeled images per Category (). 106
5.1(Feature analysis for instance association. 107
5.1Data augmentations applied for generating image pairs. 107

5.12Analysis of the effects of color and affine augmentations on the final performance. 108

6.1 Comparison between human-centric (HC) referring expression comprehension
benchmarks and the proposed HC-RefLoCo benchmark. Statistics for HC-RefCOCO,
HC-RefCOCO+, and HC-RefCOCOg are derived from the combination of their

respective validation and test sets. Vocab.: vocabulary. Avg.: average. 115

6.2 Performance evaluation across 24 models on our HC-RefLoCo benchmark. Models
indicated with a 1 generate mask outputs, which we convert into tight bounding boxes
to enable evaluation. Refer to Section 6.6.6 for the details of each model. NVIDIA
A100 (80G) GPUs are used for evaluation. 125

6.3 Per-subject evaluation across 24 models on our HC-RefLLoCo. We report mAcc for

each set. 126



LI1ST OF TABLES

6.4 Architecture of each model. f: a hybrid vision encoder encompassing CLIP-
ViT-L/14 (Radford et al., 2021), CLIP-ConvNeX (Radford et al., 2021),
DINOv2-ViT (Oquab et al., 2023) and Q-Former (Zhang et al., 2023b).

6.5 Gender diversity analysis.
6.6 Age diversity analysis.

6.7 Scene diversity analysis.

Xxiii

130
133
133
136



CHAPTER 1

Introduction

Computer vision has become one of the foundational pillars of modern artificial intelligence
(AI), enabling machines to perceive, understand, and reason about the visual world. By extract-
ing semantic information from images and videos, computer vision systems support a wide
range of applications, including autonomous driving (Yurtsever et al., 2020), robotics (Lynch
and Park, 2017), medical diagnosis (Shen et al., 2017), content moderation (Gillespie, 2020),
and human—computer interaction (Preece et al., 1994). Over the past decade, advances in
deep learning (LeCun et al., 2015), coupled with the availability of large-scale datasets and
powerful computing resources, have fundamentally transformed the capabilities of visual

recognition models, making computer vision an essential component of intelligent systems.

A central goal of computer vision is to develop algorithms capable of identifying (Zou et al.,
2023b), categorizing (Rawat and Wang, 2017), and precisely localizing (Minaee et al., 2021)
visual entities. This broad objective is embodied in a family of tasks collectively known as
visual recognition and localization. These tasks vary in complexity and granularity, but all

share the common goal of robustly interpreting visual data from images or videos.

Image classification, which focuses on predicting a semantic label for an entire image,
serves as a foundational task in visual recognition and localization. Pioneering work such as
AlexNet (Krizhevsky et al., 2012), VGG (Simonyan and Zisserman, 2014), ResNet (He et al.,
2016), and more recent transformer-based architectures like ViT (Dosovitskiy et al., 2020) and
DeiT (Touvron et al., 2021a) have significantly advanced recognition performance. Object
detection extends classification by localizing instances within images. Classical region-based
approaches like R-CNN (Girshick et al., 2014), Fast and Faster R-CNN (Girshick, 2015;
Ren et al., 2016), and one-stage detectors such as YOLO (Jiang et al., 2022), SSD (Liu

1
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et al., 2016), and RetinaNet (Lin et al., 2017) established strong baselines. More recently,
end-to-end transformer models like DETR (Carion et al., 2020) and DINO (Zhang et al.,
2022) have redefined the paradigm.

Despite operating on static image data, modern visual recognition and localization systems
also pay increasing attention to the video modality, which is substantially more challenging
than static images due to temporal dynamics, object motion, appearance changes, occlusions,
and long-range dependencies across frames. Video object segmentation (VOS) and video
instance segmentation (VIS) are two of the most representative tasks in this setting, as they
build upon foundational image recognition and localization techniques while introducing
additional mechanisms to model and leverage temporal information. VOS aims to segment
a target object throughout a video, often initialized with a mask in the first frame. Repres-
entative methods include STM (Oh et al., 2019, 2020), STCN (Cheng et al., 2021c), and
AOT (Yang et al., 2021d, 2023e; Yang and Yang, 2022). VIS systems must handle challenges
such as occlusions, deformation, and dynamic appearance changes. VIS unifies detection,
segmentation, and tracking in videos. Pioneering works such as MaskTrack R-CNN (Yang
et al., 2019a), MinVIS (Huang et al., 2022), and more recent transformer-based models like
TCOVIS (Li et al., 2023c) and IDOL (Wu et al., 2022) demonstrate the rapid progress of this
field.

Research in visual recognition and localization has been propelled by progress across several
key directions, including network architecture design, dataset construction, representation
learning, domain adaptation, and data-efficient learning. Architectural innovations, ranging
from convolutional networks such as ResNet (He et al., 2016) and MobileNet (Howard et al.,
2017; Sandler et al., 2018) to transformer-based models such as ViT (Dosovitskiy et al., 2020)
and Swin Transformer (Liu et al., 2021b), have continually redefined the capacity of visual
systems. Large-scale datasets, including ImageNet (Deng et al., 2009), COCO (Lin et al.,
2014), YouTube-VIS (Yang et al., 2019a, 2021b), and OVIS (Qi et al., 2022), have further
enabled the development and benchmarking of increasingly sophisticated algorithms. Rep-
resentation learning, particularly through self-supervised and masked modeling approaches

such as MoCo (He et al., 2020), SimCLR (Chen et al., 2020a), and MAE (He et al., 2022),
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has significantly reduced reliance on human annotation while producing strong transferable
features. Complementing these efforts, domain adaptation and transfer learning methods,
ranging from DANN (Ganin et al., 2016) to CLIP (Radford et al., 2021), aim to generalize
models across diverse visual environments. Finally, data-efficient learning techniques, in-
cluding semi-supervised learning methods such as Mean Teacher (Tarvainen and Valpola,
2017) and FixMatch (Sohn et al., 2020a), pseudo-labeling (Arazo et al., 2020), and active
learning (Settles, 2009), play an increasingly critical role in reducing annotation costs and en-
abling scalable training. Together, these research directions form the foundation for advancing

high-performance, generalizable, and scalable visual perception systems.

Despite remarkable progress in visual recognition and localization, most state-of-the-art
models rely heavily on large-scale labeled datasets, such as ImageNet (Deng et al., 2009)
and COCO (Lin et al., 2014), whose construction demands extensive human effort and
incurs significant annotation costs. High-quality labels, such as object masks, instance-level
correspondences, or frame-by-frame video annotations, are particularly expensive and, in
many real-world domains such as medical imaging, robotics, and surveillance, can be difficult
or even impractical to obtain at scale. Meanwhile, vast quantities of unlabeled images and
videos are readily available on the internet or collected from sensors, representing an enormous
reservoir of untapped information. These factors highlight the growing importance of data-
efficient learning, which aims to minimize dependence on labeled data while effectively
leveraging abundant unlabeled or weakly labeled data. By reducing annotation costs, enabling
learning in label-scarce environments, and improving generalization through exposure to more
diverse data, data-efficient approaches offer a scalable and practical path toward developing

high-performance visual systems.

Data-efficient learning is especially valuable in scenarios where model performance may
degrade or where additional supervision would otherwise be required. For example, in medical
image analysis, annotated data must be labeled by experts such as radiologists, making large-
scale supervision expensive and time-consuming; without sufficient data, diagnostic accuracy
can drop significantly. In autonomous driving under rare weather conditions (e.g., heavy snow

or fog), models trained primarily on clear-weather data may generalize poorly, and collecting
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labeled edge-case data is difficult. In low-resource language processing, many languages
lack large annotated corpora, causing performance degradation compared to high-resource
languages unless costly annotation efforts are introduced. Similarly, in robot manipulation
for novel objects, models trained on limited object categories may struggle to generalize,
requiring additional demonstrations or human guidance. In all these cases, data-efficient
learning aims to maintain robust performance while minimizing reliance on extensive labeled

data or additional supervision.

The central objective of data-efficient learning is to achieve strong performance and robust
generalization while relying on as little labeled data as possible and effectively exploiting large
amounts of unlabeled or weakly labeled data. Ideally, the techniques involved in data-efficient
learning should be universal and transferable, enabling the same methodology to benefit a
broad set of visual recognition and localization tasks such as detection, segmentation, video
understanding, and multimodal grounding. By maximizing the utility of unlabeled data and
minimizing annotation requirements, data-efficient learning seeks not only to reduce labeling
costs but also to support learning in domains where manual annotation is scarce, difficult, or

impractical, ultimately enabling scalable, adaptable, and more accessible visual Al systems.

In this thesis, we investigate data-efficient learning across a diverse set of vision tasks, includ-
ing object detection, video object segmentation, and video instance segmentation. Our studies
reveal that, despite the distinct problem settings and supervision structures of these tasks,
a shared set of foundational techniques, such as leveraging unlabeled data, representation
learning, and efficient model design, can be effectively transferred and adapted to meet each
task’s unique requirements. Beyond these traditional recognition and localization tasks, we
also explore the increasingly important problem of referring expression comprehension, where
the goal is to identify a specific entity in an image based on a natural-language description.
This task is becoming particularly critical in the era of large language models, in which
language serves as a universal interface for interacting with multimodal systems. Together,
these investigations highlight both the universality and adaptability of data-efficient learning

principles in modern computer vision. This thesis is organized as follows:
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Chapter 2 presents a comprehensive literature review of the relevant research areas, covering
mainstream visual recognition and localization tasks, including object detection, video object
segmentation, video instance segmentation, and referring expression comprehension, as well

as key methodologies in data-efficient learning.

Chapter 3 investigates how to effectively enhance visual recognition and localization for
static images under limited training data, with a focus on architecture design. Specifically,
we validate our approach on object detection, one of the most representative tasks in static-
image visual recognition and localization. The core idea is to combine the complementary
strengths of two mainstream detector paradigms: classical two-stage detectors and DETR-
style detectors. We introduce the Hybrid Proposal Refiner (HPR) (Zhao et al., 2024) and
detail its design by gradually transforming a Faster R-CNN architecture into a Deformable
DETR framework, highlighting several key insights uncovered along the way. Extensive
experiments show that HPR can be seamlessly applied to a wide range of DETR-style

detectors, consistently boosting performance and improving data utilization efficiency.

Chapter 4 focuses on visual recognition and localization in videos, which introduce additional
challenges absent in static-image settings, such as the need to model long-range temporal
dependencies across frames. This chapter emphasizes learning under extremely limited
supervision while effectively leveraging large amounts of unlabeled video data. Specifically,
we study the problem of low-shot video object segmentation (VOS), where each training
video contains only one or two annotated frames. We formulate low-shot VOS as an extreme
semi-supervised setting and, based on this perspective, propose a simple yet effective two-
phase training paradigm (Yan et al., 2025) that fully exploits the information contained
in unlabeled frames. Our approach is model-agnostic and generalizes well across diverse
VOS architectures (STCN, RDE-VOS, XMem) and multiple datasets (DAVIS 2016/2017,
YouTube-VOS 2018/2019, LVOS, and VOST).

Chapter 5 introduces a novel data-efficient visual recognition and localization methodology,
MinMaxVIS (Wei et al., 2025), for video instance segmentation (VIS). MinMax VIS addresses
video understanding by training on a small amount of labeled static images together with a

large collection of unlabeled images, in contrast to prior VIS approaches that typically (1)



6 1 INTRODUCTION

rely on video data for training and (2) require dense, video-level annotations. Extensive exper-
iments on YouTube-VIS 2019, YouTube-VIS 2021, and OVIS demonstrate that MinMax VIS
not only achieves substantial improvements over existing image-driven baselines but also
outperforms the fully supervised MinVIS, while using only 1-10% of the labeled data. This
chapter demonstrates that high-quality VIS can be achieved without relying on dense video

annotations.

Chapter 6 further investigates referring expression comprehension (REC), a task that requires
modern visual recognition and localization systems to take natural language expressions as
input in order to recognize and localize visual entities in images. Unlike traditional recognition
and localization tasks that operate on a predefined closed set of categories, REC inherently
works in an open-set setting, as natural language serves as a flexible and expressive interface
for specifying target entities. We introduce HC-RefLoCo (Wei et al., 2024), a large-scale
human-centric benchmark designed to advance referring expression comprehension in the era
of large multimodal models. HC-RefLLoCo contains 44,738 high-quality referring expressions
for 24,129 human instances across 13,452 images. Extensive analyses show that HC-RefLoCo
provides significantly richer linguistic diversity, broader image and instance-size distributions,
and more uniform spatial coverage compared with existing REC benchmarks. We further
introduce comprehensive evaluation protocols, including accuracy at multiple IoU thresholds,
scale-aware analysis, and subject-specific assessment, and use them to benchmark 24 state-
of-the-art models. These evaluations reveal several key insights that we hope will facilitate

future research in referring expression comprehension.

Chapter 7 concludes the thesis by summarizing our key contributions and outlining promising

directions for future research.

The task, supervision, core method, and headline results of each chapter are summarized
in Table 1.1. Additionally, before introducing the main techniques in each chapter, we
emphasize that while many tasks share common underlying principles, each task also requires

task-specific innovations to achieve optimal performance.
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Data-efficient visual recognition and localization can be generalized across multiple tasks,
including object detection, video instance segmentation, video object segmentation, and refer-
ring expression comprehension. Although these tasks differ in formulation and output space,
they share several fundamental principles. For example, they often rely on similar backbone
architectures for visual feature extraction, emphasize efficient use of limited annotated data
through strategies such as data augmentation, pretraining, or semi-supervised learning, and
explore leveraging unlabeled data via self-supervised learning or pseudo-labeling. Moreover,
principles such as reducing annotation redundancy, designing parameter-efficient models, and

improving representation quality are broadly applicable across tasks.

At the same time, each task requires task-specific innovations. For instance, video-based tasks
introduce additional challenges beyond image-based settings, such as modeling long-range
temporal dependencies, ensuring cross-frame consistency, and handling object motion and
occlusion. For example, in Chapter 4, we propose bidirectional inference to learn mask asso-
ciation across frames, which is unnecessary in image-based perception models (Chapter 3).
Moreover, video settings require mechanisms such as intermediate inference to better handle
object motion over time. Video instance segmentation (Chapter 5) further requires both accur-
ate tracking and category prediction, in contrast to video object segmentation (Chapter 4). Our
setting is even more challenging, as the model is trained on image data rather than video data.
This requires the model to learn instance association from static images without explicit tem-
poral supervision. To address this, we propose a contrastive learning paradigm in Chapter 5,
which is not necessary for the method in Chapter 4, where training is conducted directly
on video data. Therefore, while data-efficient learning is guided by shared methodological
principles, it must be adapted with task-specific designs to address the unique challenges of

each problem setting.
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Chapter | Task | Supervision | Brief Method Description | Result

Chapter-3 | Object detec- | COCO data- | We combine the complement-| 54.9 AP with
tion set (18,287 | ary strengths of classical two- | a ResNet-50

images). stage and DETR-style de-| backbone on
tector paradigms to improve | COCO.
data efficiency under limited
training data.

Chapter-4 | Video object | DAVIS We train a low-shot video ob- | 83.6/83.5 G
segmenta- 2016/2017, | ject segmentation model in | on YouTube-
tion YouTube- which each training video con-| VOS

VOS tains only one or two annot- | 2018/2019,

2018/2019, | ated frames. 90.5/91.4

and LVOS J&F  on

with 1% and DAVIS

2% labeled 2016/2017,

data. 482 J&F
on LVOS.

Chapter-5 | Video 1% and 2% | We train a video instance seg- | 60.9/62.2
instance seg- | labeled data | mentation model using a small | on YouTube-
mentation of YouTube- | amount of labeled static im-| VIS ~ 2019-

VIS ages together with a large col-| 1%/2%,
2019/2021, | lection of unlabeled images. | 54.1/55.6
and 5% on YouTube-
and 10% VIS 2021-
labeled data 1%/2%, and
of OVIS. 37.5/39.2

on  OVIS-

5%/10%.

Chapter-6 | Referring Different We introduce a challenging | Evaluation
expression models are | benchmark including 44,738 | is  conduc-
comprehen- | trained on | high-quality referring expres- | ted on 24
sion different sions across 13,452 images for | state-of-the-

datasets. modern multi-modal models. | art models
across seven
evaluation
metrics.

TABLE 1.1. Summary of each chapter.



CHAPTER 2

Literature Review

In this chapter, we survey the literature on data-efficient visual perception and summarize the

key techniques that will be introduced in the subsequent chapters.

2.1 Object Detection

2.1.1 Single-Stage Detectors

Single-stage object detection approaches have become increasingly popular due to their
architectural simplicity, faster inference speed, and suitability for real-time applications.
Among them, the YOLO family (Redmon et al., 2016a; Redmon and Farhadi, 2017, 2018;
Bochkovskiy et al., 2020; Li et al., 2022a; Wang et al., 2023a) stands as a foundational
milestone. YOLO pioneered the idea of directly predicting bounding boxes and class labels
from dense grid cells in a single forward pass, eliminating the need for region proposal
generation and refinement used in two-stage detectors. This design dramatically improved
inference efficiency and paved the way for real-time object detection systems deployed in

practical applications.

Following YOLO, SSD (Liu et al., 2016) extended the single-stage paradigm by introducing
multi-scale feature extraction through a hierarchy of convolutional layers, enabling more
accurate localization of objects with large scale variations. Despite their computational advant-
ages, early single-stage detectors often lagged behind two-stage and multi-stage counterparts
in accuracy due to challenges such as severe foreground—background imbalance and limited

representational capacity.
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To close this performance gap, RetinaNet (Lin et al., 2017) introduced the influential Focal
Loss, which down-weights easy negative samples while focusing training on hard, informative
examples. This innovation substantially improved single-stage detection accuracy, establish-
ing RetinaNet as a strong competitor to two-stage detectors. Building on this momentum,
researchers explored simplifying object detection further through anchor-free models (Huang
et al., 2015; Kong et al., 2020; Law and Deng, 2018; Tian et al., 2019b; Wei et al., 2020;
Zhou et al., 2019). These methods dispense with predefined anchor boxes and instead learn
to localize objects directly from points, corners, or centers. Anchor-free detectors reduce
design complexity, eliminate extensive anchor hyperparameter tuning, and offer improved

adaptability across datasets.

Subsequently, ATSS (Zhang et al., 2020c) provided a unified perspective by examining the
inconsistency between anchor-based and anchor-free methods and introducing an adaptive
training sample selection mechanism. By dynamically determining positive and negative
samples based on statistical characteristics, ATSS effectively bridges the two paradigms and
improves training stability and overall detection accuracy. Together, these advancements
illustrate the rapid evolution of single-stage detectors toward architectures that are not only

efficient but also competitive with, and sometimes surpassing, their multi-stage counterparts.

2.1.2 R-CNN Series

The R-CNN family of detectors has played a foundational role in shaping the landscape
of modern object detection. R-CNN (Girshick et al., 2014) first introduced the two-stage
detection paradigm, in which region proposals are generated using external algorithms and
subsequently classified and refined by a convolutional network. Fast R-CNN (Girshick,
2015) streamlined this pipeline by enabling end-to-end training with shared feature extraction,

dramatically improving efficiency and laying a solid foundation for future advancements.

Building upon these ideas, Faster R-CNN (Ren et al., 2015) introduced the Region Proposal
Network (RPN), which generates high-quality proposals directly from feature maps, enabling

a fully end-to-end trainable two-stage detector. This innovation not only improved accuracy
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and speed but also established a unified architecture that remains influential in contemporary

research.

Following Faster R-CNN, a wave of architectural enhancements (Cai and Vasconcelos, 2018;
Sun et al., 2021; Wei et al., 2021; Lu et al., 2019; Zhang et al., 2020b; Du et al., 2022; Yang
et al., 2022b) further strengthened the two-stage detection family. Cascade R-CNN (Cai
and Vasconcelos, 2018) introduced a multi-stage cascade of progressively stricter classifiers
and regressors, effectively improving localization quality and mitigating detector overfitting
at high IoU thresholds. Grid R-CNN (Lu et al., 2019) refined bounding box localization
by predicting structured grids, while Dynamic R-CNN (Zhang et al., 2020b) adaptively
adjusted IoU thresholds during training to improve the alignment between classification and

localization.

More recently, Sparse R-CNN (Sun et al., 2021) fundamentally rethought two-stage detection
by replacing dense region proposals with a fixed set of learnable object queries. This design
dramatically reduces computational overhead and avoids the complexities associated with
anchor boxes and proposal generation. Additional innovations such as AlignDet (Wei et al.,
2021), Learning to Align Proposals (Du et al., 2022), and factorized interaction models (Yang
et al., 2022b) continue to refine how proposals are generated, aligned, and interacted with

features.

Collectively, the R-CNN series not only established the canonical two-stage framework but
also inspired a long line of architectural innovations that pushed detection accuracy, efficiency,
and robustness to new levels. These methods continue to serve as strong baselines and

conceptual pillars in both academic research and industrial applications.

2.1.3 DETR Series

DETR (Carion et al., 2020) has emerged as a transformative approach in object detection,
introducing a fully end-to-end paradigm built upon the Transformer architecture (Vaswani
et al., 2017b) and bipartite matching via the Hungarian algorithm (Kuhn, 1955). By dis-

carding many hand-crafted components, such as anchor design, proposal generation, and
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Non-Maximum Suppression (NMS), DETR establishes a remarkably simple yet conceptually
elegant framework. Its formulation casts object detection as a direct set prediction problem
and inspires a rich line of follow-up research aimed at improving convergence speed, accuracy,
and architectural flexibility (Meng et al., 2021a; Liu et al., 2022; Wang et al., 2022b; Li et al.,
2022b; Lin et al., 2023a; Wang et al., 2021Db).

A key milestone in the DETR family is Deformable DETR (Zhu et al., 2020), which integrates
multi-scale feature representations and introduces deformable attention. Instead of attending
densely to all spatial locations, the deformable attention module focuses on a sparse set of
dynamically predicted key points around reference anchors, greatly enhancing computational
efficiency. This modification not only accelerates training by an order of magnitude but also
substantially improves performance on small objects, which was one of the main deficiencies

of the original DETR.

Building on this progress, a variety of advanced designs have further expanded the DETR
ecosystem (Cai et al., 2023; Jia et al., 2023; Yao et al., 2021; Chen et al., 2022, 2023d;
Zong et al., 2023; Zhang et al., 2023d). For example, DINO (Zhang et al., 2022) introduces
an effective denoising training strategy and contrastive query learning to strengthen the
stability and discriminative power of decoder queries. Hybrid matching strategies, as adopted
in H-DETR (Jia et al., 2023) and Group DETR (Chen et al., 2023d), combine one-to-
one matching with auxiliary one-to-many assignments to enrich positive supervision and
improve optimization. Co-DETR (Zong et al., 2023) further enhances this direction through
collaborative hybrid assignment mechanisms that better balance classification and localization

learning.

Other works provide deeper insights into the behavior of DETR queries. DDQ (Zhang et al.,
2023d) highlights the importance of queries being both dense enough to cover potential
objects and unique enough to avoid redundancy under the one-to-one assignment constraint.
Align DETR (Cai et al., 2023) improves localization quality by introducing a localization-
precision-aware classification loss and a prime sample weighting mechanism to suppress noisy

or misleading samples during training. Moreover, efficient variants (Yao et al., 2021; Chen
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et al., 2022) explore architectural refinements that reduce computation while maintaining or

improving accuracy.

Collectively, these developments establish the DETR series as a vibrant and evolving research
direction, reshaping object detection with principled set prediction, streamlined pipelines, and

increasingly powerful Transformer-based architectures.

2.2 Video Object Segmentation

2.2.1 Architecture

Existing Video Object Segmentation (VOS) methods can be broadly categorized into online-
learning-based and offline-learning-based approaches. Online learning methods (Caelles
et al., 2017; Luiten et al., 2018; Perazzi et al., 2017; Voigtlaender and Leibe, 2017; Xiao et al.,
2018; Maninis et al., 2018; Cheng et al., 2017) rely on fine-tuning the segmentation model
at test time using the ground-truth mask from the first frame. This process customizes the
network to the specific appearance of the target object, often leading to strong segmentation
accuracy—especially in challenging scenarios with substantial appearance variations. How-
ever, test-time fine-tuning introduces significant computational overhead and latency, making
these methods impractical for real-time applications or large-scale deployment. Moreover,
their performance can be sensitive to fine-tuning hyperparameters, reducing robustness across

datasets.

In contrast, offline-learning-based methods (Mao et al., 2021; Yang et al., 2021d; Hu et al.,
2021c; Zhang et al., 2020d; Ge et al., 2021; Lu et al., 2020) aim to segment videos directly at
inference time without any online adaptation. These methods learn generic representations
during training and operate in a fully feed-forward manner at test time. Offline VOS techniques
generally fall into two categories: propagation-based or matching-based. Propagation-based
approaches (Chen et al., 2020b; Li and Loy, 2018; Oh et al., 2018; Johnander et al., 2019)

segment each frame by relying on the predicted mask of the previous frame. While this
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allows efficient temporal forwarding, it often suffers from error accumulation, where small

inaccuracies grow progressively throughout the video.

Matching-based approaches (Cheng et al., 2021c¢; Yang et al., 2020; Oh et al., 2019; Wang
et al., 2021a) mitigate this issue by maintaining a memory bank that stores key-value features
from past frames. During inference, the model retrieves and matches these features to assist in
segmenting the current frame. This design enables long-term temporal reasoning and robust

performance under occlusion, fast motion, or appearance changes.

A representative breakthrough in this category is STM (Oh et al., 2019, 2020), which intro-
duced a spatiotemporal memory network that stores both image features and corresponding
masks from previous frames. STM’s memory-based matching strategy significantly advanced
offline VOS performance and inspired a series of subsequent improvements. Kernelized
attention and hierarchical memory mechanisms (Seong et al., 2020, 2021) enhance memory
retrieval efficiency. XMem (Cheng and Schwing, 2022) further improves performance by

incorporating a multi-scale, long-range feature memory, setting new state-of-the-art results.

Several models refine efficiency and scalability. STCN (Cheng et al., 2021c) reduces re-
dundancy by avoiding repeated encoding of object-specific mask features, enabling faster
inference without sacrificing accuracy. RDE-VOS (Li et al., 2022c) introduces a recurrent
dynamic embedding mechanism that maintains a fixed-size memory bank while preserving
strong temporal consistency. The AOT family (Yang et al., 2021d, 2023e; Yang and Yang,
2022) is designed to handle multiple objects simultaneously in a single inference pass, greatly

improving scalability for multi-object scenarios.

Together, these advances highlight the evolution from computationally intensive online
learning toward highly efficient and robust offline architectures. The progression from simple
mask propagation to sophisticated memory-matching frameworks underscores the importance
of long-term temporal modeling, memory design, and scalable representation learning in

modern VOS research.
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2.2.2 Segment Anything Model

Recent breakthroughs in foundation segmentation models (Kirillov et al., 2023c; Zou et al.,
2023a; Wang et al., 2023d) have ushered in a new era for image and video segmentation,
enabling unprecedented levels of generalization and flexibility. Among them, the Segment
Anything Model (SAM) (Kirillov et al., 2023c) stands out as a landmark contribution. Trained
on billions of masks, SAM exhibits remarkable zero-shot segmentation capabilities and
supports a wide range of prompt types, including points, bounding boxes, and coarse masks,

making it highly adaptable across diverse domains and tasks.

As SAM gained traction, researchers began exploring its integration into Video Object
Segmentation (VOS) and other specialized segmentation tasks. These efforts generally fall
into two categories: augmenting SAM with learnable components and building SAM-driven
task-specific pipelines. Methods such as HQ-SAM (Ke et al., 2023) introduce a trainable high-
quality token to enhance mask precision, while PerSAM (Zhang et al., 2023c) adapts SAM
for personalized segmentation using one-shot learning to capture object-specific appearance

cues.

Other approaches develop customized frameworks that incorporate SAM as a core seg-
mentation module. SAM-Track (Cheng et al., 2023b) employs SAM interactively to extract
high-quality masks from key frames before propagating them through the video. The Tracking
Anything Model (TAM) (Yang et al., 2023a) integrates SAM with XMem (Cheng and Schwing,
2022): SAM is used interactively to initiate segmentation in reference frames, whereas XMem
handles temporal propagation for subsequent frames. Several other works (Cheng et al.,
2023b; Zhu et al., 2023b; Cheng et al., 2023a; Zhang et al., 2023g) expand SAM for video
tracking, unsupervised VOS, and long-term segmentation through architectural adaptations or

task-specific training.
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2.3 Instance Segmentation

2.3.1 Image Instance Segmentation

Image instance segmentation, which aims to predict both the category and the pixel-level mask
of each object in an image, has advanced rapidly alongside progress in object detection (Ren
et al., 2016; Tian et al., 2019a; Redmon et al., 2016b; Carion et al., 2020). A major milestone
in this field was Mask R-CNN (He et al., 2017), which extended Faster R-CNN (Ren et al.,
2016) by introducing a parallel mask prediction branch. This simple yet powerful design
established a strong baseline for many subsequent approaches. Building on this foundation,
later works improved the quality of bounding box detection (Cai and Vasconcelos, 2019; Chen
etal., 2019; Liu et al., 2018) and enhanced mask precision through refined feature aggregation,
boundary-aware learning, and point-based prediction (Cheng et al., 2020; Kirillov et al., 2020;
Tang et al., 2021; Huang et al., 2019; Zhang et al., 2021).

To overcome the limitations of two-stage pipelines, particularly the reliance on region-of-
interest (Rol) operations, a set of one-stage instance segmentation methods emerged (Bolya
et al., 2019; Cheng et al., 2022b; Xie et al., 2020a), often built upon fast single-shot detect-
ors (Tian et al., 2019a; Redmon et al., 2016b). YOLACT (Bolya et al., 2019), for example,
generates a set of global prototype masks and instance-specific coefficients to efficiently
assemble instance masks. Meanwhile, SOLO (Wang et al., 2020a) and SOLOv2 (Wang et al.,
2020b) reframe instance segmentation as a pure segmentation task by directly predicting
object-specific regions based on spatial position and object center cues, completely bypassing

bounding box prediction.

A more recent trend is the rise of query-based instance segmentation methods (Hu et al.,
2021b; Cheng et al., 2022a; Dong et al., 2021; He et al., 2023; Li et al., 2023b; Zhang
et al., 2024b; Zhao et al., 2024), inspired by DETR (Carion et al., 2020), the first end-to-end
Transformer-based object detector. These methods formulate instance segmentation as a set

prediction problem and use learnable queries to simultaneously reason about objects and their
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masks. Mask2Former (Cheng et al., 2022a) introduces masked attention, restricting cross-
attention to predicted foreground regions, thereby improving spatial precision. MaskDINO (Li
et al., 2023b) extends DINO (Zhang et al., 2022) by jointly predicting object classes, bounding
boxes, and masks within a unified Transformer framework. Other variants further explore
efficient query representations, language-guided instance segmentation, and hybrid matching

strategies to achieve stronger performance.

Despite their success in static images, most of these instance segmentation methods do not
natively handle temporal consistency, object re-identification, or long-term tracking, which
are essential capabilities for video instance segmentation (VIS). Without mechanisms to
associate objects across frames, these image-based approaches cannot be directly extended
to VIS, motivating the development of specialized models that incorporate temporal cues,

memory structures, and inter-frame matching strategies.

Overall, the evolution of image instance segmentation, from two-stage region-based frame-
works to one-stage architectures and fully end-to-end query-based models, has laid a strong
foundation for more advanced tasks. However, bridging the gap between image-based seg-
mentation and temporally consistent video instance segmentation remains an open and active

research frontier.

2.3.2 Video Instance Segmentation

Video Instance Segmentation (VIS) was first introduced in (Yang et al., 2019a) as a unified
task that requires detecting, segmenting, and tracking object instances across all frames of
a video. Unlike image instance segmentation, VIS introduces additional challenges such as
object motion, long-term occlusion, appearance variations, and persistent identity assignment
across frames. Current VIS methods can be broadly categorized into offline and online
approaches (Athar et al., 2020; Cheng et al., 2021a; Lin et al., 2021; Heo et al., 2022; Hwang
etal., 2021; Wu et al., 2021; Wang et al., 2021c; Yang et al., 2022a, 2019a; Cao et al., 2020;
Liu et al., 2021a; Wu et al., 2022; Yang et al., 2021c; Heo et al., 2023; Huang et al., 2022; Li
et al., 2023¢c; Kim et al., 2024).
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Offline VIS methods operate in a video-in, video-out manner: they process the entire video
(or a long clip) in a single pass and simultaneously predict segmentation masks and instance
identities. This allows the models to capture global temporal structure but makes them

unsuitable for real-time or streaming applications.

VisTR (Wang et al., 2021c) pioneered the use of Transformers (Vaswani et al., 2017a) for
video instance segmentation by jointly modeling spatial and temporal dependencies across
frames. SeqFormer (Wu et al., 2021) improves this design by dynamically generating a
per-frame mask sequence for each instance and aggregating temporal context into robust
video-level instance features. VITA (Heo et al., 2022) further advances offline video instance
segmentation by associating frame-level object tokens into coherent instance trajectories

without requiring explicit spatio-temporal backbones.

Although these offline models achieve strong accuracy by leveraging global context, their
high memory consumption and full-video processing design make them impractical for

latency-sensitive or long-duration videos.

Online VIS methods process incoming frames sequentially, making them naturally suited
for streaming, real-time, and long-horizon settings. The task is decomposed into predicting

masks for the current frame and associating them with previously tracked instances.

MaskTrack R-CNN (Yang et al., 2019a), an extension of Mask R-CNN (He et al., 2017), is
the seminal online VIS baseline, introducing a tracking branch to associate object instances
across frames. Subsequent works (Cao et al., 2020; Liu et al., 2021a; Yang et al., 2021c)
improved frame-level segmentation accuracy and identity matching strategies using attention

mechanisms, feature propagation, and cross-frame interaction.

IDOL (Wu et al., 2022) boosts association robustness by learning discriminative instance
embeddings through contrastive learning, built on top of Deformable DETR (Zhu et al.,
2020). TCOVIS (Li et al., 2023c) improves temporal consistency by combining global
instance assignment with spatio-temporal enhancement modules. VISAGE (Kim et al., 2024)
strengthens object distinction by incorporating stronger appearance cues during tracking. The

DVIS family (Zhang et al., 2023e,f; Zhou et al., 2024) proposes a versatile segmentation
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framework that flexibly supports both online and offline regimes, making it adaptable to

different application needs.

2.4 Referring Expression Comprehension

2.4.1 Benchmarks

Referring expression comprehension (REC) aims to localize a specific object instance in an
image based on a natural language description. As a multimodal task bridging vision and
language, REC requires models to jointly interpret linguistic semantics, visual cues, spatial
relationships, and fine-grained appearance details. Existing human-centric REC benchmarks
are largely derived from general-purpose REC datasets such as RefCOCO (Kazemzadeh et al.,
2014), RefCOCO+ (Kazemzadeh et al., 2014), and RefCOCOg (Mao et al., 2016), all of
which originate from the COCO2014 images (Lin et al., 2014).

RefCOCO includes approximately 50,000 referring expressions across 19,994 images and
is characterized by short, succinct descriptions often relying on spatial cues, such as “Right
guy,” “Far left man,” or “Guy on left.” RefCOCO+, with 49,856 expressions over a similar
image set, intentionally removes explicit locational terms (e.g., “left,” “right”) to emphasize
appearance-based reasoning. Expressions like “Man with light hat” or “Guy in white” require
the model to rely more heavily on visual attributes and object properties. RefCOCOg provides
significantly richer annotations, typically longer and more descriptive. Examples such as “A
person in a hat on a wooden bench” or “A man in white playing Frisbee” demonstrate its

focus on detailed contextual and relational reasoning.

To enhance referring expression comprehension model performance on these benchmarks,
large-scale multimodal datasets such as GRIT (Peng et al., 2023), GranD (Rasheed et al.,
2023), and RecapD (Guo et al., 2024) are often used for pre-training or auxiliary supervision.
In addition, datasets not originally designed for referring expression comprehension, such as

Flickr30k Entities (Plummer et al., 2017; Young et al., 2014) and Visual Genome (Krishna
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et al., 2017), are widely adopted due to their rich region-level descriptions and dense annota-

tions.

2.4.2 LMMs for Visual Grounding

Recent advancements in large multimodal models (LMMs), including Flamingo (Alayrac
et al., 2022), BLIP-2 (Li et al., 2023d), MiniGPT-4 (Zhu et al., 2023a; Chen et al., 2023a),
InstructBLIP (Chen et al., 2023a), mPLUG-Owl (Ye et al., 2023), and LLaVA (Liu et al.,
2023a), have dramatically strengthened the integration of visual and linguistic modalities. By
capitalizing on the rapid progress of large language models (LLMs) such as GPT-4 (OpenAl,
2023a,b), Gemini (Team et al., 2023), and the LLaMA family (Touvron et al., 2023a,b;
Chiang et al., 2023), these systems exhibit powerful image understanding and visual reasoning
abilities, often achieving near-human performance in tasks such as image captioning, visual

question answering, and multimodal dialogue.

Despite these impressive gains, instance-level localization remains a substantial challenge
for LMMs. Unlike global understanding tasks, localization requires the model to precisely
map linguistic expressions to specific visual regions and generate accurate bounding boxes
or segmentation masks. This demands not only semantic alignment between modalities
but also fine-grained spatial reasoning, object disambiguation, and grounding of complex
descriptions, which are capabilities that current LMMs only partially possess. As a result,
referring expression comprehension (REC) plays a vital role as a diagnostic benchmark for

evaluating an LMM’s grounding and localization abilities.

To address REC, many pioneering LMMs, such as KOSMOS-2 (Peng et al., 2023), Shikra (Chen
et al., 2023b), GroundingGPT (Li et al., 2024), Qwen-VL (Bai et al., 2023), and the SPHINX
series (Lin et al., 2023b; Gao et al., 2024), adopt auto-regressive causal Transformers that
output tokenized bounding box coordinates. By treating localization as a language generation
problem, these models seamlessly integrate grounding into the LLLM pipeline. However,

bounding boxes offer limited precision, especially for fine-grained or non-rectangular objects.
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Motivated by the success of segmentation foundation models like SAM (Kirillov et al.,
2023a), recent approaches advocate for pixel-level mask predictions to achieve more accurate
localization. Models such as LISA (Lai et al., 2023; Yang et al., 2023b), PixelLLM (Zhong-
wei Ren, 2023), PSALM (Zhang et al., 2024a), and GlaMM (Rasheed et al., 2023) extend
the LMM architecture to generate segmentation masks guided by natural language. These
mask-based approaches capture spatial detail more effectively than bounding boxes, making

them promising directions for high-resolution grounding.

A closely related field is open-vocabulary object detection and segmentation (Gu et al., 2021;
Du et al., 2022; Xu et al., 2022a, 2023), in which models detect and classify arbitrary objects
using free-form category names. Although sharing conceptual similarities with REC, the two
tasks differ fundamentally: open-vocabulary detection relies on short labels or simple phrases,
whereas REC requires grounding based on long, descriptive, context-rich expressions that
may include relationships, attributes, actions, and fine-grained distinctions. Thus, REC poses
a substantially more demanding challenge, requiring deeper language comprehension and

more precise visual grounding.

In summary, while LMMs have rapidly advanced multimodal understanding, REC remains
a crucial benchmark for measuring the fine-grained localization and grounding capabilities

essential for reliable real-world multimodal intelligence.

2.5 Data-Efficient Learning

2.5.1 Semi-Supervised Learning

Semi-supervised learning leverages a small amount of labeled data together with a large
pool of unlabeled samples to significantly boost model performance. This paradigm has
proven highly effective across a wide range of computer vision tasks, including image
classification (Sohn et al., 2020a; Tarvainen and Valpola, 2017), semantic segmentation (Hu
et al., 2021a; Ke et al., 2020), object detection (Sohn et al., 2020b; Xu et al., 2021), and

action recognition (Xu et al., 2022b). By reducing reliance on costly annotations and fully
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utilizing accessible unlabeled data, semi-supervised learning has become a crucial technique

for data-efficient model training.

Most existing semi-supervised methods fall into two major categories: consistency-based
approaches and pseudo-label-based approaches. Consistency-based methods (Laine and Aila,
2016; Tarvainen and Valpola, 2017; Berthelot et al., 2019b; Sajjadi et al., 2016; French et al.,
2019; Chen et al., 2021b) encourage the model to produce stable predictions under a variety
of perturbations. These perturbations may include model perturbations such as parameter
noise (Bachman et al., 2014), input perturbations through data augmentation (Xie et al., 2020b;
Berthelot et al., 2019a), or adversarial perturbations (Miyato et al., 2018). The underlying idea
is that a well-regularized model should be invariant to these variations, thereby improving

generalization.

On the other hand, pseudo-labeling methods (Lee et al., 2013; Sohn et al., 2020b; Zoph
et al., 2020; Xie et al., 2020c; Grandvalet and Bengio, 2004) generate hard one-hot labels
for unlabeled samples based on the model’s confident predictions. These pseudo labels are
then treated as ground truth during training, allowing the model to iteratively refine itself.
Pseudo-labeling has proven particularly effective when high-confidence predictions correlate

strongly with true labels, enabling efficient learning even in low-annotation regimes.

2.5.2 Self-Supervised Learning

Unsupervised feature learning has played a foundational role in the development of deep
neural networks. Early approaches such as auto-encoders (Vincent et al., 2010) and Deep
Boltzmann Machines (Salakhutdinov and Hinton, 2009) learned hierarchical representations
by reconstructing input pixels from compressed latent features. These models were often used
to initialize deep architectures, followed by supervised fine-tuning on downstream tasks such
as handwritten digit classification. Although effective for their time, these early unsupervised
methods were typically limited by the simplicity of their reconstruction objectives and the

small scale of available datasets.
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More recently, self-supervised learning (SSL) has emerged as a powerful paradigm for
unsupervised representation learning. Modern SSL formulations are designed primarily for
transfer learning, where pretraining and downstream tasks are performed on different datasets
with distinct objectives. A wide range of pretext tasks have been developed to encourage
models to learn high-level semantic structure: colorization (Larsson et al., 2017) teaches
models to infer object semantics from grayscale images; context prediction (Doersch et al.,
2015) and inpainting (Pathak et al., 2016) require understanding spatial relationships; and
rotation prediction (Gidaris et al., 2018) forces the model to learn object orientation and

appearance cues.

The most influential line of work in SSL is contrastive learning, especially the instance
discrimination paradigm (Wu et al., 2018), where augmented views of the same image are
encouraged to map to nearby embeddings while different images are pushed apart. Contrastive
methods such as MoCo (He et al., 2020), SimCLR (Chen et al., 2020a,c), BYOL (Grill
et al., 2020), Barlow Twins (Zbontar et al., 2021), and SwAV (Caron et al., 2021) have
achieved exceptional transfer performance on downstream tasks, in some cases surpassing
fully supervised ImageNet pretraining (He et al., 2020). These breakthroughs highlight the

ability of SSL to learn rich, high-level semantics without labels.

With further innovations, such as clustering-based learning of assignments in SwAV (Caron
et al., 2020), large-scale contrastive learning has been successfully applied to massive, uncur-
ated image corpora (Caron et al., 2019; Goyal et al., 2021). While linear evaluation accuracy
on ImageNet has steadily improved, early SSL methods often struggled to match supervised
features on dense prediction tasks such as semantic segmentation or object detection. These
tasks require spatially or regionally aligned representations rather than solely image-level

embeddings.

To bridge this gap, many recent works explore pixel-level or region-level self-supervised
pretraining. Methods such as VADer (Pinheiro et al., 2020), PixPro (Xie et al., 2020d), and
DenseCL (Wang et al., 2020c) learn dense representations by enforcing consistency between
pixel features that correspond to the same physical point across augmentations. InsLoc (Yang

et al., 2021a) extends this idea to region-level features using composite imagery, enabling
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more meaningful instance-level representations. DetCon (Hénaff et al., 2021) improves dense

contrastive learning by leveraging hierarchical segmentation masks from MCG (Arbelaez

et al., 2014) to enforce intra-segment consistency and inter-segment discrimination.



CHAPTER 3

Data-Efficient Learning through Network Architecture Design

In this chapter, we investigate how to effectively enhance visual recognition and localization
for static images under limited training data, with a particular focus on architecture design.
Specifically, we validate our approach on object detection, one of the most representative
tasks in static-image visual recognition and localization. Section 3.1 presents the problem
formulation of object detection. Section 3.2 introduces the motivation and analyzes the
complementary strengths of two major detector families, namely the Faster R-CNN series
and the DETR series, showing that integrating their advantages can lead to more effective
data utilization. Based on this analysis, we propose the Hybrid Proposal Refiner (HPR) (Zhao
et al., 2024), and detail the proposed method in Section 3.3. Section 3.4 reports extensive

experimental results, and Section 3.5 concludes the chapter with a summary.

3.1 Problem Formulation

Object detection is a fundamental task in computer vision that aims to identify what objects are
present in an image (or video frame) and where they are located. Concretely, a detector predicts
a set of object instances, each typically represented by a bounding box (e.g. (z,y,w, h)) and
a category label (e.g., person, car, dog). Compared with image classification which outputs
a single label for the whole image, object detection provides a structured, instance-level

understanding of the scene, making it a key building block for higher-level perception tasks.

For example, in a street scene, an object detector can locate multiple objects simultaneously,
such as cars, pedestrians, traffic lights, bicycles, and road signs. In an indoor environment, it

may detect objects like cups, keyboards, books, and monitors on a desk. In each case, the
25
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output is not only the object type but also its spatial extent, enabling downstream systems to
reason about object relationships, prioritize attention, and make decisions based on the scene

layout.

Object detection underpins a wide range of real-world applications, including:

(1) Autonomous driving and intelligent transportation: detecting vehicles, pedestrians,
traffic signs/lights, and obstacles for safe planning and navigation.

(2) Robotics and embodied Al: enabling robots to locate and interact with target objects
for grasping, manipulation, navigation, and task execution.

(3) Human—computer interaction and AR/VR: detecting hands, faces, or everyday ob-
jects to support interaction, overlay, and scene-aware rendering.

(4) Retail and logistics: inventory checking, package detection, defect detection, and
automated checkout.

(5) Medical imaging: locating lesions, tumors, organs, or abnormalities to assist dia-

gnosis and treatment planning.

Overall, object detection provides a compact yet expressive representation of the visual world,
and its performance directly affects many downstream tasks such as instance segmentation,

tracking, and scene understanding.

3.2 Motivation

The attention-based Transformer architecture introduced by Vaswani et al. (Vaswani et al.,
2017b) has become a general-purpose backbone for sequence modeling. After redefining the
state of the art in natural language processing, it was soon adapted to visual tasks, leading to
strong results in image classification (Dosovitskiy et al., 2020; Chen et al., 2021a; Liu et al.,
2021b; Touvron et al., 2021b; d’ Ascoli et al., 2021; Han et al., 2021) and, more recently, object
detection (Carion et al., 2020; Liu et al., 2022; Meng et al., 2021a; Zhu et al., 2020; Zhang
et al., 2022, 2023d; Lin et al., 2023a; Jia et al., 2023; Zong et al., 2023; Wang et al., 2022b). A

milestone in this transition is DETR (Carion et al., 2020), which reformulates detection as a set
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Model | AP

Faster R-CNN (ResNet-50, FPN, 12-epoch) \ 36.5

+ Class-Agnostic RPN—Class-Aware RPN 36.1 (-0.4)
+ FPN—Deformable Encoder 44.0 (+7.9)
+ IoU Matching—Hungarian Matching (RPN) 32.7 (-11.3)
+ IoU Matching—Hungarian Matching (R-CNN) | 32.2 (-0.5)
+ Rol Feature—Object Feature 41.2 (+9.0)
+ Object Feat.—Object Feat. + Rol Feat. 41.7 (+0.5)
+ Object Feat. + Rol Feat.—Deformable Attention | 44.2 (+2.5)
+ 6 X Deformable Attention 46.2 (+2.0)

TABLE 3.1. Step by step, we transform the Faster R-CNN (Ren et al., 2015)
into the Deformable DETR (Zhu et al., 2020). We report AP on COCO
benchmark. Object feature denotes RPN’s point feature extracted by the neck
network.

prediction problem using an encoder—decoder Transformer. Instead of relying on hand-crafted
anchors and post-processing heuristics, DETR introduces learnable query embeddings that
attend to CNN feature maps to produce object categories and bounding boxes in a unified
pipeline. Its end-to-end property is enabled by one-to-one bipartite assignment via Hungarian
matching. While elegant, DETR is widely known to converge slowly and may underperform
without careful design choices, which triggered a series of works that improve optimization
and accuracy while retaining the overall encoder—decoder template. Among them, Deformable
DETR (Zhu et al., 2020) stands out by replacing dense attention with sparse, sampling-based

deformable attention, substantially accelerating training and strengthening performance.

Despite these rapid iterations, it is still not fully clear which ingredients are responsible
for the practical advantage of modern DETR variants. In contrast, earlier detectors, most
notably Faster R-CNN (Ren et al., 2015), follow a modular design: a backbone extracts
features, a neck aggregates multi-scale information, an RPN generates candidate boxes, and a
downstream head refines them, possibly across multiple refinement stages (Ren et al., 2015;
He et al., 2017; Cai and Vasconcelos, 2018; Chen et al., 2019). This classical “propose-then-
refine” pipeline provides a transparent interpretation of where localization and classification

capacity originate.
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FIGURE 3.1. Applying Hybrid Proposal Refiner (HPR) to the DETR series
including Conditional DETR (Meng et al., 2021a), DAB DETR (Liu et al.,
2022), Deformable DETR (Zhu et al., 2020), DAB-Deformable DETR (Liu
et al., 2022), DINO (Zhang et al., 2022), Align DETR (Cai et al., 2023) and
DDQ (Zhang et al., 2023d) on COCO dataset. All models use a ResNet-50
backbone and a 12-epoch training schedule. For efficiency, we use 300 queries
for DDQ (Zhang et al., 2023d) and DDQ equipped with HPR.

Motivated by this, we re-examine DETR-style detectors through the lens of Faster R-CNN.
Our key hypothesis is that the DETR encoder—decoder can be understood as a modernized
counterpart of the proposal-generation and proposal-refinement paradigm: the encoder acts as
a stronger feature aggregator that prepares object-centric evidence, while the decoder plays the
role of an iterative refiner operating on a fixed-size set of object representations. To make this
comparison concrete, we use Deformable DETR (Zhu et al., 2020) with a ResNet-50 backbone
as the primary reference model and progressively morph Faster R-CNN toward it by inserting
the corresponding components one by one (Table 3.1). The modifications cover multiple
dimensions, including: making the proposal generator class-aware, upgrading the neck from
FPN to a deformable encoder, replacing Rol Align-style refinement with attention-based

refinement (e.g., deformable attention), extending refinement from two stages to multiple
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stages, and switching the training assignment from IoU-driven one-to-many matching to

one-to-one Hungarian matching.

This controlled transformation reveals three important takeaways. (1) Directly introducing
Hungarian matching into Faster R-CNN can noticeably hurt accuracy. A major reason is that
one-to-one assignment tends to produce sharper, more localized activations, and when Rol
Align pools from these maps, the resulting region features may contain excessive irrelevant
context. (2) If the refinement head consumes object representations derived from the neck
rather than pooled Rol features, the degradation caused by Hungarian matching is greatly
reduced, suggesting that end-to-end, one-to-one training can also be viable in a modified Faster
R-CNN-style framework. (3) The empirical gap between Faster R-CNN and Deformable
DETR is largely explained by two upgrades: a more capable feature aggregation module
(deformable encoder vs. FPN) and a more expressive refinement mechanism (attention-based

refinement vs. Rol Align-based heads).

These observations naturally shift the focus to proposal refinement. In practice, a detector
typically uses one feature aggregation module but may benefit from richer refinement. We
therefore systematically study a family of refinement operators, including Rol Align, dynamic
convolution, cross-attention, deformable attention, global attention, and object-feature re-
finement, and find that many of them provide complementary benefits and can be combined
effectively. Based on this, we propose a Hybrid Proposal Refiner (HPR) that integrates
multiple refinement operators and enables interaction among their features. As illustrated
in Figure 3.1, HPR is lightweight, broadly compatible with existing DETR variants, and

consistently improves their vanilla performance.

3.3 Methodology

Section 3.3.1 traces how Faster R-CNN can be progressively transformed into Deformable

DETR. Motivated by the insight that DETR’s encoder—decoder pipeline can be interpreted
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FIGURE 3.2. We regard the encoder-decoder structure employed by the
DETR series as a refined version of the RPN-refiner paradigm utilized in
Faster R-CNN. We investigate various elements (highlighted by yellow) that
contribute to the transition from Faster R-CNN to Deformable DETR. Our hy-
brid proposal refiner (HPR) is predicated on exploring a multitude of proposal
enhancement strategies that operate on different levels: regional (a, b, e, f),
global (c), and point level (d).

as an enhanced counterpart of Faster R-CNN’s proposal generation and refinement frame-
work, Section 3.3.2 presents the Hybrid Proposal Refiner (HPR) and details how it can be

incorporated into a range of DETR-based detectors.

3.3.1 From Faster R-CNN to Deformable DETR

As shown in Figure 3.2, we examine the key design choices that bridge Faster R-CNN and
Deformable DETR, including the proposal generator (RPN), the feature aggregation module
(neck), the refinement head, the number of refinement iterations, and the training assignment

strategy. The accuracy of each step in this transition is summarized in Table 3.1.

Faster R-CNN baseline. We start from a standard Faster R-CNN equipped with a ResNet-50
backbone and an FPN neck, trained under a 12-epoch schedule. Region features are obtained

via Rol Align. This baseline reaches 36.5 AP on the COCO val set.

From class-agnostic to class-aware proposals. To align the proposal stage with Deformable

DETR, we replace the class-agnostic RPN in Faster R-CNN with a class-aware variant. This
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Hungarian Matching IoU Matching

FIGURE 3.3. Visualization of two activation maps generated by variants of
Faster R-CNN using either Hungarian matching or IoU matching.

change leads to a minor decrease in AP (36.5 — 36.1), indicating that proposal classification

alone is not the primary driver of performance differences.

Upgrading the neck network. A major architectural distinction lies in the feature aggregation
module. Replacing the FPN with the deformable encoder used in Deformable DETR substan-
tially strengthens the detector, improving AP from 36.1 to 44.0. This highlights the importance

of a more expressive, attention-based neck for building object-centric representations.

IoU-based assignment vs. Hungarian assignment. End-to-end DETR-style training relies
on one-to-one bipartite assignment, whereas Faster R-CNN conventionally uses loU-based
one-to-many matching. When we switch the RPN assignment from IoU matching to Hun-
garian matching in our Faster R-CNN variant, performance drops sharply (44.0 — 32.7).
Applying Hungarian matching at the R-CNN stage further reduces AP by 0.5. We attribute
the large degradation mainly to an incompatibility between one-to-one assignment and Rol

Align.

Our hypothesis is that Hungarian matching produces more peaked and localized feature

activations, but Rol Align still pools a relatively large spatial region, thereby introducing
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Matching Strategy | AP AP, AP,, AP,

IoU 38.3 51.2 432 21.1
Hungarian 38.4 48.6 422 242

TABLE 3.2. The performance of the improved class-aware RPNs with differ-
ent positive sample matching strategies.

substantial irrelevant context into the region features. We validate this in two ways. First,
Figure 3.3 visualizes activation maps for two variants, showing that Hungarian matching yields
noticeably sharper responses than IoU matching. Second, we retrain a detector that consists
of a class-aware RPN with a deformable encoder under Hungarian matching, effectively
operating as a strengthened single-stage model. As reported in Table 3.2, Hungarian matching
does not harm this configuration, suggesting that the point-wise object features used by the

proposal stage are already sufficient for accurate classification and localization.

Together, these quantitative and qualitative results support our conclusion: when Hungarian
matching is introduced into Faster R-CNN, the Rol Align pooling becomes a bottleneck by
gathering excessive non-essential information, which in turn leads to a pronounced perform-

ance drop.

Rol features vs. object features. Motivated by the analysis above, we replace the conven-
tional second-stage head that relies on Rol Align, i.e., Rol Align — region feature — CNN
— FC”, with a lighter refiner that directly operates on proposal point features, namely object
feature — FC”. This change substantially improves performance under Hungarian assignment,
boosting AP from 32.2 to 41.2. Moreover, Table 3.1 shows that fusing Rol-level cues into the
object features yields an additional +0.5 AP gain. These results suggest that, under one-to-one
matching, refinement operators that act on compact object representations are better aligned

than Rol Align, which tends to introduce unnecessary context.

Stronger proposal refinement. Deformable DETR further upgrades refinement via de-
formable attention: each proposal representation is enhanced by sampling and aggregating
features from a sparse set of informative points on the neck feature maps. Following this

design, we replace the refiner “object feature + Rol feature — FC” with a deformable decoder,
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enabling structured interaction between proposal embeddings and the deformable-encoder
features. As reported in Table 3.1, this replacement brings a further +2.5 AP improvement.
Finally, stacking 6 x deformable decoder layers yields 46.2 AP, completing our step-by-step
transformation from Faster R-CNN to Deformable DETR.

3.3.2 Hybrid Proposal Refiner

The above study indicates that the advantage of Deformable DETR over Faster R-CNN mainly
comes from two upgrades: a more expressive neck and a more capable refinement head. In
practice, detectors typically have a single neck, but the refinement stage can be repeated and
enriched in many ways. Hence, before introducing our Hybrid Proposal Refiner (HPR), we
investigate alternative refinement operators beyond Rol Align (Figure 3.2.a) and deformable

attention (Figure 3.2.b), as summarized in Figure 3.2.

Notations. Let the input resolution be 4 x 1. The backbone outputs multi-stage feature
maps C, € RH/2'xW/2'xdi yhere [ indexes stages and d; is the channel dimension. The neck

€ RH/2'XW/2'%D ith unified dimension D. For the

network' produces encoded features P
i-th proposal with box b; = (z;, y;, w;, h;), we denote its proposal (point) representation as
p; € RP. The Rol feature associated with b; is denoted by r; € R™ 7 obtained via Rol

Align.

Global cross-attention (Figure 3.2.c). This operator follows the original DETR (Carion et al.,
2020): a fixed set of learnable queries collects information from a neck feature map (e.g., Ps)
through cross-attention. While effective, global attention incurs high computation due to its

dense interactions over the spatial tokens.

Object feature refinement (Figure 3.2.d). As analyzed in Section 3.3.1, one way to improve
proposal quality is to update proposals directly in the object-feature space. Concretely, an
object feature refiner takes the proposal embeddings p, as input and outputs refined features,
which are then used to update the RPN proposals.

IWe use “neck” as an umbrella term for feature-enhancement modules placed between backbone and heads,
including FPN, Transformer encoders, and deformable encoders.
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FIGURE 3.4. Illustration of the HPR module. The auxiliary refiners inject

implicit information into the intermediate features of the primary refiner. We
use 6x HPRs by default.

Dynamic convolution (Figure 3.2.e). Dynamic convolution (Sun et al., 2021) strengthens
each proposal embedding by coupling it with its associated Rol feature. Specifically, the object
feature p, is first fed through fully-connected layers to produce instance-specific convolution
kernels. These kernels are then applied to the Rol tensor 7;; the resulting responses are
mapped through additional layers (e.g., convolution and FC) to yield an updated object

representation for p,.

Regional cross-attention (Figure 3.2.f). Another way to fuse p; with its Rol feature r; is
attention-based aggregation. We treat p; as the query and use the spatial tokens within r; as
keys and values, allowing the proposal embedding to selectively attend to informative regions

inside the Rol. We refer to this refinement operator as regional cross-attention.
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Hybrid Proposal Refiner (HPR). Thus far, we have examined a spectrum of proposal
refinement operators that act at different granularities: scene-level aggregation (global cross-
attention), region-level fusion (Rol Align, deformable attention, dynamic convolution, and
regional cross-attention), and proposal-level updates (object feature refinement). As discussed
in Section 3.3.1, Rol Align is poorly suited to one-to-one Hungarian assignment, often
introducing mismatched or redundant context. Meanwhile, our empirical results consistently
indicate that effective end-to-end detectors rely on tightly coupling proposal embeddings with
their corresponding localized visual evidence. This motivates HPR, which is designed to
explicitly strengthen and unify the interaction between object features and region-derived

signals while avoiding the limitations of Rol Align under Hungarian matching.

Unlike prior DETR variants that rely on a single refinement operator, our Hybrid Proposal
Refiner (HPR) combines several complementary region-level refiners, including deformable
attention, dynamic convolution, and regional cross-attention. Although all three aim to distill
foreground-relevant cues for each proposal, they construct local evidence in fundamentally
different ways. Deformable attention aggregates a sparse set of sampled point features around
each proposal. In contrast, dynamic convolution and regional cross-attention both exploit
Rol features, but they couple Rol features with proposal embeddings differently: dynamic
convolution converts the object feature into instance-specific kernels, whereas regional cross-
attention treats the object feature as the attention query to selectively read out informative

Rol tokens.

As illustrated in Figure 3.4, HPR is designed to capitalize on the unique advantages of each
refiner by assigning one module as the primary refiner and using the others as auxiliary
refiners. The auxiliary branches provide additional refinement signals by injecting their
intermediate representations into the corresponding blocks of the primary branch. Concretely,
we fuse the self-attention outputs and FFN outputs from auxiliary refiners into those of the
primary refiner through weighted summation, where the fusion weights are learnable. In
Section 3.4.2, we further evaluate alternative fusion strategies. Each refiner is trained with its

own detection objective; unless otherwise stated, we set the loss weights for the primary and
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the two auxiliary refiners to 1.0, 0.5, and 0.5, respectively, and adopt the same loss formulation

as Deformable DETR.

Using HPR within the DETR family. Similar to standard DETR-style decoders, HPR
modules can be stacked to progressively improve proposal quality. By default, we stack six
HPR layers. Moreover, HPR can be integrated into a wide range of DETR-based detectors
that originally contain only a single refiner: we keep the original refiner as the primary branch
and attach auxiliary refiners in parallel. As shown in Figure 3.1, this plug-and-play design

yields consistent gains across multiple DETR variants.

Data re-augmentation. We additionally propose a simple yet effective augmentation recipe,
termed data re-augmentation. Starting from a batch processed by standard (weak) augmenta-
tions, we duplicate the weakly-augmented samples and apply stronger transformations, such
as color jitter and more aggressive geometric perturbations, to the duplicates. The final batch
therefore contains paired weakly-augmented and strongly-augmented views. Compared with
batch augmentation (Hoffer et al., 2020), our approach differs in two aspects: (1) it replicates
already-augmented samples rather than raw inputs, and (ii) it uses stronger and distinct aug-
mentation operators on the replicated views. Empirically, we find that data re-augmentation

synergizes well with HPR and further improves detection performance.

3.4 Experiment

Dataset and evaluation. All experiments are performed on the COCO dataset (Lin et al.,
2014). COCO provides 118,287 annotated training images covering 80 categories, and a
validation split of 5,000 images. We use COCO AP on the val split as the primary metric.

Implementation details. Our implementation is based on the MMDetection framework (Carion
et al., 2020). Unless stated otherwise, we adopt an ImageNet-1K pre-trained ResNet-50 back-
bone (He et al., 2016; Deng et al., 2009) and train for 12 epochs. We use 900 object queries by
default. Optimization is done with AdamW (Loshchilov and Hutter, 2017) with a learning rate

of 1 x 10~%. We follow standard DETR-style augmentations used in recent works (Zong et al.,
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Method | Backbone | #Queries | #Epochs | AP AP5g AP APy AP, AP
Conditional DETR (Meng et al., 2021a) 300 108 [43.0 640 457 227 467 615
Anchor DETR (Wang et al., 2022b) 300 50 421 63.1 449 223 462 60.0
Efficient DETR (Yao et al., 2021) 300 50 451 63.1 49.1 283 484 59.0
DAB DETR (Liu et al., 2022) 900 50 457 662 49.0 26.1 494 63.1
Deformable DETR (Zhu et al., 2020) 300 50 469 656 51.0 29.6 50.1 61.6
DN-Deformable DETR (Li et al., 2022b) 900 50 486 674 527 310 520 637
H-Deformable DETR (Jia et al., 2023) 300 12 487 664 529 312 515 635
H-Deformable DETR (Jia et al., 2023) 300 36 500 - - 329 527 653
DINO (Zhang et al., 2022) 900 12 494 669 538 323 525 639
DINO (Zhang et al., 2022) 900 36 512 69.0 558 350 543 653
Group DETR (Chen et al., 2023d) 900 12 50.1 - - 324 532 647
Align DETR (Cai et al., 2023) 900 12 502 67.8 544 329 533 650
Align DETR (Cai et al., 2023) 900 24 513 682 56.1 355 551 65.6
DETA (Ouyang-Zhang et al., 2022) 900 12 505 67.6 553 33.1 547 652
DETA (Ouyang-Zhang et al., 2022) R-50 900 24 516 69.0 567 340 558 66.5
DDQ (Zhang et al., 2023d) 900 12 513 686 564 335 549 659
DDQ (Zhang et al., 2023d) 900 24 520 695 572 352 549 659
Deformable DETR with HPR 900 12 506 687 555 344 539 635
Deformable DETR with HPR 900 24 519 700 57.0 353 550 653
DINO with HPR 900 12 511 686 557 346 545 649
DINO with HPR 900 24 519 697 56.8 349 550 658
Align DETR with HPR 900 12 521 696 569 356 554 66.6
Align DETR with HPR 900 24 527 69.8 572 358 560 664
Align DETR with HPR' 900 12 524 703 572 359 563 68.5
Align DETR with HPR' 900 24 542 72.1 588 37.8 579 70.0
DDQ with HPR 300 12 524 699 575 359 555 66.7
DDQ with HPR 300 24 525 69.8 57.6 354 555 67.0
DDQ with HPR' 300 12 530 70.6 58.0 353 563 68.6
DDQ with HPR' 300 24 542 720 596 373 578 69.1
DDQ with HPRY 300 36 549 724 603 377 589 69.6

TABLE 3.3. Comparison with state-of-the-art DETR models on the COCO
val set utilizing a ResNet-50 backbone. Considering GPU memory utilization,
we use 300 queries when applying HPR to DDQ (Zhang et al., 2023d). {: the
application of large-scale jitter data augmentation.

2023; Jia et al., 2023; Chen et al., 2023d; Cai et al., 2023; Zhang et al., 2022), and additionally
apply our data re-augmentation strategy. For comparisons against stronger settings, we em-
ploy a larger Swin-L backbone (Liu et al., 2021b) pre-trained on ImageNet-22K (Deng et al.,
2009), train with extended schedules (24 or 36 epochs), and augment the default pipeline with
large-scale jitter and Copy-Paste (Ghiasi et al., 2021).
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Method | Backbone | #Queries | #Epochs | AP AP5o AP7s AP, AP,, AP,
HTC (Chen et al., 2019) 900 36 57.1 75.6 625 424 60.7 71.1
Group-DINO (Chen et al., 2023d) 900 36 58.4 - - 41.0 625 739
DETA (Ouyang-Zhang et al., 2022) 900 24 585 765 644 385 626 738
DINO (Zhang et al., 2022) 900 12 57.5 - - - - -
DINO (Zhang et al., 2022) 900 36 585 77.0 64.1 415 623 740
DDQ (Zhang et al., 2023d) 900 36 587 76.8 645 41.6 629 743
Mask DINO (Li et al., 2023b) 300 50 59.0 - - - - -
‘H-Deformable DETR (Jia et al., 2023) 900 12 55.9 - - 39.1 59.9 722
‘H-Deformable DETR (Jia et al., 2023) 900 36 57.1 - - 39.7 614 734
‘H-DINO (Jia et al., 2023) 900 36 59.4 778 654 43.1 63.1 742
DDQ with HPR Swin-L 300 12 587 767 645 415 625 746
DDQ with HPR' 300 12 584 76.8 643 412 625 75.1
DDQ with HPRY 300 24 593 77.6 650 43.1 634 755
AlignDETR with HPR 900 12 586 76.8 64.0 409 627 754
AlignDETR with HPR 900 24 593 715 647 419 637 752
AlignDETR with HPR' 900 12 58.5 767 637 416 628 76.6
AlignDETR with HPR' 900 24 59.6 779 645 426 640 76.9
AlignDETR with HPR' 900 36 60.0 78.0 655 438 645 76.6

TABLE 3.4. Comparison with other DETR models on the COCO val set
utilizing a Swin-L backbone pre-trained on ImageNet-22K. Considering GPU
memory utilization, we use 300 queries when applying HPR to DDQ (Zhang
et al., 2023d). {: the utilization of large-scale jitter.

Proposal Refiner ‘ AP AP; AP,, AP,
Global Cross Attention 423 563 454 26.8
Rol Align 322 373 369 236

Deformable Attention 478 62.0 512 30.6
Dynamic Convolution 483 62.7 512 323
Regional Cross Attention | 47.6 61.5 50.6 31.7
Object Feature Refiner 412 51.7 448 269

TABLE 3.5. Performance comparison of different proposal refiners, includ-
ing image-level aggregation (global cross-attention), region-level refinement
(Rol Align, deformable attention, dynamic convolution, and regional cross-
attention), and proposal-level updates (object feature refinement).

3.4.1 Main Results

As illustrated in Figure 3.1, HPR is readily integrated into a broad set of DETR-style detectors,
including Conditional DETR (Meng et al., 2021a), DAB-DETR (Liu et al., 2022), Deformable
DETR (Zhu et al., 2020), DAB-Deformable DETR (Liu et al., 2022), DINO (Zhang et al.,
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2022), Align DETR (Cai et al., 2023), and DDQ (Zhang et al., 2023d). Across all these
backbones, adding HPR consistently improves over the corresponding baseline models, with

gains ranging from +1.5 to +10.1 AP.

Table 3.3 further reports comparisons under the ResNet-50 setting. In particular, equipping
the strong DDQ baseline (Zhang et al., 2023d) with HPR yields 54.9 AP using a 36-epoch
schedule. We also evaluate stronger backbones in Table 3.4. With a Swin-L backbone, our
method reaches 59.3 AP on DDQ (Zhang et al., 2023d) and 60.0 AP on AlignDETR (Cai
et al., 2023).

3.4.2 Ablation Studies

Unless stated otherwise, all ablations are conducted on the DINO-enhanced Deformable
DETR baseline (Zhang et al., 2022). This baseline uses a ResNet-50 backbone with standard

data augmentation, 300 object queries, and a 12-epoch schedule, reaching 47.8 AP.

Proposal Refiner Variants. Section 3.3.2 describes a set of refinement operators operating at
different granularities: image-level aggregation (global cross-attention), region-level refine-
ment (Rol Align, deformable attention, dynamic convolution, and regional cross-attention),
and proposal-level updates (object feature refinement). Table 3.5 reports the performance
of each choice. Except for Rol Align and the object-feature refiner, we evaluate these re-
finers with six refinement stages. Consistent with the findings in Section 3.3.1, Rol Align
interacts poorly with Hungarian assignment and therefore yields inferior accuracy. Global
cross-attention, while conceptually simple, is computationally costly and is less convenient
for leveraging multi-scale features that are essential in modern DETR variants. Among
the remaining options, deformable attention (DA), dynamic convolution (DC), and regional
cross-attention (RCA) consistently perform best. We attribute their advantage to explicitly
coupling proposal embeddings with localized visual evidence. For this reason, DA, DC, and

RCA form the core components of our HPR.

Feature Integration. As illustrated in Figure 3.4, HPR fuses intermediate representations

from the auxiliary refiners into the corresponding blocks of the primary refiner. Each refiner



40 3 DATA-EFFICIENT LEARNING THROUGH NETWORK ARCHITECTURE DESIGN

SA Dedicated Module FFN\ AP
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TABLE 3.6. Ablation study examining which types of auxiliary features
contribute most when injected into the primary branch, including outputs
from the self-attention (SA) layer, the feed-forward network (FFN), and the
refinement module itself.

consists of a self-attention (SA) layer, a task-specific refinement module (deformable atten-
tion, dynamic convolution, or regional cross-attention), and a feed-forward network (FFN).
Table 3.6 evaluates which types of auxiliary features contribute most when injected into the
primary branch, including SA outputs, FFN outputs, or the outputs of the refinement module
itself. Our experiments show that combining SA and FFN features provides the strongest

gains, making this the default fusion strategy in HPR.

We further analyze how the fusion weights should be configured. Let f,, f,;, and f
denote the SA or FFN outputs from the primary refiner and the two auxiliary refiners,
respectively. The fused representation is computed as f; = wpf, + wafa + waaf -
Table 3.7 evaluates several design choices for the weight parameters, including: (1) whether
the weights w,,, w,1, w2 are fixed constants or learnable parameters; (2) whether each weight
is a single scalar or a feature-wise vector matching the dimensionality of f,; and (3) the effect

of different initialization values for these weights.

Performance Enhancement. Section 3.3.2 introduced our data re-augmentation strategy.
Table 3.8 summarizes its impact, along with increasing the number of object queries from 300
to 900. Data re-augmentation is performed by first duplicating normally augmented samples,
then applying stronger transformations to the duplicates, and finally training on the union of

the weakly augmented and strongly augmented batches. To assess its effectiveness, Table 3.9
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Weight ~ Type Initialization | AP

Fixed Scalar 1:1:1 48.9
Fixed Scalar 2:1:1 49.1

Learnable Scalar 1:1:1 48.9
Learnable Scalar 2:1:1 48.8
Learnable Vector 1:1:1 49.3
Learnable Vector 2:1:1 49.0

TABLE 3.7. Ablation study on the integration weights, where the weights
correspond to the primary refiner and the two auxiliary refiners, respectively.

HPR Data Re-Augmentation 900 Queries | AP

47.8
v 49.3
v v 49.8
v v 50.3
v v v 50.6

TABLE 3.8. Study on data re-augmentation and more object queries. We verify
the data re-augmentation strategy introduced in Section 3.3.2 and increasing
the number of object queries from 300 to 900.

Augmentation Strategy | AP
Normal Augmentation 49.3
Strong Augmentation 48.4
Batch Augmentation (Hoffer et al., 2020) | 49.6
Data Re-Augmentation 50.3

TABLE 3.9. Comparison among standard data augmentation (the first and
second rows), batch augmentation (Hoffer et al., 2020) (the third row), and
data re-augmentation (the last row).

compares data re-augmentation against standard weak/strong augmentation pipelines and

against batch augmentation (Hoffer et al., 2020).
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Method | Backbone | #Queries | #Epochs | AP
DiffusionDet R50 500 - 46.8
Lite DETR R50 900 36 49.5
Decoupled DETR R50 300 50 47.0
Plain DETR Swin-T 300 12 50.9
Co-DETR R50 900 12 52.1
Ours (w/ DDQ) R50 300 12 53.0

TABLE 3.10. Comparison with the latest models (Chen et al., 2023e; Li et al.,
2023a; Zhang et al., 2023a; Lin et al., 2023a; Zong et al., 2023). When paired
with DDQ, HPR attains an AP of 53.0, outperforming all competing models.

Deformable Att. Dynamic Conv. Regional C.A.\ AP

v 47.8
v v 48.9
v v 48.4
v v v 49.3

TABLE 3.11. Study on the integration of auxiliary proposal refiners (dynamic
convolution and regional cross attention) into the primary proposal refiner
(deformable attention). Refer to the supplementary materials for more results.

3.4.3 Analysis

Comparison with More Latest Models. Table 3.10 further benchmarks HPR against several
recent state-of-the-art approaches (Chen et al., 2023e; Li et al., 2023a; Zhang et al., 2023a;
Lin et al., 2023a; Zong et al., 2023). When paired with DDQ, HPR attains an AP of 53.0,

outperforming all competing models included in the comparison.

Integration of Auxiliary Object Refiners into Primary Object Refiner. We use deformable
attention as the primary proposal refiner. Table 3.11 reports the gains obtained when augment-
ing it with dynamic convolution, regional cross-attention, or both as auxiliary branches. Each
auxiliary refiner provides additional benefits, consistently boosting the performance beyond

that of using the primary refiner alone.

Ablation Study on Primary Object Refiners. Figure 3.4 showcases the design where

deformable attention serves as the primary refiner, with dynamic convolution and regional
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Primary Auxiliary-1 Auxiliary-2 | AP
Deformable Att. - - | 47.8
Deformable Att. Deformable Att. Deformable Att. \ 48.5

Regional CA  Dynamic Conv. Deformable Att. | 48.9
Dynamic Conv.  Regional CA  Deformable Att. | 48.8
Deformable Att.  Regional CA  Dynamic Conv. | 49.3

TABLE 3.12. Ablation study on primary object refiners. Att.: attention. CA:
cross attention. Conv.: convolution.

Loss Weight | AP AP, AP,, AP,

1:1:1 49.1 63.8 51.7 325
2:1:1 493 62.8 524 32.6

TABLE 3.13. Ablation study the effect of varying loss weights assigned to
the primary and auxiliary refiners.

cross-attention acting as auxiliary branches. Table 3.12 further explores alternative configura-
tions by assigning the primary role to regional cross-attention or dynamic convolution, and
comparing them against the default setup where deformable attention remains the primary

refiner.

We also include a baseline that uses deformable attention as the sole primary refiner supported
by two auxiliary branches of the same type. Across all comparisons, HPR consistently
outperforms these baselines, demonstrating that combining heterogeneous regional refinement

operators offers clear advantages over relying on a single refinement mechanism.

Ablation Study on Loss Weight. We further investigate the effect of varying loss weights
assigned to the primary and auxiliary refiners. As shown in Table 3.13, a weight configuration

of 2:1:1 yields the best performance, reaching 49.3 AP.

Examination of Encoder and Decoder Number Variations. We analyze how different
combinations of encoder and decoder depths influence overall performance. Specifically, in

a setup with six encoders, we vary the number of decoders from 1 to 6, and apply the same
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FIGURE 3.5. Ablation study on variations in the number of encoders (de-
formable encoders) and decoders (HPRs). Blue line: variation in the number
of decoders within a model with 6x encoders. Orange line: variation in the
number of encoders within a model with 6 x decoders.

variation in a model configured with six decoders. The corresponding results are summarized

in Figure 3.5.

Operational Mechanisms of Various Proposal Refinement Strategies. In terms of how
object features are leveraged, deformable attention, dynamic convolution, and regional cross-
attention behave quite differently. Deformable attention samples a sparse set of keypoints
around each proposal and aggregates their features. Dynamic convolution converts the pro-
posal embedding into instance-specific kernels, which are then applied over the corresponding
Rol feature map to produce an updated object representation. Regional cross-attention fuses
proposal and Rol features by treating the proposal embedding as the query and the Rol tokens
as keys and values. Figure 3.6 visualizes the activation patterns of these refiners, revealing

that each mechanism attends to distinct spatial regions and semantic cues of the target object.

We further compute cosine-similarity statistics between the features produced by pairs of

proposal refiners across all object queries and all images in the COCO val set. This yields



3.4 EXPERIMENT 45

Raw Image

<
)
:
S
O
o
>
=)
o
o
2
g
<
£
A
<
&)
=
=)
2
an
[}
~
FIGURE 3.6. Visualizations of the activation maps for deformable attention
(the second row), dynamic convolution (the third row), and regional cross
attention (the last row).
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FIGURE 3.7. Visualizations for cosine similarities of various proposal refiners
in distinct HPR stages.

an average similarity score s, which reflects how closely two refiners encode proposal
features—higher values indicate more aligned representations. For this analysis, we extract
features from the first stage, an intermediate stage (stage 3), and the final stage of HPR. The

resulting similarity matrices are shown in Figure 3.7. As illustrated, the refiners produce
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FIGURE 3.8. Visualizations of the activation maps generated by variants
of Faster R-CNN using either IoU matching (the second row) or Hungarian
matching (the third row).

noticeably different representations in the early and mid stages, whereas their outputs become
substantially more alike at the final stage, suggesting that HPR gradually guides different

refiners toward a shared latent representation space.

Qualitative Study on Positive Sample Matching Strategies. In Figure 3.3, we compare
activation maps produced by Faster R-CNN variants trained with either Hungarian matching or
IoU matching. Additional examples are provided in Figure 3.8, offering a more comprehensive

visualization of the differences between the two matching strategies.

Training Curve Analysis. Figure 3.9 presents a comparison of training dynamics for Align
DETR (Cai et al., 2023) enhanced with our HPR, its original counterpart, and two additional
DETR variants including DINO (Zhang et al., 2022) and Deformable DETR (Zhu et al., 2020).

Incorporating HPR leads to noticeably faster convergence.
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FIGURE 3.9. Training curves for AlignDETR equipped with our HPR, the
original AlignDETR, DINO, and Deformable DETR.

#Epochs Data Re-aug. LSJ| AP

49.3
v 50.3

12 v 493
v v 504

50.5

v 51.3

24 v |51.6
v v 528

TABLE 3.14. Ablation study on data re-augmentation and large-scale jitter
(LSJ) augmentation.

Ablation Study on Data Augmentations. Table 3.14 evaluates the impact of our proposed
data re-augmentation and large-scale jitter augmentation. The results show that the two

strategies are complementary and can be applied together effectively.
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3.5 Chapter Summary

This chapter presented a comprehensive study of object detection through the lens of modern
Transformer-based architectures, culminating in the development of the Hybrid Proposal
Refiner (HPR). We began by outlining the fundamentals of object detection, emphasizing
its role in identifying and localizing instances within images and its importance across a
wide range of real-world applications such as autonomous driving, robotics, AR/VR, retail

automation, and medical imaging.

We then revisited the evolution of detection models, contrasting the classical two-stage
Faster R-CNN pipeline with the more recent DETR family. By progressively transforming
Faster R-CNN into Deformable DETR, we gained insights into the architectural components
that drive performance differences. Our analysis revealed three key findings: (1) one-to-
one Hungarian matching conflicts with Rol Align and leads to degraded performance; (2)
replacing region-pooled features with compact object features largely mitigates this issue;
and (3) the performance advantage of Deformable DETR comes primarily from its stronger
feature aggregation (deformable encoder) and more expressive refinement head (deformable

attention).

Building on these observations, we explored a broad set of proposal refinement modules
including Rol Align, dynamic convolution, regional cross-attention, deformable attention,
global attention, and object-level refinement, and showed that many operate at different
granularities and capture complementary cues. This inspired the design of HPR, which
integrates multiple refiners into a unified framework. HPR designates one refiner as the
primary branch and incorporates the others as auxiliary branches that inject their intermediate
features through learnable fusion mechanisms. This design strengthens proposal updates

while avoiding the limitations of Rol Align under Hungarian matching.

Extensive experiments demonstrated that HPR can be seamlessly applied to a wide spectrum
of DETR-style detectors, such as Conditional DETR, DAB-DETR, Deformable DETR,
DINO, AlignDETR, and DDQ, yielding consistent improvements (up to +10.1 AP). We

further introduced a data re-augmentation strategy that pairs weakly augmented samples with
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strongly augmented counterparts, providing additional performance gains and synergizing
well with HPR. Ablation studies validated the importance of integrating self-attention and
FFN features, the benefits of learnable fusion weights, and the complementary strengths of

deformable attention, dynamic convolution, and regional cross-attention.

Overall, this chapter established a unified perspective that connects classical two-stage
detectors with modern Transformer-based models and introduced a general, effective proposal

refinement framework that advances the state of the art in end-to-end object detection.



CHAPTER 4

Video Perception under Extremely Sparse Annotations

This chapter focuses on visual recognition and localization in videos, which introduce addi-
tional challenges absent in static-image settings (e.g., object detection in Chapter 3), such as
the need to model long-range temporal dependencies across frames. The chapter emphasizes
learning under extremely limited supervision while effectively leveraging large amounts of
unlabeled video data. Specifically, we study the problem of low-shot video object segmenta-
tion (VOS), where each training video contains only one or two annotated frames. Section 4.1
presents the problem formulation of VOS. Section 4.2 discusses the motivation, highlighting
that annotating videos is time-consuming and costly, and shows that analyzing training under
sparse video annotations provides a feasible foundation for effective model learning. In
Section 4.3, we formulate low-shot VOS as an extreme semi-supervised learning setting
and, from this perspective, propose a simple yet effective two-phase training paradigm (Yan
et al., 2025) that fully exploits the information contained in unlabeled frames. Section 4.4
demonstrates that the proposed approach is model-agnostic and generalizes well across diverse
VOS architectures (STCN, RDE-VOS, XMem) and multiple datasets (DAVIS 2016/2017,
YouTube-VOS 2018/2019, LVOS, and VOST). Finally, Section 4.5 summarizes the chapter.

4.1 Problem Formulation

Video Object Segmentation. Video Object Segmentation (VOS) aims to generate a pixel-
level mask that consistently follows a target object throughout a video as it moves, changes
shape, or undergoes variations in lighting, occlusion, or camera viewpoint. In practice, VOS is

typically initialized by providing the object’s segmentation in the first frame, either manually
50
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or via an automatic detector, and the objective is to propagate this mask to all subsequent
frames in the video, producing temporally coherent and spatially accurate masks across the

sequence.

Semi-Supervised Learning. In semi-supervised VOS, only a subset of frames have ground-
truth annotations. Let L C {1, ..., T} denote the indices of the labeled frames with corres-
ponding masks { M{'},c;. The remaining frames are unlabeled, and the model must infer their
segmentation masks by leveraging the annotated frames, temporal continuity, and learned
appearance priors. This setting reflects realistic constraints where dense video annotations are

prohibitively expensive.

Low-Shot Video Object Segmentation. Low-shot VOS is an even more challenging regime
of semi-supervised segmentation. Instead of annotating only the first frame, the annotator
provides pixel-level masks for only one or two frames in the entire video, i.e., |L| € {1,2}.
These labeled frames may be temporally distant from one another, requiring the model to
propagate semantic information across long temporal gaps. Key challenges include: (1)
long-range temporal propagation, (2) handling dramatic appearance changes and occlusions,

and (3) learning robust object representations from extremely sparse supervision.

Applications. Video object segmentation is a fundamental problem with broad applications
across video editing and post-production (e.g., object cutout, background replacement, and
compositing), autonomous driving and robotics (e.g., perception, tracking, and manipulation),
AR/VR systems (e.g., real-time interactive effects), medical video analysis (e.g., surgical
instrument or anatomical structure segmentation), and sports or surveillance analytics. Its
pivotal role across domains underscores the need for efficient semi-supervised and low-shot

VOS approaches.

4.2 Motivation

Video object segmentation (VOS) aims to segment a target object throughout a video given its

annotation in the reference (typically the first) frame (Oh et al., 2019; Yang et al., 2020; Seong
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FIGURE 4.1. Previous works on video object segmentation rely on densely
annotated videos, while we only require one or two labeled frames per video.

et al., 2021; Fan et al., 2023). State-of-the-art VOS models (Oh et al., 2019; Yang et al., 2020;
Seong et al., 2021; Cheng et al., 2021c; Xie et al., 2021; Li et al., 2022c; Cheng and Schwing,
2022) are commonly trained on densely annotated datasets such as DAVIS (Perazzi et al.,
2016; Pont-Tuset et al., 2017) and YouTube-VOS (Xu et al., 2018), where each video provides
tens or even hundreds of pixel-level masks. However, such dense annotations are extremely
labor-intensive and expensive to acquire. For instance, the DAVIS benchmark contains 60
videos with an average of 70 labeled frames per video, while YouTube-VOS labels every
fifth frame solely to reduce annotation cost. These constraints highlight the importance of
developing data-efficient VOS models that can operate effectively with significantly fewer

labeled frames.

Practicality of Low-Shot VOS. In this work, we explore whether strong VOS models can
be trained with only one or two annotated frames per training video (Figure 4.1). We refer

to this setting as NV-shot VOS, where N denotes the number of annotated frames per video.
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FIGURE 4.2. Comparison under 2-shot setting. The naive 2-shot STCN
exhibits only a modest performance drop compared to its full-set counterpart
(e.g., —2.1% on YouTube-VOS 2019), indicating that low-shot VOS is more
feasible than previously believed. Our approach enables 2-shot STCN to
achieve performance nearly identical to a fully supervised model.

Using STCN (Cheng et al., 2021c) as a baseline, we first train a naive 2-shot model on
YouTube-VOS and DAVIS. Surprisingly, as shown in Figure 4.2, the naive 2-shot STCN
exhibits only a modest performance drop compared to its full-set counterpart (e.g., —2.1% on

YouTube-VOS 2019), indicating that low-shot VOS is more feasible than previously believed.

Two-Shot VOS via Semi-Supervised Learning. Despite the encouraging results, existing
2-shot training does not fully exploit the abundant unlabeled frames available in each video.
Semi-supervised learning, which leverages a small amount of labeled data together with
numerous unlabeled samples, has proven effective across image classification (Sohn et al.,
2020a; Berthelot et al., 2019b), object detection (Sohn et al., 2020b; Xu et al., 2021), and
semantic segmentation (Hu et al., 2021a; Ke et al., 2020). Inspired by this paradigm, we
propose to enhance low-shot VOS by generating reliable pseudo labels for unlabeled frames

and jointly optimizing the model on labeled and pseudo-labeled data (Figure 4.1).
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To illustrate our design, we again consider STCN. During training, each STCN iteration
samples a triplet of frames in which supervision is applied only to the last two frames, as
the first frame serves as the reference. This suggests a natural strategy: use the ground-truth
first frame to avoid early error accumulation, while allowing the last two frames to be either
labeled frames or unlabeled frames with high-quality pseudo labels. This constitutes our

phase-1 training, which already improves upon naive 2-shot training.

To fully exploit unlabeled data, we remove the restriction that the starting frame must be
labeled. Using the phase-1 model, we generate pseudo labels for all unlabeled frames and
store them in a pseudo-label bank via an intermediate inference step. We then retrain the VOS
model (phase-2) on a mixture of ground-truth labels and pseudo labels, updating the pseudo-
label bank as predictions become more accurate. As shown in Figure 4.2, this approach
enables 2-shot STCN to achieve performance nearly identical to a fully supervised model
(e.g., 85.2% vs. 85.1% on DAVIS 2017, 82.7% vs. 82.7% on YouTube-VOS 2019), while
using only 7.3% and 2.9% of the labeled data.

One-Shot VOS. The strong results in the 2-shot setting naturally raise the question: Can we
train an effective VOS model with only a single annotated frame per video? However, naively
reducing labeled frames harms the model’s generalization ability and degrades pseudo labels.
To address this, we incorporate SAM (Kirillov et al., 2023c) during intermediate inference as
a complementary universal segmentation model capable of producing per-frame masks from
box or point prompts. We employ lightweight fine-tuning and point-prompt augmentation to
mitigate domain shift, and introduce a mask assessment module to select the better prediction
between SAM and the one-shot VOS model for each frame. This collaboration significantly
improves pseudo-label quality, enabling strong one-shot VOS performance (Figure 4.3) while

keeping inference cost unchanged, as SAM is not used during inference.

Our main contributions are threefold:

e We present the first systematic study demonstrating the feasibility of low-shot video

object segmentation.
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FIGURE 4.3. Comparison under 1-shot setting. Our approach enables strong
one-shot VOS performance while keeping inference cost unchanged.

e We propose a simple yet effective semi-supervised training paradigm that unlocks the
potential of unlabeled frames and is compatible with various VOS models, including
STCN (Cheng et al., 2021c), RDE-VOS (Li et al., 2022c), and XMem (Cheng and
Schwing, 2022).

e Despite using only a small portion of labeled data (e.g., 7.3% for YouTube-VOS and
2.9% for DAVIS in the two-shot setting; 3.7% and 1.4% in the one-shot setting), our
method achieves performance on par with fully supervised models, as depicted in

Figures 4.2 and 4.3.

4.3 Methodology

We begin by revisiting the fundamentals of VOS in Section 4.3.1. Section 4.3.2 then form-

alizes the low-shot VOS problem and presents an overview of our approach. The training
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FIGURE 4.4. Overview of our methodology. During phase-1 training (top),
we optimize a VOS model (i.e. STCN) which takes a triplet of frames as
input on a low-shot VOS dataset in a semi-supervised manner. We constrain
the reference (first) frame to be a labeled frame to ease the learning. The
remaining frames can be either labeled or unlabeled. Then we perform an
intermediate inference (middle) to generate pseudo labels for unlabeled frames
by the VOS model trained in phase-1, and construct a pseudo-label bank to
store the pseudo labels in addition to the ground-truth. During phase-2 training
(bottom), we re-train a VOS model, which could be most models, on the
combination of labeled and pseudo-labeled data without any restrictions on
the first frame. The pseudo-label bank is dynamically updated once more
reliable pseudo labels are identified during phase-2 training. Note that the
SAM segmentation module along with the mask quality assessment module
are specifically designed for the one-shot VOS training.

procedures for two-shot and one-shot VOS models are detailed in Section 4.3.3 and Sec-
tion 4.3.4, respectively. Finally, Section 4.3.5 demonstrates that our training paradigm is

broadly applicable to a wide range of VOS architectures.
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4.3.1 Preliminary

Conventional VOS methods are trained on densely annotated videos, where the ground-truth
mask of the first frame is used to supervise the segmentation of all subsequent frames. The
standard training objective is therefore to maximize the accuracy of mask predictions from
the second frame onward. For example, STM (Oh et al., 2019) and STCN (Cheng et al.,
2021c) process triplets of frames during training, while RDE-VOS (Li et al., 2022c) and
XMem (Cheng and Schwing, 2022) extend this paradigm by modeling longer temporal

contexts using 5-frame and 8-frame sequences, respectively.

In our setting, only one or two labeled frames are available for each training video. Without
loss of generality, we use STCN (Cheng et al., 2021c) to illustrate our low-shot training
strategy, though the same paradigm can be applied to any VOS model as discussed in
Section 4.3.5. For a given training video, STCN samples a triplet of frames and predicts the
mask of the second frame using the ground-truth annotation of the first frame. It then predicts
the mask of the third frame using both the first-frame ground truth and the predicted mask
of the second frame. A standard segmentation loss is applied to supervise each of these two

predictions.

4.3.2 Overview

Problem formulation. Given a VOS dataset D, each training videoV = [V'y,..., V| € D
consists of 7" frames (7' > 2) with corresponding ground-truth masks Y = [Y1,..., Y 7].
For the one-shot and two-shot settings, we randomly select one or two frames as labeled data,
respectively, while treating all remaining frames as unlabeled. Our goal is to train a VOS
model that effectively leverages both the limited labeled frames and the abundant unlabeled

frames during learning.

Overview. Figure 4.4 provides an overview of our low-shot VOS framework. We begin with
phase-1 training, where a VOS model is trained in a semi-supervised fashion while enforcing

that the reference frame is always labeled. Next, we conduct an intermediate inference step:
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the phase-1 model is used to generate pseudo labels for all unlabeled frames, and these pseudo

labels are stored in a pseudo-label bank for efficient access.

In phase-2 training, we retrain the VOS model using both labeled and pseudo-labeled frames,
without imposing any constraints on which frame serves as the reference. The pseudo-label

bank is continually updated as more accurate pseudo labels are produced during training.

For the one-shot setting, we additionally incorporate a SAM-based segmentation module and
a mask quality assessment module to enhance pseudo-label quality. The designs of these

modules are detailed in Section 4.3.4.

4.3.3 Two-Shot VOS Training

Phase-1 training. We adopt STCN (Cheng et al., 2021c) as our base architecture, which
processes a triplet of frames as input. However, in the two-shot setting, each training video
contains only two labeled frames, insufficient for forming a supervised triplet. To address
this, we employ a semi-supervised training strategy that augments the labeled frames with

pseudo-labeled frames, enabling valid triplet construction.

Since STCN requires the annotated reference (first) frame to segment the target object in
subsequent frames, we always sample a labeled frame as the reference during phase-1 training
to mitigate early-stage error propagation. The remaining two frames in the triplet can be either
labeled or unlabeled. In practice, we assign a 50% probability that both frames are unlabeled,
and a 50% probability that one is labeled and one is unlabeled. All frames are drawn from the

same training video, with unlabeled frames randomly sampled in each iteration.

Training in the two-shot setting closely mirrors full-set training, except that each triplet
now consists of a mixture of ground-truth—labeled frames and pseudo-labeled frames. For
a sampled triplet in which the last two frames contain N; labeled frames and N, unlabeled

frames (N = 1, N = 1 or N; = 0, Ny, = 2), the total loss is defined as:

L="Ls+Ly.
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Supervised Loss. The supervised loss L is a standard pixel-wise segmentation loss applied

to the labeled frames:

Ny H

w
Ls = g Do D0 Y MY, P @)

n=1 i=1 j=1

where H and W denote the spatial resolution, H(+, -) is the cross-entropy loss, Pff’j ) is the

predicted probability at pixel (i, 7), and Yff’j ) is the corresponding ground-truth label.

Unsupervised Loss. The unsupervised loss Ly applies the same segmentation loss to
unlabeled frames using filtered pseudo labels:

Ny H

w
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where 1, is an indicator function filtering out predictions whose maximum confidence is
below a threshold 7, and Y: D argmaX(Pff’j )) denotes the corresponding one-hot pseudo

label. We set 7y = 0.9 by default to ensure pseudo-label reliability.

As training progresses, an increasing number of high-quality pseudo labels are produced,
allowing the model to gradually absorb meaningful information from unlabeled frames and

improve its segmentation performance.

Discussion on phase-1 training. In phase-1 training, we restrict the reference (first) frame to
be a labeled frame, as the quality of subsequent predictions heavily depends on the accuracy
of the reference mask. Using an unlabeled frame with a pseudo label as the reference at this

stage would amplify error propagation during early training.

To fully leverage the unlabeled data, we introduce phase-2 training, which removes this
constraint and allows the reference frame to be either labeled or pseudo-labeled. The key
idea is to first use the reasonably strong VOS model obtained from phase-1 to generate
pseudo labels for all unlabeled frames. These pseudo-labeled frames are then organized into a
pseudo-label bank, enabling efficient retrieval when constructing training triplets in which the

reference frame may be a pseudo-labeled one.
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FIGURE 4.5. Illustration of bidirectional inference. Two reference frames are
denoted by blue rectangles. A pre-trained VOS model infers unlabeled frames
from the inference frame to the end frame and, in a reverse manner, from the
inference frame to the beginning frame. We pick the prediction inferred by the
labeled frame that is closest to the unlabeled frame.

Intermediate inference and pseudo-label bank. Before commencing phase-2 training, we
conduct an intermediate inference step. Since VOS inference requires the annotation of a
reference (first) frame, a challenge arises in the two-shot setting where only two labeled
frames are available. To generate reliable pseudo labels for all unlabeled frames, we adopt a
bidirectional inference strategy inspired by (Lee et al., 2022; Miao et al., 2021), as illustrated

in Figure 4.5.

Concretely, for each of the two labeled frames, the phase-1 VOS model uses that frame as the
reference to propagate predictions forward, from the reference frame to the end of the video,
and backward, from the reference frame to the beginning. Consequently, each unlabeled frame
obtains two predicted masks, one from each labeled reference frame. For every unlabeled
frame, we select the prediction generated by the labeled frame that is temporally closest to it.
All resulting pseudo labels are then stored in a pseudo-label bank for efficient access during

phase-2 training.

Phase-2 training. The training procedure in phase-2 mirrors that of phase-1, with the key
difference that the reference (first) frame is no longer restricted to labeled frames; it may
instead be an unlabeled frame equipped with a pseudo label retrieved from the pseudo-label

bank.
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Pseudo-label bank update. As training progresses, the model’s predictions gradually im-
prove, yielding increasingly reliable pseudo labels. To further enhance phase-2 training, we
dynamically update the pseudo-label bank throughout the process. Specifically, at each itera-
tion, given the prediction P for an unlabeled frame, let P (29) denote the predicted probability
vector at pixel (7, j). Whenever a pixel satisfies max <P(i’j )> > 79, Where 7 is a predefined

confidence threshold, we update its pseudo label in the pseudo-label bank using

~_(4,7)

Y 7 =argmax <P(i’j)> :

We set 75 = 0.99 by default to ensure that only highly confident predictions are used for bank

updates.

4.3.4 One-Shot VOS Training

Intermediate inference of one-shot VOS training. Recall that two-shot VOS training
consists of three stages: phase-1 training, intermediate inference, and phase-2 training. To
effectively tackle the more challenging one-shot setting, we incorporate SAM (Kirillov et al.,
2023c) into the intermediate inference stage. In particular, we introduce: (1) a lightweight
SAM fine-tuning scheme with a point-prompt augmentation strategy tailored to VOS, and
(2) a mask assessment module that selects the higher-quality mask between the one-shot
VOS model and the fine-tuned SAM model. The collaboration between these two models
substantially improves pseudo-label quality, as illustrated in Figure 4.6. Both phase-1 and
phase-2 training follow the same procedures as in the two-shot setting, with the only difference

being that each training video contains a single labeled frame in the one-shot scenario.

SAM fine-tuning, point sampling, and point-prompt augmentation. The SAM model (Kir-
illov et al., 2023c) has ushered in a new era of image segmentation. It can segment foreground
objects given a point prompt, which consists of a set of reference points located inside the
target object. More accurate point prompts generally yield higher-quality masks. In our
framework, the initial point prompt for each unlabeled frame is extracted from the mask
predicted by the phase-1 VOS model (see Figure 4.6). However, these predicted masks may

contain noise, causing the extracted reference points to deviate from the actual ground-truth
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FIGURE 4.6. Overview of the intermediate inference stage of the one-shot
VOS training. We fine-tune a SAM model with a point-prompt augmentation
strategy. A mask quality assessment module is proposed to select the best
mask for each frame. This selection is made from the predictions of the phase-
1 model, the output of the fine-tuned SAM model, and the combined mask
derived from both the phase-1 and SAM models. See Figure 4.7 for SAM
fine-tuning and Figure 4.8 for mask quality assessment.

object. To address this challenge and to better adapt SAM to the one-shot VOS scenario,

where only a single labeled frame is available per training video, we propose a lightweight
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FIGURE 4.7. Illustration of the SAM fine-tuning. Given a labeled frame
from our one-shot VOS dataset, we perform a point sampling to yield the
corresponding point prompt, which is essentially a set of reference points.
Subsequently, each of these reference points undergoes a point perturbation
process to enhance the variety of the point prompts. Only the mask decoder
and the point-prompt encoder of the SAM model are fine-tuned. Notably, the
perturbation point could either be within the foreground area (®) or outside
(@) 1it.

fine-tuning strategy coupled with a point-prompt augmentation mechanism, as illustrated in

Figure 4.7.

Given a labeled frame, we first compute the bounding rectangle of the ground-truth mask

and uniformly divide it into grids of sizes {D x D}},_,. For each grid, we perform point



64 4 VIDEO PERCEPTION UNDER EXTREMELY SPARSE ANNOTATIONS

sampling: within each cell, we collect all foreground pixels, sort them by their z-coordinate
and then their y-coordinate, and select the median pixel as the reference point. Cells without
foreground pixels do not contribute reference points. Among all candidate grids, we select
the one whose number of reference points is closest to M (default M = 16), ensuring that the
foreground object is represented by approximately M reference points. For simplicity, we

continue to denote the actual number of selected points by M.

Using the extracted reference points directly as SAM point prompts is the most straightforward
approach for fine-tuning. During pseudo-label refinement, however, the initial point prompts
derived from noisy phase-1 predictions may be inaccurate. To mitigate this issue, we introduce
point-prompt augmentation, which applies small perturbations (“jitters”) to each reference
point. Let {(z;, )}, be the original point prompt. For each reference point (z;,y;), we

generate a perturbed point (Z;, y;) via:

Ti=x;,+D-L, 4.3)

Yi=vy; +D- L, 4.4)

where D € {—1,0,1} specifies the perturbation direction and L € [0, 20] controls the

perturbation magnitude.

Given the augmented point prompt {(Z;, %;) }}2, and the raw image, we fine-tune SAM using
the supervised loss in Eq. 4.1 together with the Dice loss (Milletari et al., 2016). Following
prior work, we fine-tune only the mask decoder and the point-prompt encoder, as shown
in Figure 4.7. The resulting fine-tuned SAM model provides improved pseudo masks for

unlabeled frames during intermediate inference.

Mask quality assessment. As illustrated in Figure 4.6, we employ a mask quality assessment
module, trained with a rank loss, to select the optimal pseudo mask for each unlabeled frame.
The module evaluates three candidate masks: (1) the prediction from the phase-1 VOS model,
denoted by Y; (2) the prediction from the fine-tuned SAM model, denoted by Y 5; and (3)

the mask union Y/, obtained by merging Y and Y.
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FIGURE 4.8. Illustration of the training process of the mask quality assess-
ment module. The module is trained on our one-shot dataset. We use margin
ranking loss as the objective function.

The mask quality assessment module is trained using all labeled frames from the one-shot
benchmark, as illustrated in Figure 4.8. Given a labeled frame V', with its ground-truth mask
Y, we compute the Intersection over Union (IoU) between Y and each candidate mask in
{Y, Y s, Y ¢ }. Based on these ToU scores, we derive a rank R indicating the relative quality

among the three candidate masks.

To obtain Y, we randomly select one of the three preceding unlabeled frames and use its
pseudo label as the reference (first) frame. This frame is processed by the phase-1 VOS
model, producing the prediction Y. To generate Y g, we directly feed V', and an initial point
prompt into the fine-tuned SAM model. The point prompt is constructed from Y using the
reference-point sampling strategy shown in Figure 4.7. The union mask Y ;s is then obtained

by combining Y and Y.

The assessment module is derived from the SAM architecture. It consists of the SAM image
encoder, the SAM point-prompt encoder, the first part of the SAM mask decoder up to the
image-to-token-attention (I2TA) layer (Kirillov et al., 2023c), and an additional two-layer
MLP followed by a sigmoid activation. The SAM-related components are initialized from

our fine-tuned SAM model, while only the newly added MLP is trained.

As shown in Figure 4.8, the labeled frame V', the three candidate masks {f’, Ys, Yy}, and
the ground-truth rank R are fed into the module. The final MLP produces quality scores
{3, sg, sy} corresponding to {Y", Y, Y ;}. We optimize the module using a margin ranking

loss (MRL) to encourage consistency with the ground-truth ranking:

£ = MRL(3, ss) + MRL(3, sy) + MRL(ss, sp), 4.5)
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where MRL is defined as
MRL(4, j) = max (0, = (i — j) + 5) (4.6)

and €; ;) = 1if 4 > j and —1 otherwise. The margin hyper-parameter is set to 3 = 0.005 by
default.

4.3.5 Generalization Capability

Our low-shot training paradigm can be seamlessly integrated with a wide range of VOS
models, regardless of their architectural designs or input requirements. To maintain generality,
we employ the phase-1 STCN model to construct a pseudo-label bank, after which any
VOS model can apply the unified phase-2 training strategy to support low-shot learning.
To empirically validate the generalization ability of our approach, we adopt it not only for
STCN (Cheng et al., 2021c¢) but also for RDE-VOS (Li et al., 2022c) and XMem (Cheng and

Schwing, 2022), demonstrating consistent improvements across models.

4.4 Experiment

4.4.1 Experimental Setup

We conduct experiments on six widely used VOS benchmarks: DAVIS 2016/2017 (Perazzi
et al., 2016; Pont-Tuset et al., 2017), YouTube-VOS 2018/2019 (Xu et al., 2018), LVOS (Hong
et al., 2023), and VOST (Tokmakov et al., 2023).

DAVIS 2016/2017. DAVIS 2017 extends DAVIS 2016 to the multi-object setting. It contains

60 training videos with 138 annotated objects and 30 validation videos with 59 objects.

YouTube-VOS 2018/2019. YouTube-VOS is a large-scale multi-object benchmark consisting
of 3,471 videos from 65 categories in the training set. Annotations are provided every five

frames. The 2018 and 2019 validation splits consist of 474 and 507 videos, respectively.
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LVOS. LVOS is a long-term video segmentation dataset comprising 220 videos with a total
duration of 421 minutes (averaging 1.59 minutes and 574 frames per video at 6 FPS). It
spans 27 categories and is divided into 120 training videos, 50 validation videos, and 50
testing videos. We follow two evaluation protocols: (1) Without fine-tuning, where models
are trained on YouTube-VOS 2019 and DAVIS 2017 and directly evaluated on LVOS; and
(2) With fine-tuning, where models are further fine-tuned on the LVOS training set prior to

evaluation.

VOST. VOST focuses on object transformations where appearance-based cues are unreliable,
requiring strong spatio-temporal modeling. It contains 713 clips covering 51 transformation
types and 155 object categories, with over 175,000 annotated masks and an average video
duration of 21.2 seconds. The dataset is split into 572 training videos, 70 validation videos,

and 71 testing videos. We follow the official evaluation protocol.

Low-Shot Settings. In the rwo-shot setting, we randomly sample two labeled frames per
video, treating all remaining frames as unlabeled. Relative to full supervision, this corresponds
to using only 7.3% of labeled data on YouTube-VOS, 2.9% on DAVIS, 0.37% on LVOS, and
1.91% on VOST.

In the more challenging one-shot setting, we sample only one labeled frame per video. This
further reduces the proportion of labeled data to 3.7% (YouTube-VOS), 1.4% (DAVIS), 0.18%
(LVOS), and 0.95% (VOST).

Evaluation Metrics. Following common practice (Oh et al., 2019; Cheng et al., 2021c; Cheng
and Schwing, 2022), for the DAVIS benchmarks, we report region similarity 7, contour
accuracy F, and their mean J&F. For the YouTube-VOS datasets, we evaluate 7 and F
on both seen and unseen categories, as well as their averaged score G. For LVOS, we report
J&F, along with J and F individually. For VOST, we provide J; and J following the

official protocol.

Implementation Details. Our method is implemented in PyTorch (Paszke et al., 2017).
Pretraining on static image datasets is a common practice in video object segmentation.

Following prior works (Cheng et al., 2021c; Cheng and Schwing, 2022; Oh et al., 2019;
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Yang et al., 2021d), we first pre-train the STCN (Cheng et al., 2021¢) model on static image
datasets (Wang et al., 2017; Shi et al., 2015; Zeng et al., 2019) with synthetic augmentations
before phase-1 training. For consistency and fairness, all models considered in this study,
including STCN (Cheng et al., 2021c), XMem (Cheng and Schwing, 2022), and RDE-VOS (Li
et al., 2022c¢), are pretrained on the same static image datasets for the one-shot, two-shot, and

full-set settings.

During training, the parameter K for random frame skipping is gradually increased from 5 to
25 using a curriculum strategy. We set the confidence thresholds to 7, = 0.9 and 7, = 0.99.
Our low-shot VOS paradigm is model-agnostic and can be applied to any architecture in
the phase-2 training stage. We validate this generality using STCN (Cheng et al., 2021c),
RDE-VOS (Li et al., 2022c¢), and XMem (Cheng and Schwing, 2022).

For SAM, we adopt the default ViT-H model with the multimask_out putl parameter set
to False. We fine-tune the SAM model for 200 epochs using the Adam optimizer with an

initial learning rate of 0.001.

The mask quality assessment module is trained for 200 epochs with an Adam optimizer and a

cosine annealing learning rate schedule, starting from 0.001 and decaying to 0.0001.

4.4.2 Main Results

Results on YouTube-VOS and DAVIS. We evaluate our low-shot training paradigm on
STCN (Cheng et al., 2021c), RDE-VOS (Li et al., 2022c), and XMem (Cheng and Schwing,
2022), and compare the results against: (1) their fully supervised counterparts trained on the
full datasets; (2) naive low-shot versions trained without using unlabeled data (i.e., repeatedly
sampling the few labeled frames to meet the model’s input requirements); and (3) other strong
fully supervised models. The validation results on YouTube-VOS and DAVIS are reported in
Tables 4.1 and 4.2.

"The multimask_output option addresses ambiguity in single-point prompts by producing three
candidate masks representing whole, part, and subpart regions of the object. Since our approach uses multiple

point prompts, this ambiguity is significantly reduced. We therefore set multimask_output to “False” to
obtain a single mask prediction.
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Labeled YouTube-VOS 2018 YouTube-VOS 2019

Method
data G Js Fs Ju Fu g Is Fs Ju Fu

STM (Oh et al., 2019) 100%  79.4 79.7 84.2 72.8 80.9 - - - -
MiVOS (Cheng et al., 2021b) 100%  80.4 80.0 84.6 74.8 82.4 80.3 79.3 83.7 75.3 82.8
CFBI (Yang et al., 2020) 100% 81.4 81.1 85.8 75.3 83.4 81.0 80.6 85.1 75.2 83.0
RDE-VOS (Li et al., 2022¢) 100% - - - - - 81.9 81.1 85.5 76.2 84.8
HMMN (Seong et al., 2021) 100%  82.6 82.1 87.0 76.8 84.6 82.5 81.7 86.1 71.3 85.0
JOINT (Mao et al., 2021) 100%  83.1 81.5 85.9 78.7 86.5 82.7 81.1 85.4 78.2 85.9
STCN (Cheng et al., 2021c) 100%  83.0 81.9 86.5 77.9 85.7 82.7 81.1 85.4 78.2 85.9
R50-AOT-L (Yang et al., 2021d) 100%  84.1 83.7 88.5 78.1 86.1 84.1 83.5 88.1 78.4 86.3
XMem (Cheng and Schwing, 2022) 100%  85.7 84.6 89.3 80.2 88.7 85.5 84.3 88.6 80.3 88.6
STCN* (Cheng et al., 2021c) 100%  83.0 82.0 86.5 77.8 85.8 82.7 81.2 85.4 78.2 86.0
2-shot STCN* (Cheng et al., 2021¢) 7.3% 80.8 79.5 83.9 75.9 84.0 80.6 79.5 83.8 75.6 83.4
2-shot STCN w/ Ours 7.3%  82.9.51 81.6.5 86.3.54 77.7.15 86.0:00 82.7.51 80.9:1,4 85.1.13 783,57 86.6,3
1-shot STCN* (Cheng et al., 2021¢) 3. 7% 729 71.7 74.4 68.7 76.9 72.9 71.3 73.6 69.5 71.3
1-shot STCN w/ Ours 37% 819,90 81.0403 85.7,113762,75 847,75 81.8.59 804,91 847111768, 75 849 -5
RDE-VOS* (Li et al., 2022c) 100% - - - - - 82.1 81.3 85.7 76.2 85.0
2-shot RDE-VOS* (Li et al., 2022c) 73% - - - - - 78.4 772 81.3 73.4 81.7
2-shot RDE-VOS w/ Ours 73% - - - - - 82.1:37 804,35 84.8,55 773,59 858,41
1-shot RDE-VOS* (Li et al., 2022c) 3. 7% - - - - - 72.6 70.9 74.5 68.6 76.6
1-shot RDE-VOS w/ Ours 3.7% - - - - - 814,55 79.6,57 83.8,95 772,55 857 94
XMem* (Cheng and Schwing, 2022) 100% 85.5 84.4 89.1 80.0 88.3 85.3 84.0 88.2 80.4 88.4
2-shot XMem* (Cheng and Schwing, 2022) 7.3%  79.2 71.5 81.9 74.5 82.9 79.1 77.6 81.5 74.5 82.7
2-shot XMem w/ Ours 73% 84.8.56 83.6.61 885,66 79.2.47 87.7,. 45 845,54 83.5,59 88.0.65 79.1,46 87.3,45
1-shot XMem* (Cheng and Schwing, 2022)  3.7%  70.7 69.4 72.5 65.7 75.3 70.2 67.7 69.6 67.5 75.9
1-shot XMem w/ Ours 37%  83.6.12982.6,13987.114677.9112286.6,11383.5,13383.0,15387.5,17977.6:10185.9 100

TABLE 4.1. Comparison of various methods on YouTube-VOS 2018 and 2019
validation sets. The subscripts S and U denote seen and unseen categories
respectively. The symbol * indicates results that are reproduced using open-
source code. With only 7.3% of labeled data (equivalent to 2 labeled frames for
each training video) from the YouTube-VOS benchmark, our method performs
on par with its counterpart that is trained on the entire dataset. When utilizing
just 3.7% labeled data (or 1 labeled frame per training video), VOS models
that incorporate our training methodology significantly surpass their 1-shot
counterparts by a substantial margin.

Three observations emerge: (1) Even with only two labeled frames per video, naive 2-shot
models already perform competitively. For example, the 2-shot STCN reaches 80.8% on
YouTube-VOS 2018, only —2.2% below the full-set model (83.0%). (2) In the 2-shot setting,
using merely 7.3% (YouTube-VOS) and 2.9% (DAVIS) of the labeled data, our method yields
performance very close to the full-set models while markedly outperforming naive low-shot
variants. For instance, 2-shot STCN with our approach achieves 85.1% / 82.7% on DAVIS
2017 / YouTube-VOS 2019, improving over the naive 2-shot STCN by +4.1% / +2.1%, and
falling only —0.1% / —0.0% short of the full-set STCN. (3) In the more challenging 1-shot
scenario (3.7% and 1.4% labeled data on YouTube-VOS and DAVIS), our training strategy

leads to substantial improvements over naive 1-shot models. For example, naive 1-shot XMem
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Method Labeled DAVIS 2016 DAVIS 2017

data  J&F T F J&F T F
STM (Oh et al., 2019) 100%  89.3 88.7 89.9 81.8 78.2 84.3
CFBI (Yang et al., 2020) 100% 89.4 88.3 90.5 81.9 79.1 84.6
JOINT (Mao et al., 2021) 100% - - - 83.5 80.8 86.2
RDE-VOS (Li et al., 2022c¢) 100% 91.1 89.7 92.5 84.2 80.8 87.5
MiVOS (Cheng et al., 2021b) 100% 91.0 89.6 92.4 84.5 81.7 87.4
HMMN (Seong et al., 2021) 100%  90.8 89.6 92.0 84.7 81.9 87.5
R50-AOT-L (Yang et al., 2021d) 100% 91.1 90.1 92.1 84.9 82.3 87.5
STCN (Cheng et al., 2021c¢) 100% 91.6 90.8 92.5 854 82.2 88.6
XMem (Cheng and Schwing, 2022) 100% 91.5 90.4 92.7 86.2 82.9 89.5
STCN* (Cheng et al., 2021c¢) 100%  91.5 90.7 92.3 85.2 81.9 88.5
2-shot STCN* (Cheng et al., 2021c¢) 29% 879 87.1 88.7 81.0 77.7 84.3
2-shot STCN w/ Ours 2-9% 91.3+3.1 90-6+3,5 92.04,3'3 85. 1+,1.1 81.74,,1.[] 88.44,,1.1
1-shot STCN* (Cheng et al., 2021c) 14% 76.6 76.3 77.0 68.0 65.4 70.6
1-shot STCN w/ Ours 1.4% 90.7+14.1 89.9+1;;A(5 91.5+14‘5 83.9+15_g 808+134 86.9+1(5‘;;
RDE-VOS* (Li et al., 2022c) 100% 91.0 89.5 92.4 84.2 80.7 87.7
2-shot RDE-VOS* (Li et al., 2022c) 29% 876 86.6 88.8 79.4 75.6 83.1
2-shot RDE-VOS w/ Ours 29% 90.8.35 90.0,54 92.0.35 839,45 804,45 873 42
1-shot RDE-VOS* (Li et al., 2022c) 14% 78.7 77.7 78.6 68.9 65.2 72.6
1-shot RDE-VOS w/ Ours 1.4% 89.7+11_U 88.5+]g_8 9].0+12_4 82.8+13_9 79.7+14_5 85.9+];;.3
XMem* (Cheng and Schwing, 2022) 100% 91.3 90.3 92.4 86.2 82.8 89.7
2-shot XMem* (Cheng and Schwing, 2022) 2.9%  88.1 87.1 89.0 81.7 78.2 85.1
2-shot XMem w/ Ours 2.9%) 91 .3+;;.2 90~3+2L2 92.3+3.3 85.6+;;_g 82.1+3Ag) 89.1+4‘()
1-shot XMem* (Cheng and Schwing, 2022) 14% 75.8 75.4 76.2 66.7 63.3 70.2
1-shot XMem w/ Ours 1-4% 90.5+14_7 89.7+14_3 91.4+15_2 84.1+17_4 80.8+17_5 87.4+]7_2

TABLE 4.2. Comparison of various methods on DAVIS 2016 and 2017 valida-

tion sets. The symbol * indicates results that are reproduced using open-source

code.

scores only 70.2% on YouTube-VOS 2019 and 66.7% on DAVIS 2018, whereas our method

boosts these results to 83.5% and 84.1%, respectively.

Results on LVOS. We train STCN, RDE-VOS, and XMem using our 2-shot and 1-shot

methods under both LVOS evaluation protocols and compare them with their full-set versions

in Table 4.3. Key findings include: (1) Under the without fine-tuning setting, our 2-shot
models generalize well to LVOS, with only modest drops of —0.8, —0.9, and —1.2 in J&F
for STCN, RDE-VOS, and XMem, respectively. (2) Under the with fine-tuning setting, 2-

shot models remain close to the full-set models, declining by only —2.0, —0.7, and —1.8 in

J & F while using just 0.37% of the labeled data. (3) Across all settings (one-shot/two-shot,
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Method Labeled Without fine-tuning With fine-tuning
data  J&F T F J&F T F

CFBI (Yang et al., 2020) 100%  50.0 45.0 55.1 51.5 46.2 56.7
LWL (Bhat et al., 2020) 100% 54.1 49.6 58.6 56.4 51.8 60.9
AOT-B (Yang et al., 2021d) 100% 56.9 51.8 61.9 589 53.5 64.2
AOT-L (Yang et al., 2021d) 100% 594 53.6 65.2 60.9 55.1 66.8
AFN-URR (Liang et al., 2020) 100% 34.8 313 38.2 36.2 33.1 39.3
STCN (Cheng et al., 2021c) 100% 45.8 41.1 50.5 48.9 43.9 54.0
RDE-VOS (Li et al., 2022c¢) 100% 52.9 47.7 58.1 53.7 48.3 59.2
XMem (Cheng and Schwing, 2022) 100%  50.0 45.5 54.4 529 48.1 57.7
STCN* (Cheng et al., 2021c) 100% 45.8 41.2 50.3 48.8 43.8 53.8
2-shot STCN* (Cheng et al., 2021c) 0.37% 32.6 28.7 36.4 35.1 31.9 383
2-shot STCN w/ Ours 0.37% 45.04,12',1 39.64,1(].9 50.44,1,1.() 46.84,11'7 41.9+1(]4[] 51.64,13.3
1-shot STCN* (Cheng et al., 2021c) 0.18% 243 21.8 26.8 26.9 245 29.2
1-shot STCN w/ Ours 0.18% 43.3+19.(] 382+1@4 48.5+21‘7 44.6+17.7 40.6+1ﬁ.1 48.6+1g)‘4
RDE-VOS* (Li et al., 2022c) 100%  53.0 47.6 58.4 535 49.3 51.3
2-shot RDE-VOS* (Li et al., 2022c¢) 0.37% 31.3 27.5 35.0 34.0 30.2 37.7
2-shot RDE-VOS w/ Ours 0-37% 52-1+20.8 48.14,2(].(5 56.1+21.1 52-8+18.8 48-4+18.2 57.1+1g)',1
1-shot RDE-VOS* (Li et al., 2022c) 0.18% 23.5 19.1 279 26.2 21.2 31.2
1-shot RDE-VOS w/ Ours 0.18% 50.7+27.2 455+264 55.8+27‘9 5].3+25_1 47.1+25Ag) 556+244
XMem* (Cheng and Schwing, 2022) 100%  50.1 45.9 54.3 52.8 48.5 57.2
2-shot XMem* (Cheng and Schwing, 2022)  0.37% 32.1 27.0 37.2 33.7 28.9 38.6
2-shot XMem w/ Ours 0.37% 48.9+1()'_8 43'6+16A(5 54.3+17‘1 51.0+17.;; 46.5+17A(5 55~4+16,8
1-shot XMem* (Cheng and Schwing, 2022) 0.18% 21.8 17.0 26.5 23.1 20.5 25.6
1-shot XMem w/ Ours 0.18% 47.3+25_5 42.7+25_7 5].8+25_f5 48.2+25_1 43.7+2;;_2 52.7+27_1

TABLE 4.3. Comparison of various methods on the LVOS validation set.
The evaluation is performed under two settings: (1) “Without fine-tuning”,
where models are trained on a combination of YouTube-VOS 2019 and DVIS
2017, and then evaluated directly on LVOS; and (2) “With fine-tuning”, where
models are initially trained on YouTube-VOS 2019 and DVIS 2017, followed
by fine-tuning on the LVOS training set before evaluation. The symbol *
indicates results that are reproduced. “Labeled data” indicates the percentage
of labeled frames used in the LVOS fine-tuning setting. It is worth noting that,
in the “without fine-tuning” setting, our model is trained on the two-shot or
one-shot YouTube-VOS 2019+DVIS 2017 datasets, where only two or one
frames per video are annotated.

with/without fine-tuning), our low-shot models consistently and significantly outperform their

counterparts trained without our method.

Results on VOST. We further evaluate 2-shot and 1-shot models on VOST using only 1.91%
and 0.95% of the labeled data, respectively, and compare them with fully trained versions in

Table 4.4. Our 2-shot STCN, RDE-VOS, and XMem models achieve 7, scores of 30.7, 32.6,
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Method Labeled data 7, J
OSMN Match (Yang et al., 2018) 100% 7.0 8.7
OSMN Tune (Yang et al., 2018) 100% 17.6 23.0
CRW (Jabri et al., 2020) 100% 13.9 23.7
CFBI (Yang et al., 2020) 100% 32.0 45.0
CFBI+ (Yang et al., 2021e) 100% 32.6 46.0
AOT (Yang et al., 2021d) 100% 36.4 48.7
XMem (Cheng and Schwing, 2022) 100% 33.8 44.1
HODOR Img (Athar et al., 2022) 100% 13.9 24.2
HODOR Vid (Athar et al., 2022) 100% 25.4 37.1
STCN* (Cheng et al., 2021c¢) 100% 31.6 42.6
2-shot STCN* (Cheng et al., 2021c¢) 1.91% 27.5 39.5
2-shot STCN w/ Ours 1.91% 307,352 420,95
I-shot STCN* (Cheng et al., 2021c¢) 0.95% 15.2 27.2
1-shot STCN w/ Ours 0.95% 29~0+l3.8 41.2+|4,0
RDE-VOS* (Li et al., 2022c) 100% 334 43.2
2-shot RDE-VOS* (Li et al., 2022c) 1.91% 26.0 38.7
2-shot RDE-VOS w/ Ours 1.91% 326,65 42.6.59
1-shot RDE-VOS* (Li et al., 2022c¢) 0.95% 14.0 24.3
1-shot RDE-VOS w/ Ours 0.95% 305, 165 4147,
XMem* (Cheng and Schwing, 2022) 100% 33.9 44.8
2-shot XMem* (Cheng and Schwing, 2022) 1.91% 24.9 38.1
2-shot XMem w/ Ours 1.91% 33.1,50 43.2,51
1-shot XMem* (Cheng and Schwing, 2022) 0.95% 14.1 24.8
1-shot XMem w/ Ours 0.95% 312,971 42.04475

TABLE 4.4. Comparison of various methods on the VOST validation set. The
symbol * indicates results that are reproduced.

and 33.1, which are only —0.9, —0.8, and —0.8 below their fully supervised counterparts,

despite using less than 2% of the labeled data. Furthermore, both our 1-shot and 2-shot

models substantially outperform their naive low-shot baselines across all evaluated metrics.

4.4.3 Ablation Studies for Two-Shot VOS Training

In this section, we systematically verify the effectiveness of our two-shot VOS training method

applying to STCN (Cheng et al., 2021c) on Youtube-VOS 2019.
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YouTube-VOS 2019
g Js Fs Juv Fu

Baseline 80.6 79.5 83.8 75.7 834
+Phase-1  81.6.,9 79.3 83.5 77.7 86.0
+Phase-2  82.7.,; 80.9 85.1 78.3 86.6

Components

TABLE 4.5. Ablation study on the effectiveness of each phase. The naive
2-shot STCN is adopted as the baseline.

Sampling Naive 2-shot Phase-1 Phase-2

Random 80.6 81.6 82.7
A: 0%, B: 100% 80.3 80.8 82.2
A:25%,B: 75% 80.3 81.0 82.3
A:33%, B: 66% 804 81.2 82.4
A:49%,B: 51% 80.1 80.6 82.0

TABLE 4.6. Ablation study on sampling strategies for labeled data. A% and
B% indicate that the two labeled frames are sampled from the first A% and
the last B% portions of each video, respectively.

Effects of each phase. The results are presented in Table 4.5. Starting from a naive 2-shot
STCN baseline achieving 80.6%, phase-1 training increases the score to 81.6%. Building
upon this, phase-2 training further boosts performance to 82.7%, effectively matching the

performance of the fully supervised STCN.

Sampling strategies for labeled data. Suppose the two labeled frames are sampled from the
first A% and the last B% of each video. Table 4.6 reports the results for different combinations
of A and B. We observe that the best performance is achieved when the two labeled frames

are selected at random.

Thresholds of pseudo-labeling. The pseudo-labeling procedures in phase-1 and phase-2
are governed by two hyper-parameters, 7, and 7o, respectively. Figure 4.9 illustrates the
performance curves obtained by varying these thresholds. Higher thresholds yield pseudo

labels of better quality but reduce the number of usable pseudo-labeled samples, and vice
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FIGURE 4.9. Study on hyper-parameters 7; and 7, for phase-1 and phase-2
pseudo-labeling. We adopt a higher threshold in phase-2 training since the
predictions in phase-2 are more accurate than that in phase-1. By default, we
set 7 = 0.9 and ; = 0.99.

versa. Since predictions in phase-2 are generally more reliable, we adopt a higher threshold

in this stage. Empirically, the best performance is achieved with 7; = 0.9 and 7, = 0.99.

Different pseudo labelers. In Table 4.7, we investigate the effect of different pseudo-
labelers used during phase-1 training. We evaluate two variants: (1) using the STCN model
itself as the pseudo-labeler, and (2) using STCN equipped with a Mean Teacher (MT)
framework (Tarvainen and Valpola, 2017). The key idea of the MT approach is to update the
teacher model parameters via an exponential moving average (EMA) of the student model

parameters at each iteration:
0, = ab,_, + (1 — )by,



4.4 EXPERIMENT 75

YouTube-VOS 2019

g Js Fs Juv Fu

- 80.6 79.5 83.8 7577 83.4
STCN 812,06 79.2 835 772 849
MT-STCN  81.6.04 793 83.5 77.7 86.0

Pseudo-labeler

TABLE 4.7. Ablation study of different pseudo-labelers in phase-1. MT-
STCN: the parameters of STCN is updated by a Mean Teacher (Tarvainen and
Valpola, 2017) strategy.

YouTube-VOS 2019
g Js Fs Jv Fu
0.990 81.2 79.4 83.8 769 84.5
0.995 81.6 79.3 83.5 77.7 86.0
0.999 81.3 79.4 83.7 769 852

(67

TABLE 4.8. Study of different coefficient o used in the MT-STCN, where «
denotes the EMA factor.

where ¢ denotes the current iteration, #; and 6, correspond to the MT-STCN and STCN
parameters, respectively, and « is a smoothing coefficient. As shown in Table 4.7, MT-STCN

consistently outperforms the non-MT version.

We further analyze the impact of different o values in Table 4.8 and find that o = 0.995
yields the strongest performance. However, in phase-2 we do not adopt the MT strategy, as it

provides no observable benefit during this stage.

Bidirectional inference. We introduce an intermediate inference stage to construct a pseudo-
label bank, which subsequently enables phase-2 training. Our proposed bidirectional inference
strategy is compared against the commonly used unidirectional inference adopted in many
VOS models. Table 4.9 reports the results. Using bidirectional inference yields a performance
gain of +0.6% over unidirectional inference. This improvement can be attributed to two factors:

(1) certain unlabeled frames fail to obtain pseudo labels under unidirectional inference; and
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Intermediate YouTube-VOS 2019
inference g TJs Fs Tu  Fu

Unidirectional 82.1 80.8 77.3 77.6 85.2
Bidirectional 82.7., 80.9 85.1 78.3 86.6

TABLE 4.9. Comparison between unidirectional inference and bidirectional
inference.

YouTube-VOS 2019

g Js Fs Juv Fu

82.2 80.7 84.9 77.6 85.5
v 827,05 80.9 85.1 783 86.6

Update

TABLE 4.10. Study on pseudo-label bank update in phase-2 training. As
predictions become more accurate over the course of training, updating the
pseudo-label bank enables the model to leverage increasingly reliable pseudo-
labels, thereby improving the overall learning process.

(2) bidirectional inference alleviates error propagation by leveraging predictions from both

temporal directions.

Dynamically update the pseudo-label bank. We evaluate the effectiveness of dynamically
updating the pseudo-label bank during phase-2 training by comparing it with an alternative
approach that keeps the pseudo-label bank fixed once constructed. As shown in Table 4.10,
using a static pseudo-label bank results in a slight performance drop. This is expected, as
predictions become more accurate over the course of training; updating the pseudo-label bank
allows the model to benefit from increasingly reliable pseudo labels, thereby improving the

learning process.

4.4.4 Ablation Studies for One-Shot VOS Training

In this section, we evaluate the efficacy of our one-shot VOS training approach when applied

to STCN (Cheng et al., 2021c¢), using the Youtube-VOS 2019 dataset.
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YouTube-VOS 2019

Components
P g Js Fs Jv Fu
Baseline 72.9 71.3 73.6 69.5 773
+Phase-1 772,45 756 7877 732 812
+Quality assessment 78.9.,; 77.1 81.2 74.5 829
+Phase-2 81.8,,9 804 847 76.8 849

TABLE 4.11. Ablation study on the effectiveness of each phase. The naive
1-shot STCN i1s adopted as the baseline.

Effects of each phase. Table 4.11 summarizes the contribution of each phase in the one-shot
setting. Beginning with the naive 1-shot STCN baseline, which achieves 72.9%, phase-1
training improves the score to 77.2%. Incorporating the mask quality assessment module
yields an additional gain of 1.7%. Finally, after completing phase-2 training, the performance

reaches 81.8%, narrowing the gap to the fully supervised STCN to just 0.9%.

Effects of mask quality assessment module. Our one-shot training scheme comprises three
stages: (1) phase-1 training; (2) intermediate inference with the mask quality assessment
(MQA) module; and (3) phase-2 training. To evaluate the contribution of the MQA module,
we compare our full training pipeline with a modified variant that removes only the MQA
module while keeping all other components identical. Table 4.12 presents the results of this

comparison.

The MQA module selects the highest-quality mask from three candidates: (1) the prediction
produced by the phase-1 VOS model; (2) the prediction generated by the fine-tuned SAM
model; and (3) the union mask obtained by combining (1) and (2). Table 4.13 reports a

comparison between the MQA module and each of these three alternatives.

SAM fine-tuning and point-prompt augmentation. In the one-shot VOS setting, the
phase-1 model collaborates with the fine-tuned SAM model to generate pseudo labels for all
unlabeled frames, thereby constructing the initial pseudo-label bank. We compare several
SAM variants as pseudo-labelers: (1) the original SAM model without fine-tuning; (2) a

fine-tuned SAM model without the point-prompt augmentation (PPA) strategy; and (3) our
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YouTube-VOS 2019

g Js Fs Juv Fu

80.4 785 83.0 760 84.2
v 81.8,., 804 847 768 84.9

MQA

TABLE 4.12. Ablation study on the effectiveness of the mask quality assess-
ment (MQA) module. We report final results after phase-2 training.

YouTube-VOS 2019

g Js Fs Juv Fu

Phase-1 Model 77.2 75.6 78.7 73.2 81.2
Fine-tuned SAM 769 755 79.5 71.6 80.8
Union 7177 773 81.0 723 80.2

MQA 789 77.1 81.2 745 829

TABLE 4.13. Mask quality assessment (MQA) module outperforms each
individual approach. We compare our strategy against three variants: (1) the
prediction produced by the phase-1 VOS model; (2) the prediction generated
by the fine-tuned SAM model; and (3) the union mask obtained by combining
(1) and (2).

proposed SAM variant that incorporates both fine-tuning and PPA. For reference, we also
report the performance of the phase-1 VOS model alone. The results are summarized in

Table 4.14.

We also investigate an alternative SAM fine-tuning strategy, PerSAM (Zhang et al., 2023c).
In PerSAM, the final mask prediction M is computed as a weighted combination of three
SAM outputs:

M =w; My + ws- My + (1 —wy —wsy) - Ms,

where M, M,, and M3 denote the masks produced by SAM when the multimask_output
option is enabled. A comparison between our SAM fine-tuning strategy and PerSAM is

provided in Table 4.15.

Point sampling strategy for point-prompt generation.
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YouTube-VOS 2019

g Js Fs Jv Fu

Phase-1 Model 77.2 75.6 787 732 81.2
YouTube-VOS 2019

g Js Fs Jv Fu

Original SAM  75.9 742 774 72.5 79.7
+Fine-tuning 78.3.,,, 76.8 80.7 73.1 82.6
+PPA 78-9+0.6 77.1 812 745 82.9

SAM variant

TABLE 4.14. Ablation on SAM fine-tuning and point-prompt augmentation
(PPA). The “SAM variant” refers to our customized SAM model, which has
been fine-tuned from the original SAM model with the proposed point-prompt
augmentation (PPA) strategy.

SAM YouTube-VOS 2019
fine-tuning strategy g Js Fs Juv Fu
PerSAM (Zhang et al., 2023c) 78.4 772 813 734 81.7
Ours 789 .05 77.1 81.2 745 82.9

TABLE 4.15. Ablation study on different SAM fine-tuning strategies. We
mainly compare our approach with PerSAM (Zhang et al., 2023c).

As shown in Figure 4.7, we propose a point sampling strategy that selects one reference point
from each grid cell, producing the point prompt used by the SAM model. We compare this
approach with an alternative that randomly selects the same number of reference points, as
illustrated in Figure 4.10. Our results show that the proposed sampling strategy consistently
outperforms random selection. We also examine the effect of the number of reference points

M on performance, and set M = 16 by default in our experiments.

4.4.5 Discussion

Pre-training on static image datasets. Pre-training on static image datasets is a widely
adopted practice in VOS (Cheng et al., 2021d; Yang et al., 2021d), and it remains beneficial

in our low-shot setting. We evaluate models with and without this pre-training strategy, as
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FIGURE 4.10. Improvement of phase-1 using various sampling strategies
based on different point numbers. Our uniform sampling yields the highest
performance score when the point number is set to 16.

reported in Table 4.16. The results show that both full-set and low-shot models consistently

benefit from incorporating static-image pre-training.

Furthermore, Table 4.17 presents a zero-shot transfer experiment, where the STCN model,
trained solely on the static pre-training images used in the original STCN, is directly evaluated
on the YouTube-VOS 2019 benchmark. Although this zero-shot model exhibits a certain
degree of transferability, its performance is still significantly lower than that of the naive
one-shot and two-shot STCN models, highlighting the importance of even minimal video-level

supervision.

Using various VOS models as the phase-1 model. During phase-1 training, we first train an

STCN model on the low-shot VOS datasets; this model is referred to as the phase-1 STCN
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Model Pre-training Y-2019 (G) D-2017 (J&F)
STCN* 81.3 82.5
STCN* v 82.7 85.2
2-shot STCN 79.6 79.1
2-shot STCN v 80.6 81.0
2-shot STCN w/ Ours 81.3 82.5
2-shot STCN w/ Ours v 82.7 85.1
1-shot STCN 69.8 64.1
1-shot STCN e 72.9 68.0
1-shot STCN w/ Ours 80.1 81.4
1-shot STCN w/ Ours v 81.8 83.9

TABLE 4.16. Ablation study for pre-training on static image datasets. The
symbol * denotes results are reproduced using open-source code. Y-2019 and
D-2017 represent YouTube-2019 and DAVIS-2017, respectively.

YouTube-VOS 2019

g Js Fs Jv Fu

0-shot STCN 71.1 679 70.5 68.8 77.1
1-shot STCN 72.9,.,5 71.3 73.6 69.5 77.3
2-shot STCN 80.6,.77 79.5 83.8 75.6 834

Method

TABLE 4.17. Ablation study on zero-shot STCN. In this setting, the STCN
model is trained solely on the static pre-training images used in the original
STCN and is directly evaluated on the YouTube-VOS 2019 benchmark.

model. We then apply our intermediate inference strategy using the phase-1 STCN model
to generate pseudo labels for all unlabeled frames. This produces a pseudo-labeled low-
shot VOS dataset, in which labeled frames retain ground-truth annotations, while unlabeled
frames are paired with pseudo labels. In our implementation, all pseudo labels are stored in a

pseudo-label bank.

The goal of phase-2 training is to train any VOS model on this pseudo-labeled dataset, instead
of the original low-shot dataset, using the low-shot training strategies introduced in phase-2.

Importantly, although a model such as XMem may be stronger than STCN, training on the
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Phase-1 model Phase-2 model @G

STCN 82.7
STCN XMem 84.5
STCN 82.1
XMem XMem 83.7

TABLE 4.18. Ablation study on using different models as the phase-1 model
for two-shot YouTube-VOS 2019.

pseudo-labeled low-shot dataset is independent of the STCN architecture; STCN simply

serves as the pseudo-label generator for phase-1.

Table 4.18 presents a two-shot study on YouTube-VOS 2019, comparing two configurations:
(1) STCN as the phase-1 model, followed by either STCN or XMem as the phase-2 model;
and (2) XMem as the phase-1 model, followed by either STCN or XMem in phase-2. In
all cases, the performance is evaluated using the phase-2 model. The results show that
using STCN in phase-1 consistently leads to superior outcomes compared with using XMem.
Although XMem is generally a stronger VOS model, it requires 8 input frames and predicts
each frame sequentially from previous predictions, making phase-1 training more challenging
and exacerbating early-stage error propagation when most frames are unlabeled. In contrast,

STCN operates on only 3 input frames, substantially reducing error accumulation.

Table 4.19 further reports the phase-1 results on the two-shot YouTube-VOS 2019 benchmark,
where STCN surpasses XMem by +1.2 G score. Thus, we adopt STCN as the phase-1 model.

In summary, VOS models that rely on fewer input frames (e.g., STCN) are more suitable for
phase-1 because they mitigate error propagation when pseudo-label quality is low, whereas
stronger but more sequence-dependent models (e.g., XMem) are better suited for phase-2

training once high-quality pseudo labels have been established.

The integration of the fine-tuned SAM in the two-shot setting. In the two-shot setting, we
observe that 2-shot STCN, when trained with our proposed strategy, achieves performance
nearly identical to the fully supervised STCN trained on a fully labeled dataset. However,

applying the same methodology to XMem results in a slight performance drop relative to
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Phase-1 model G

STCN 81.6
XMem 80.4

TABLE 4.19. Phase-1 performance of STCN and XMem on two-shot
YouTube-VOS 2019.

Method w/ Fine-tuned SAM G
Full-set XMem - 85.3
2-shot XMem w/ Ours 84.5
2-shot XMem w/ Ours v 849,04

TABLE 4.20. The effectiveness of the fine-tuned SAM integration in the two-
shot setting with two-shot XMem on YouTube-VOS 2019.

its full-set counterpart. To further enhance the two-shot XMem model, we integrate the
fine-tuned SAM model into the training pipeline, using the same integration approach as in

the one-shot setting, while keeping all other configurations unchanged.

Table 4.20 reports the results. Incorporating the fine-tuned SAM model leads to a performance
gain of 0.4 points compared with the baseline (without SAM), and reduces the performance

gap to the full-set XMem from —0.8 to —0.4 points.

Enhancing VOST Performance through Additional Datasets. We investigate the effect
of incorporating the sparsely labeled VISOR (Darkhalil et al., 2022) dataset to improve the
low-shot performance of three VOS models, including STCN, RDE-VOS, and XMem, on
the challenging VOST (Tokmakov et al., 2023) benchmark. VISOR is derived from the
EPIC-KITCHENS egocentric video dataset (Damen et al., 2018, 2022) and contains 5,309
training clips annotated for VOS. For each VISOR clip, we use only the annotation of the first
frame and discard all subsequent frame annotations, resulting in a sparsely labeled version

referred to as sparse VISOR.

We explore three training configurations: (1) training on the combination of the full VOST

dataset and sparse VISOR; (2) training on the combination of the two-shot VOST dataset and
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sparse VISOR; and (3) training on the combination of the one-shot VOST dataset and sparse
VISOR. The only difference between these settings is the amount of VOST supervision used
(full, two-shot, or one-shot). All training procedures follow the methodology described in the
main paper, with the exception that the training data now consists of both VOST and sparse

VISOR. The sampling ratio between VOST and VISOR is fixed at 1:1.

Table 4.21 summarizes the performance of STCN, RDE-VOS, and XMem trained with our

low-shot strategy under these three settings. Two key observations emerge:

e Integrating sparse VISOR improves the VOST performance of all three models
across full-set, two-shot, and one-shot settings. For example, the 1-shot STCN
trained on the combination of 1-shot VOST and sparse VISOR surpasses the 1-shot
STCN trained on VOST alone by +0.7 J;,.

e The additional supervision provided by sparse VISOR reduces the performance gap
between low-shot and full-set models. For instance, the 2-shot STCN trained with
sparse VISOR achieves a 7, score of 31.2, only —0.4 below the STCN trained on
the fully labeled VOST dataset.

Although sparse VISOR improves performance on VOST, the gains remain moderate. Two

primary factors contribute to this:

(1) Domain mismatch. VOST contains videos from both EPIC-KITCHENS (Damen
et al., 2018, 2022) (kitchen-only) and Ego4D (Grauman et al., 2022), which includes
diverse indoor and outdoor scenarios. VISOR, however, is sourced exclusively from
EPIC-KITCHENS. This limited domain coverage makes it difficult for sparse VISOR
to substantially enhance VOST performance, which requires modeling significantly
broader environmental variability.

(2) Object transformation complexity. VOST emphasizes tracking complex object
transformations, which involve changes in object state or structure over time, such
as a carrot being chopped into pieces, where each resulting piece must be linked
back to the original object. VISOR, in contrast, primarily focuses on segmenting

hands and objects in kitchen environments, with only a small fraction involving
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Method VISOR VOST 7, J

STCN (Cheng et al., 2021c) , 100% g;:;m ﬁjgﬂ,z
2-shot STCN w/ Ours v 1.91% 3(1);+0) jé:gmﬁ
1-shot STCN w/ Ours v 0.95% ;g:%m j;:;qﬂ
RDE-VOS (Li et al., 2022¢) o 100% giiu iﬁjém
2-shot RDE-VOS w/ Ours v 1.91% 2%206 ﬁ;w
1-shot RDE-VOS w/ Ours v 0.95% g(l):gﬂlo jé:;lu
XMem (Cheng and Schwing, 2022) v 100% gi;% jg:(S)HQ
2-shot XMem w/ Ours v 1.91% ;g:;m jgiim
1-shot XMem w/ Ours v 0.95% igm) 33(9109

TABLE 4.21. The impact of incorporating an additional dataset, sparse VI-
SOR, on the VOST performance of three models, STCN, RDE-VOS, and

XMem, each utilizing our low-shot training strategy, across various settings.
“VISOR” indicates the utilization of an additional dataset. “VOST” represents
the percentage of VOST labeled data.

transformation-heavy scenarios. As a result, the supervision from sparse VISOR

contributes less to the transformation-centric challenges posed by VOST.

How about more shots? We further evaluate our approach under the 4-shot and 6-shot
settings. Applying our method to 4-shot and 6-shot STCN and performing one round of
phase-1 training yields scores of 82.0% and 82.1% on YouTube-VOS 2019, respectively. After
an additional round of phase-2 training, both models reach 82.7%, the same performance
achieved by our 2-shot STCN. This result suggests that performance saturates at the 2-shot
level, indicating that providing more labeled frames per video offers little to no additional

benefit.
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Ground-truth Prediction of Phase-1 Model

Prediction of Fine-tuned SAM Mask Union
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FIGURE 4.11. According to the MQA score, our mask quality assessment
(MQA) module could identify the best mask prediction from: (1) the prediction
from the phase-1 model (the second column); (2) the prediction from the fine-
tuned SAM model (the third column); and (3) the mask union of (1) and (2)
(the last column). Each raw represents a randomly selected frame from the
VOS benchmark.

4.4.6 Visualization

Visualization for mask quality assessment (MQA) module. Our MQA module selects
the highest-quality mask from three candidates: (1) the prediction generated by the phase-1
model; (2) the prediction from the fine-tuned SAM model; and (3) the union mask combining
(1) and (2). Figure 4.11 visualizes the ground-truth mask alongside the three candidate
predictions. As shown, the mask selected by the MQA module consistently corresponds to

the candidate with the highest quality score.

4.5 Chapter Summary

In this chapter, we investigated the problem of low-shot video object segmentation (VOS),
where each training video is annotated with only one or two frames. We first formulated

low-shot VOS as an extreme semi-supervised setting and highlighted its practical importance,
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given the high cost of dense video annotation. Building on this formulation, we proposed
a simple yet effective two-phase training paradigm that unlocks the potential of unlabeled
frames. In phase-1, a VOS model (e.g., STCN) is trained in a semi-supervised manner
with labeled frames serving as references and high-confidence predictions providing pseudo
labels for unlabeled frames. An intermediate bidirectional inference step then constructs a
pseudo-label bank, which is leveraged in phase-2 to retrain the VOS model on a mixture of

ground-truth and pseudo labels while dynamically refreshing the bank as predictions improve.

We further extended this framework to the more challenging one-shot setting by integrating
SAM as an auxiliary universal segmentation model. A lightweight SAM fine-tuning strategy
with point-prompt augmentation was introduced, together with a mask quality assessment
(MQA) module that selects the best pseudo mask from the phase-1 model, fine-tuned SAM,
and their union. This collaboration substantially enhances pseudo-label quality without
incurring extra inference cost at test time. Extensive experiments on DAVIS 2016/2017,
YouTube-VOS 2018/2019, LVOS, and VOST demonstrated that, with only 7.3% (two-shot)
or 3.7% (one-shot) of the labeled data on YouTube-VOS, and even smaller ratios on DAVIS,
LVOS, and VOST, our method achieves performance comparable to or even surpassing fully

supervised baselines, and consistently outperforms naive low-shot training.

Overall, the chapter delivers three key messages:

e Low-shot VOS is not only practically appealing but also technically feasible: strong
VOS models can be trained with one or two labeled frames per video.

e The proposed two-phase semi-supervised training paradigm, powered by a pseudo-
label bank and bidirectional inference, is model-agnostic and generalizes well across
different VOS architectures (STCN, RDE-VOS, XMem) and datasets.

e Carefully designed pseudo-label refinement, including SAM-based fine-tuning, point-
prompt augmentation, and MQA, plays a crucial role in the one-shot regime, enabling
competitive performance with minimal annotation cost and revealing that perform-

ance saturates quickly once a small number of high-quality annotations is available.



CHAPTER 5

Data-Efficient Video Understanding from Image-Level Supervision

In this chapter, we study the feasibility of learning video understanding models from image
data and introduce a novel data-efficient, image-driven methodology, MinMax VIS (Wei et al.,
2025), for video instance segmentation (VIS). VIS is a more challenging setting compared to
VOS introduced in Chapter 4, as it not only requires tracking instances that appear in previous

frames, but also predicting the category label for each instance.

Section 5.1 presents the problem formulation of VIS. Section 5.2 describes the motivation
for efficiently leveraging image data to train video models: MinMaxVIS enables video
understanding by learning from a small amount of labeled static images together with a
large collection of unlabeled images, in contrast to prior VIS approaches that typically (1)
rely on video data for training and (2) require dense, video-level annotations. Section 5.3
details the key technical innovations, including how to train video models using image data,
how to retrieve useful information from large-scale unlabeled images, and how to mitigate
training noise introduced by pseudo-labeled data. In Section 5.4, extensive experiments on
YouTube-VIS 2019, YouTube-VIS 2021, and OVIS demonstrate that MinMax VIS not only
achieves substantial improvements over existing image-driven baselines but also outperforms
the fully supervised MinVIS while using only 1-10% of the labeled data. Finally, Section 5.5
concludes the chapter by showing that high-quality VIS can be achieved without relying on

dense video annotations.

88
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5.1 Problem Formulation

Video Instance Segmentation. Video Instance Segmentation (VIS) aims to detect, segment,
and track each object instance throughout a video. Given an input video {I;}7_,, the goal is

to produce temporally consistent instance masks,
{(MFid") | k=1,... K;t=1,...,T},

where M¥ denotes the mask of the k-th object at frame ¢, and id* ensures identity con-
sistency across frames. Compared to image instance segmentation, VIS introduces addi-
tional challenges such as object motion, appearance variations, occlusions, and long-term

re-identification.

The Cost of Dense Video Annotation. Training VIS models usually requires dense, frame-
wise instance labels for every object in the video. However, annotating all frames is extremely
costly and time-consuming: a single short video may contain hundreds of frames, each
requiring accurate pixel-level instance masks. This annotation burden limits the scale of VIS
datasets and motivates the need for data-efficient learning strategies that reduce the reliance

on densely labeled video data.

Semi-Supervised Image Segmentation. Semi-supervised learning (SSL) in image seg-
mentation offers a promising direction for reducing annotation cost. Let £ = {(I, M*#')}
denote the set of labeled images and ¢/ = {I} the unlabeled set. SSL techniques leverage
both labeled and unlabeled images through consistency regularization, pseudo-label genera-
tion, and teacher—student frameworks, enabling strong segmentation performance even when

labeled annotations are sparse.

Generalizing Image-Level SSL to VIS. Although SSL methods are primarily designed for
static images, the segmentation priors they learn, including object boundaries, shape cues, and
instance discrimination, naturally transfer to videos. By training a segmentation module using
semi-supervised image segmentation, we obtain robust per-frame mask predictors that can
be extended to the video domain with lightweight temporal association. This motivates our

approach: we train on image-level SSL and generalize the learned segmentation capability
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Labeled Video Set (Large)

(a) Traditional video-based VIS training.

Labeled Set General-Domain Unlabeled Set
(Small) (Huge)

(b) MinMaxVIS image-based training.

FIGURE 5.1. (a) Traditional VIS models rely on fully labeled video frames
with instance association across frames, demanding extensive manual annota-
tions. (b) MinMaxVIS enables effective video instance segmentation using
only a small set of labeled target-domain images and a vast amount of un-
labeled general-domain images, significantly reducing annotation costs while
maximizing data efficiency.

to the VIS task, achieving a data-efficient yet competitive video instance segmentation

framework.

5.2 Motivation

The goal of Video Instance Segmentation (VIS) is to identify, segment, and consistently track
each object instance across all frames in a video sequence. Existing VIS methods (Hwang

et al., 2021; Wu et al., 2021; Huang et al., 2022; Li et al., 2023c; Kim et al., 2024) typically
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rely on fully labeled video datasets, where every frame requires detailed instance masks,
category labels, and association labels that link the same instance across time. Although
effective, this reliance on dense video annotations imposes a substantial burden: labeling
hundreds of frames per video is both time-consuming and costly, particularly for high-quality

datasets that demand high-fidelity per-pixel annotations.

In this work, we seek to fundamentally reduce the dependency on fully labeled video data. As
illustrated in Figure 5.1, we introduce MinMaxVIS, a novel VIS framework that requires
only a small number of labeled images from the target domain, while leveraging a large
collection of general-domain, unlabeled internet images. Concretely, MinMaxVIS uses
merely ~1,200 labeled images (about 2% of the frames) from YouTube-VIS 2019 (Yang
et al., 2019a) and 2.8 million unlabeled images from SA-1B (Kirillov et al., 2023b). This
eliminates the need for fully annotated video sequences and dramatically lowers annotation
cost. The name MinMaxVIS reflects our design philosophy: minimize the amount of labeled

data and maximize the utility of unlabeled data.

The training pipeline of MinMax VIS consists of three stages. First, a preliminary segmentation
model is trained on the small labeled image set from the target domain. This model is then
used as a retrieval mechanism to identify relevant instances within millions of general-domain
unlabeled images, producing a pseudo-labeled dataset where pseudo-masks are generated
by the preliminary model. This retrieval step is crucial: directly applying semi-supervised
learning (Tarvainen and Valpola, 2017; Xu et al., 2021; Yan et al., 2023; Hu et al., 2021a) to
millions of unrelated images would be computationally expensive and inefficient. Instead,
retrieval ensures that the pseudo-labeled dataset is both compact and rich in domain-relevant
content. Finally, MinMaxVIS is trained using both the small labeled dataset and the large

pseudo-labeled dataset.

Despite its advantages, this VIS training paradigm introduces two key challenges. (1) Noisy
pseudo-labels: Pseudo-labeled images often suffer from false negatives, which are instances
that are present but not recalled, leading to ambiguous background regions. To address this,
we propose a selective gradient backpropagation strategy, which backpropagates gradients

only from foreground queries and high-confidence background queries. Low-confidence
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background queries, which may correspond to either true background or missed foreground
instances, are detached to prevent noise from corrupting training. (2) Absence of instance
association labels: Classical VIS datasets (Yang et al., 2019a, 2021b; Qi et al., 2022) provide
explicit instance associations across frames, but training on static images does not. To
resolve this, we simulate video pairs through augmentations and enforce cross-frame instance
consistency by maximizing similarity for matching instances and minimizing similarity for

mismatched ones.

Prior work, such as MinVIS (Huang et al., 2022), has demonstrated that VIS models can
be trained on static images. Building upon this insight, MinMaxVIS further enhances
segmentation robustness while dramatically reducing reliance on labeled data and effectively
exploiting large-scale unlabeled data. Empirically, MinMaxVIS outperforms MinVIS, which
relies on 100% labeled data, even when using only 2%-10% labeled images together with
SA-1B unlabeled data. For example, on YouTube-VIS 2019, MinMax VIS achieves 62.2 mAP
with a Swin-L backbone using only 2% labeled data, surpassing MinVIS trained on the fully
labeled dataset by 0.6 mAP.

Overall, MinMaxVIS demonstrates that high-quality VIS can be achieved with minimal

labeled data by maximizing the value extracted from large-scale unlabeled images.

5.3 Methodology

5.3.1 Overview

Problem Formulation. Let Diapeea = {(I;, L;)}Y, denote a small labeled image set
from the target domain, where I; is an image and L; contains the corresponding instance
annotations, including segmentation masks and class labels. Here, N represents the total
number of labeled images. In addition, we consider a large unlabeled image set Dypiabeled =
{I;}}L, collected from a general domain, where M is the total number of unlabeled images.
Although these images lack target-domain annotations, they cover diverse visual content and

provide useful general features that can be exploited to improve the final MinMax VIS model.
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Importantly, M > N, highlighting the significant scale disparity between the unlabeled and

labeled datasets.

Our objective is to train a video instance segmentation model, MinMax VIS, that effectively
leverages the small labeled set Dj,p,e10q from the target domain together with the large general-
domain unlabeled set Dyyjapelea- By jointly utilizing these two sources, MinMaxVIS is
designed to achieve strong generalization and robust segmentation performance on the target

domain.

Overview. The overall MinMaxVIS framework, illustrated in Figure 5.2, is composed of
three key stages: training a preliminary segmentation model on the small labeled image
set, performing high-precision retrieval on the large unlabeled set, and conducting the final
MinMaxVIS training. First, a segmentation model is trained on Dy, eleq, providing the found-
ation for subsequent steps (Section 5.3.2). This trained model is then employed to retrieve
target-relevant instances from the large unlabeled dataset D 1apeled, thereby constructing a
pseudo-labeled dataset Dpecuq, €nriched with target-domain content (Section 5.3.3). In the
final training stage, MinMaxVIS jointly leverages Diapelea and Dpgendo, incorporating selective
gradient backpropagation to handle noise in pseudo-labels, augmented paired images to simu-
late frame continuity, and instance association techniques to establish cross-frame consistency

(Section 5.3.4). The inference pipeline for MinMax VIS is described in Section 5.3.5.

5.3.2 Preliminary Segmentation Model Training

The first stage trains a preliminary segmentation model Sy on the small labeled dataset
Diabeleda- The purpose of this model is to enable high-precision retrieval of target-relevant
instances from the unlabeled image set D 1abeled, thereby ensuring strong content alignment
with the target domain while avoiding the computational inefficiency of applying large-scale

semi-supervised learning directly to the entire unlabeled corpus.

In our implementation, we adopt Mask2Former (Cheng et al., 2022a) with a Swin-L backbone

as the preliminary segmentation model, trained using standard classification and segmentation
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FIGURE 5.2. Overview of the MinMax VIS framework, consisting of three
main stages: (a) Preliminary segmentation model training on a small labeled
set; (b) High-precision retrieval from a large unlabeled image dataset to create
a pseudo-labeled set containing only high-confidence samples; (c) Input pre-
paration for MinMax VIS, incorporating both labeled and pseudo-labeled sets;
(d) MinMaxVIS employs an encoder-decoder architecture with (I) selective
Gradient Backpropagation to mitigate noisy pseudo-labels and (II) an auxiliary
decoder with an instance association loss applied on augmented image pairs.
The process for generating auxiliary features for I', the augmented version
of the original image 1, is identical to that of 1. For simplicity, we omit the
illustration of processing I

loss functions. Owing to the small size of Dj.peleq, this stage incurs minimal computational

cost, producing a strong initialization for subsequent retrieval and pseudo-label construction.
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5.3.3 High-Precision Retrieval

In the second stage, the preliminary segmentation model Sy trained on Dy,pcleq 1S used to
retrieve target-relevant instances from the large unlabeled dataset Dypiapeled, as illustrated in
Figure 5.2(b). The goal of this stage is to construct a pseudo-labeled dataset Dpgendo that is

highly aligned with the target domain while minimizing the inclusion of irrelevant images.

For each image I; in Dypjabeled = {1 j}jj‘/il, the model Sy produces a set of predictions
{(cy, M,)}Y_,, where c, is the confidence score of the u-th prediction, M, is the corres-
ponding segmentation mask, and U is the total number of predictions for that image. To ensure
high precision, only predictions with confidence scores exceeding a predefined threshold 7

are retained as pseudo-labels. Formally, for each image I ;, we keep

ij = {(CU,MU) | cy > T}U

u=1>

where 7 is intentionally set to a high value to suppress false positives. Although this may intro-
duce false negatives (i.e., missed instances), their effect is later mitigated during MinMax VIS

training via selective gradient backpropagation (Section 5.3.4).

Images that contain no predictions satisfying ¢, > 7 are discarded. The result is a filtered
pseudo-labeled dataset

Dpsendo = {(L;, L)},
where M denotes the number of retained images. Notably, M<M , as only a small subset
of Dynlabelea contains high-confidence predictions. This curated pseudo-labeled set, together

with the small labeled dataset Djapeleq, forms the foundation for the final MinMaxVIS training

stage, ensuring that training is both efficient and focused on target-domain content.

5.3.4 MinMaxVIS Training

MinMax VIS is trained using a combination of the small labeled dataset Dypeiea = {(L;, L) Y,
and the large pseudo-labeled dataset Dpsendo = { (1, ij)}jj‘zl, where N < M. As shown

in Figure 5.2(d), MinMax VIS employs an encoder—decoder architecture augmented with an
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auxiliary decoder, which is specifically designed to strengthen instance association during

training.

Encoder-Decoder. As illustrated in Figure 5.2(d), the encoder (either ResNet-50 or Swin-L)
processes each input image, whether from the labeled set Dy,1,q10q OF the pseudo-labeled set
Dpseudos to extract multi-scale image features. Following MinVIS (Huang et al., 2022) and
Mask2Former (Cheng et al., 2022a), these features are fed into a decoder composed of K
layers (K = 9 by default). The decoder begins with n learnable object queries that are
iteratively refined across layers. Each layer contains three components: (1) a self-attention
module; (2) a cross-attention module in which image features serve as keys and values
and object queries act as queries; and (3) a feed-forward network (FFN). After each layer,
Hungarian matching is performed to classify the refined queries into foreground or background.
Foreground queries are supervised with both classification and segmentation losses, while
background queries receive only classification loss, following the training objectives used in

MinVIS (Huang et al., 2022).

To effectively learn from pseudo-labeled data, we apply a selective gradient backpropagation
strategy to each layer of the main decoder, reducing the influence of false negatives in pseudo-
labels. In addition, we introduce an auxiliary branch that operates in parallel with the main

decoder to enhance instance association learning during MinMaxVIS training.

Selective Gradient Backpropagation. This strategy is applied exclusively to images from
the pseudo-labeled set Dpgeudo- As described in Section 5.3.3, our high-precision retrieval
process retains only predictions with very high confidence scores. Although this ensures
highly precise pseudo-labels, it inevitably introduces false negatives (missed instances), which
can contaminate training. The key idea behind selective gradient backpropagation is to use
the model’s background confidence to identify potentially unreliable background queries
and detach their gradients during training, thereby preventing false negatives from adversely

affecting learning; see Figure 5.2(d.I).

Formally, for a pseudo-labeled image I; € Dpsendo With its pseudo-labels ij, MinMaxVIS

encodes I; together with n object queries. Each of the K decoder layers produces n query
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features. Denote by {g*, ..., q"} the query features output by the k-th decoder layer (1 <
k < K). Hungarian matching is then performed to assign a label, which is foreground
instance or background, to each query in {q%, ..., q"} by comparing confidence scores,

~

predicted masks, and the pseudo-labels L;.

For queries assigned to the background class, their background confidence scores are used to
identify potential false negatives: queries with lower background confidence are more likely
to correspond to missed foreground instances. Let {g}, . .., q", } denote the set of background
queries produced by the k-th decoder layer, where n’ is the number of such queries, and
let {by,...,b,} be their corresponding background confidence scores. To mitigate noise
introduced by false negatives in pseudo-labels, uncertain background queries are assigned

reduced gradient weights. Selective Gradient Backpropagation (SGB) is then applied to the
set {q%,...,q"}.

Formally, the SGB loss is defined as:

1 _
Lsap = — ;w - Les(Dy), (5.1)

where L5 denotes the classification loss and w; is the gradient weight assigned to the i-th

background query. We consider several weighting strategies:

e Confidence weight: w; = b;.

e Squared confidence weight: w; = (b;)?.

o Truncation weight: w; = 1y - 5, Where B is a threshold ensuring that only back-
ground queries with sufficiently high confidence contribute to the loss. This is our

default choice.

Loss functions for foreground queries remain unchanged. The SGB loss is applied independ-

ently at each of the K decoder layers.

Instance Association. VIS requires consistent tracking of the same object instance across
frames. Unlike conventional VIS datasets, which provide association labels for training, our

model is trained on static images without explicit instance correspondence. To enable instance
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association learning, we simulate video-like behavior by generating paired images through
augmentations. As shown in Figure 5.2(d.II), an auxiliary decoder, running in parallel with
the main decoder, processes each image pair (an original image and its augmented version) to
facilitate instance association. The auxiliary decoder contains six layers, each mirroring the
structure of the corresponding main decoder layer. The input to the auxiliary decoder is the

output of the K -th layer of the main decoder.

Given an image I from either Diypeleq OF Dpsendo, With its annotation L or pseudo-label
L, the image and the n object queries are passed through the encoder, main decoder, and
auxiliary decoder, producing n auxiliary features denoted by {af,... al}. We reuse the
Hungarian matching results from the final layer of the main decoder to assign each auxiliary
feature to a foreground or background class (see Figure 5.2(d.II)). Applying the same process
to the augmented image I’ yields its auxiliary features {a{/, e ,afll} and corresponding
assignments. Because I’ is an augmented version of I, the two images share consistent

instance labels, enabling us to establish reliable cross-image associations.

For each foreground auxiliary feature a; in the original image, we identify the corresponding
feature in {@{ ,...,al'} that matches the same instance label; this is denoted as M (af).
We encourage high similarity for these matched pairs while discouraging similarity with all

non-matching auxiliary features in I', denoted as A/ (a; ).
Formally, the instance association loss for image I is defined as:
1 &
ol = - EZbga(a; . M(a;))
g=1
G n—1

Gn—1) ZZloga ag - N(ag),

g=1 h=1

(5.2)

where G is the number of foreground instances in I, n is the total number of queries, and
o(+) denotes the sigmoid function. Here, aI is the auxiliary feature of the g-th foreground
instance in I, M(a]}) returns the matched auxiliary feature in I', and A(a]) returns the
(n — 1) non-matching auxiliary features for that instance. The first term encourages similarity

between matching pairs, while the second term suppresses similarity to non-matching pairs.
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A symmetric loss £{ is applied to the augmented image I'. The final instance association
objective is therefore

Lia=LE + 2.

This loss is applied to both labeled and pseudo-labeled images. Additionally, we apply the
same segmentation loss used in the main decoder to the auxiliary decoder to ensure stable and

consistent training.

5.3.5 Inference

The auxiliary decoder, together with the instance association loss, serves to enhance the
discriminative capability of the query features produced by the main decoder, enabling them
to associate the same object instances across frames. During inference, the auxiliary decoder

is discarded, and only the encoder—decoder architecture is retained.

MinMaxVIS adopts streaming (online) inference. For an incoming video stream, each frame
is passed through MinMaxVIS (without the auxiliary decoder) to generate n predictions,
each corresponding to an object query and containing both a classification score and a mask
prediction. Hungarian matching is then applied to associate predictions across consecutive

frames, ensuring temporal consistency, as illustrated in Figure 5.3.

5.4 Experiment

5.4.1 Experimental Setup

Datasets. We evaluate MinMax VIS on three benchmark datasets: YouTube-VIS 2019 (Yang
et al., 2019a), YouTube-VIS 2021 (Yang et al., 2021b), and OVIS (Qi et al., 2022), using
two data-efficiency settings for each. For YouTube-VIS 2019, which contains 61,845 labeled
training frames, we use 1% and 2% of the data, corresponding to 618 and 1,236 images,
respectively. For YouTube-VIS 2021, whose training set includes 90,160 frames, we again

adopt 1% and 2% subsets, yielding 901 and 1,803 images. Due to the increased difficulty
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FIGURE 5.3. Illustration of the inference process (example with three frames).
Each frame is independently processed by MinMaxVIS to produce n query
features (indicated by green rectangles) from the main decoder. Each query
feature generates a classification score ¢ and a mask prediction. Hungarian
matching is then applied between pairs of consecutive frames to associate
predictions based on the similarity of query features, resulting in n paths across
the frames. The path score is computed by averaging the classification scores
along the path. This path score is then used as the final classification score for
all predictions along the path.

of OVIS, we evaluate using 5% and 10% of its 42,149 training images, resulting in 2,107
and 4,214 images. For the general-domain unlabeled data, we randomly sample 2.8 million

images from SA-1B (Kirillov et al., 2023b).

Implementation Details. For YouTube-VIS 2019 (1%) and YouTube-VIS 2019 (2%), our
high-precision retrieval procedure (Section 5.3.3) yields 25,669 and 28,033 pseudo-labeled
images from SA-1B, respectively. For YouTube-VIS 2021 (1%) and YouTube-VIS 2021
(2%), we retrieve 24,088 and 25,807 pseudo-labeled images. For OVIS (5%) and OVIS
(10%), the retrieved pseudo-labeled sets contain 15,966 and 17,006 images, respectively.
During retrieval, we set 7 = 0.99; however, for categories with fewer than 1,000 retrieved

pseudo-labeled samples, we relax the threshold to 7 = 0.9.

In MinMax VIS, the number of object queries n is set to 200 when using the Swin-L backbone

and 100 for the ResNet-50 backbone. For the truncation-weight variant in Eq. 5.1, we use
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Hyper-Parameter | Value
Number of Decoder Layers 9
Query Feature Dimension 256
Number of Attention Heads 8
FFN Dimension 2048
Number of Auxiliary Decoder Layers 6
Retrieval Threshold 7 0.99
Maximal Retrieval Number Per Category W | 1,000
Truncation Weight 3 0.5
Ratio of Labeled to Pseudo-Labeled 1:4
Classification Cost (Hungarian Matching) 2.0
Mask Loss Cost (Hungarian Matching) 5.0
Dice Loss Cost (Hungarian Matching) 2.0
Loss Weight (Classification) 2.0
Loss Weight (Mask) 5.0
Loss Weight (Dice) 2.0
Loss Weight (Association) 1.0
Inference Resolution 480p

TABLE 5.1. Summary of the hyper-parameters used in MinMaxVIS.

B = 0.5. Each training batch contains a mixture of labeled and pseudo-labeled images
with a 1:4 ratio. The total batch size is 64, including both original and augmented images.
MinMaxVIS is trained for 6,000 iterations with an initial learning rate of 1 x 10~*, which
is reduced by a factor of 0.1 at 4,000 iterations. Table 5.1 provides an overview of the

hyper-parameters used in MinMaxVIS.

Evaluation. We evaluate MinMax VIS on the validation sets of YouTube-VIS 2019, YouTube-
VIS 2021, and OVIS. Following standard protocol, we report mean Average Precision (mAP)

as the primary evaluation metric.

5.4.2 Main Results

Table 5.2 summarizes the performance of different methods on YouTube-VIS 2019, YouTube-
VIS 2021, and OVIS under various labeled-data regimes: 1% and 2% for the YouTube-
VIS datasets, and 5% and 10% for OVIS. We evaluate MinMax VIS using both ResNet-50
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and Swin-L backbones and compare it with recent approaches implemented with the same
backbones. For each competing method, we reproduce results under the corresponding low-
label settings. For methods that require video inputs, we approximate video sequences by
applying data augmentations to individual images. Due to architectural differences, adapting

these video-centric methods to directly exploit unlabeled image data is nontrivial.

MinMaxVIS, which builds upon MinVIS (Huang et al., 2022), belongs to the image-driven

family of approaches. Our comparison with MinVIS reveals two principal observations:

e Effective Utilization of Unlabeled Data. MinMaxVIS makes substantially better
use of unlabeled images, outperforming low-data MinVIS by large margins across
all three datasets and both backbones. For example, with a ResNet-50 backbone,
MinMaxVIS exceeds MinVIS by 12.9% and 12.2% mAP under the YouTube-VIS
2019 (1%) and (2%) settings, respectively.

e Competitiveness with Full-Set MinVIS. Despite using only a small fraction of labeled
data, MinMax VIS matches or surpasses MinVIS trained on the full labeled set (100%
data). For instance, with only 2% labeled data on YouTube-VIS 2019 and 2021,
MinMaxVIS (ResNet-50) outperforms full-set MinVIS by 2.6% and 1.5% mAP,

respectively.

5.4.3 Ablation Studies

For all ablation studies, we use MinMax VIS with a Swin-L backbone on YouTube-VIS 2019
using 2% labeled data.

Main Components. Table 5.3 reports the ablation results for the major components of
MinMaxVIS. Starting from the baseline MinVIS (Huang et al., 2022), high-precision retrieval
constructs a pseudo-labeled dataset that is well aligned with the target domain, improving
mAP from 58.5% to 60.3%. Incorporating selective gradient backpropagation yields a further
gain, boosting mAP to 61.4% by mitigating noise in pseudo-labels. Finally, adding the
instance association module lifts performance to 62.2%, underscoring the importance of

explicitly enhancing instance-level correspondence across frames.
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YouTube-VIS 2019 YouTube-VIS 2021 OVIS
Method Backbone - Setting 1o, "o0 ™ 1000 1% 2% 100% 5% 10% 100%
VITA (Heo et al., 2022) ResNet-50 Offline 32.3 37.0 49.8 28.2 335 457 82 104 196

DVIS (Zhang et al., 2023e) ResNet-50 Online 239 283 512 270 323 464 109 206 304
DVIS++ (Zhang et al., 2023f)  ResNet-50 Online 29.8 36.1 555 31.5 339 50.0 10.7 144 372
GenVIS (Heo et al., 2023) ResNet-50 Online 31.9 327 500 264 314 47.1 113 147 358
DVIS-DAQ (Zhou et al., 2024) ResNet-50 Online 33.4 389 552 323 330 504 108 16.5 387

Image-Driven Approach
MinVIS (Huang et al., 2022)  ResNet-50 Online 33.7 37.8 474 29.6 31.1 442 222 225 250
MinMax VIS (Ours) ResNet-50 Online 46.6 50.0 - 44.6 45.7 - 24.7 26.8 -

VITA (Heo et al., 2022) Swin-L Offline 529 56.0 630 439 476 57.5 138 188 27.7
DVIS (Zhang et al., 2023e) Swin-L Online 36.8 36.2 639 439 496 587 23.6 295 46.0
DVIS++ (Zhang et al., 2023f)  VIT-L Online 492 524 677 445 47.1 623 183 26.1 49.6
GenVIS (Heo et al., 2023) Swin-L Online 53.8 56.6 64.0 450 46.1 596 147 215 452
DVIS-DAQ (Zhou et al., 2024) VIT-L Online 51.8 57.7 683 46.6 504 624 159 240 53.7

Image-Driven Approach
MinVIS (Huang et al., 2022)  Swin-L Online 56.2 58.5 61.6 498 524 553 36.1 37.0 394
MinMaxVIS (Ours) Swin-L Online 60.9 62.2 - 54.1 55.6 - 37.5 39.2 -

TABLE 5.2. Performance comparison (mAP in %) of various methods on
YouTube-VIS 2019, YouTube-VIS 2021, and OVIS datasets across different
labeled data settings. MinMax VIS, built upon MinVIS, effectively leverages
unlabeled data to achieve superior performance in low-data regimes, signific-
antly outperforming MinVIS. Both MinMax VIS and MinVIS are image-driven
approaches. MinMaxVIS even achieves results comparable to or exceeding
full-set MinVIS (100% labeled data) across multiple settings.

Component | mAP
Baseline (MinVIS (Huang et al., 2022)) | 58.5
+High-Precision Retrieval 60.3
+Selective Gradient Backpropagation | 61.4
+Instance Association 62.2

TABLE 5.3. Main components of MinMaxVIS.

Selective Gradient Backpropagation. Table 5.4 compares different weighting strategies for
selective gradient backpropagation introduced in Section 5.3.4. Among the tested variants,
the truncation-weight strategy with a threshold of 5 = 0.5 achieves the best performance,

demonstrating that filtering out low-confidence background queries is particularly effective.

Table 5.5 further analyzes the effect of varying the truncation threshold 5. Lower values of 3

introduce additional noise from unreliable background queries, while excessively high values
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Strategy | mAP
Confidence-Weight 60.7
Squared-Confidence-Weight | 61.7
Truncation-Weight 62.2

TABLE 5.4. Ablation study on selective gradient backpropagation strategies
proposed in Section 5.3.4.

Threshold(@)‘ 00 03 05 07 09
mAP ‘61.4 61.2 622 61.6 60.1

TABLE 5.5. Impact of threshold /3 in truncation-weight strategy for selective
gradient backpropagation.

limit the amount of background supervision. A threshold of § = 0.5 achieves the highest
mAP, providing an optimal balance between noise suppression and sufficient background

classification training.

Instance Association. Section 5.3.4 introduces an auxiliary decoder equipped with the
proposed instance association loss. Each decoder layer produces 2 x n auxiliary query
features for an image pair, consisting of an original image and its augmented counterpart.
Foreground query features corresponding to the same instance across the two images form
positive pairs, while all remaining cross-image combinations involving a foreground query
and a background query form negative pairs. By default, as shown in Figure 5.2(d.II), we
employ a “Pull(F-F) + Push(F-B)” strategy: the model pulls positive (foreground—foreground)

pairs closer in feature space and pushes negative (foreground—background) pairs apart.

We also explore an extended strategy, “Pull(F-F) + Push(F-B) + Push(B-B)”, which addition-
ally pushes similarities between background—background pairs across images. However, as
reported in Table 5.6, this variant underperforms our default setting, likely because enforcing
separation between background queries introduces unnecessary constraints that do not assist

with instance association.
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Strategy | mAP

Pull(F-F) + Push(F-B) 62.2
Pull(F-F) + Push(F-B) + Push(B-B) | 60.2

TABLE 5.6. Study on the instance association strategies.

LayerID | 3 6 9
mAP 622 615 614

TABLE 5.7. Impact of main decoder layer selection on instance association
performance.

Ratio\ 122 1:4 1:8 1:16
mAP‘60.6 62.2 61.6 61.3

TABLE 5.8. Impact of different ratios of labeled to pseudo-labeled images

within a training batch.
The auxiliary decoder receives as input the features produced by the /& -th layer of the main
decoder. Table 5.7 examines different choices of K. Features extracted from shallower layers
yield the best performance, as these less semantic representations better preserve intra-class
variability, which is crucial for instance association. Conversely, features from deeper layers
are more heavily influenced by the classification objective, resulting in stronger inter-class
discrimination but weaker intra-class cohesion. Since effective instance association requires
maintaining similarity within the same instance category, shallower-layer features are more

suitable for driving this process.

Ratio of Labeled to Pseudo-Labeled Images. Table 5.8 evaluates the effect of varying the
proportion of labeled to pseudo-labeled images within each training batch. A ratio of 1:4
yields the highest performance, indicating an effective balance between reliable supervision

from labeled data and broad visual diversity from pseudo-labeled images.

Maximum Number of Pseudo-Labeled Images per Category. We introduce a high-

precision retrieval strategy to identify images containing instances of target categories. In
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W[ 200 500 1,000
mAP | 60.7 613 62.2

TABLE 5.9. Study on maximum number of pseudo-labeled images per Cat-
egory (W).

practice, we retain up to W pseudo-labeled images per category, selecting those with the
highest confidence scores predicted by the preliminary segmentation model. Moreover, each
retained instance must satisfy the threshold requirement c,, > 7. Table 5.9 analyzes the effect

of varying WW.

Increasing the maximum number of pseudo-labeled images per category steadily improves
performance, with the best mAP (62.2) achieved at W = 1000. Beyond this point, additional
pseudo-labeled samples provide no further benefit, suggesting that the model effectively
saturates once W reaches 1000. This indicates that retaining more images yields diminishing

returns while potentially increasing computational cost.

Features for Instance Association. We introduce an auxiliary decoder that strengthens
intra-class feature discrimination through the proposed instance association loss, operating
alongside the main decoder. The auxiliary decoder is supervised by both the instance associ-
ation loss and the segmentation loss, while the main decoder is trained with classification and
segmentation losses. Gradients from the auxiliary decoder flow into the shallower layers of the
main decoder. During inference, the auxiliary decoder is removed, and instance association

relies solely on the features produced by the main decoder.

We also explore alternative feature choices for instance association beyond our default strategy.
The auxiliary decoder consists of multiple decoder layers followed by an MLP projector. We
evaluate using features from the final decoder layer as well as those produced by the MLP

projector. The results are summarized in Table 5.10.

Instance association requires the model to reliably track the same instance across frames,
which imposes two key requirements. First, instances belonging to the same category must be

embedded close together in feature space, while instances from different categories must be
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Feature | mAP
Last Decoder Layer (Main) | 62.2

Last Decoder Layer (Auxiliary) | 61.1
MLP Projector (Auxiliary) 60.7

TABLE 5.10. Feature analysis for instance association.

Category | Augmentation | Value
Brightness [—32, +32]
Color Contrast [0.5,1.5]
Hue [—18, +18]
Saturation [0.5,1.5]
Rotation [—15°, +15°]
. Translation 10%
Affine Transformation Scale 0.8,1.2]
Shear [—5°, +5°]

TABLE 5.11. Data augmentations applied for generating image pairs.

well separated. This is enforced through the classification and segmentation losses applied to
the main decoder features. Second, the model must differentiate between distinct instances
within the same category, which is achieved through the gradients introduced by the instance
association loss, encouraging intra-class variability. Together, these supervisory signals enable
accurate instance association. As a result, features produced by the main decoder yield the
best performance, since they benefit simultaneously from classification, segmentation, and

instance association supervision.

Data Augmentations for Instance Association. Instance association training requires gener-
ating paired inputs by applying augmentations to each image, creating an original-augmented
image pair. Table 5.11 categorizes the augmentations used into two types: color-based
augmentations and affine transformations. Table 5.12 reports the impact of these two aug-

mentation types on final performance.
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Color Affine Transformation ‘ mAP

59.8

v 61.1
v 60.7

v v 62.2

TABLE 5.12. Analysis of the effects of color and affine augmentations on the
final performance.

5.4.4 Visualization

Score Distribution of Low-Confidence Background Queries. We introduce a selective
gradient backpropagation strategy to reduce the impact of noise in pseudo-labeled images.
For each pseudo-labeled sample, background queries are first identified, and only those with
sufficiently high background confidence scores are used to supervise background classific-
ation. Low-confidence background queries (those with background scores below 0.5) may
correspond either to true negatives or to false negatives (missed foreground instances). To
avoid introducing noisy supervision, gradients from these low-confidence queries are de-
tached during training. Figure 5.4 visualizes the score distribution of these low-confidence

background queries.

Pseudo-Labeled Instances. Sections 5.3.2 and 5.3.3 describe how a preliminary segmentation
model, trained on a small labeled dataset (e.g., 2% of YouTube-VIS 2019), is used to retrieve
target-relevant instances from a large unlabeled dataset such as SA-1B. For each retrieved
instance, the model produces a pseudo-label containing both a class prediction and a mask.
Figure 5.5 presents two pseudo-labeled examples per category from YouTube-VIS 2019, all
drawn from SA-1B. The proposed high-precision retrieval strategy ensures that, for the vast
majority of retrieved samples, both the pseudo-class labels and pseudo-masks are highly

accurate.
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FIGURE 5.4. Score distribution of low-confidence background queries. The
analysis is performed on all pseudo-labeled images from SA-1B. Each data
point represents the maximum classification score of a specific low-confidence
background query. For each category in YouTube-VIS 2019, we display the
median, upper bound, upper quartile, lower bound, lower quartile, and outliers.

5.5 Chapter Summary

This chapter introduced MinMaxVIS, an image-driven, data-efficient framework for Video
Instance Segmentation (VIS) that substantially reduces the reliance on densely labeled video
annotations. We began by formulating the VIS problem, highlighting its core challenges
including object detection, segmentation, and temporal association, as well as the prohibitive
cost of frame-wise video annotation. Motivated by the success of semi-supervised image
segmentation, we demonstrated how strong image-level segmentation priors can generalize

effectively to videos, enabling VIS models to be trained using primarily static images.

MinMax VIS achieves this goal through a three-stage pipeline. First, a preliminary segment-
ation model is trained on a small labeled image set from the target domain. Second, this
model is used to perform high-precision retrieval from millions of unlabeled internet images,
producing a compact, pseudo-labeled dataset with strong alignment to the target domain.
Third, MinMax VIS is trained jointly on the labeled and pseudo-labeled sets using two key

techniques: (1) selective gradient backpropagation to mitigate noise from false negatives in
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Airplane

FIGURE 5.5. Visualization of the retrieved pseudo-labeled instances from the
SA-1B dataset.

pseudo-labels, and (2) an auxiliary instance association module that simulates video-like

consistency by enforcing feature alignment across augmented image pairs.

Through extensive experiments on YouTube-VIS 2019, YouTube-VIS 2021, and OVIS, we
showed that MinMaxVIS delivers significant improvements over image-driven baselines and
even surpasses the performance of fully supervised MinVIS, despite using only 1-10% of

labeled data. Ablation studies further validated the importance of each component, including
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retrieval strategy, gradient selection, instance association design, data augmentation, and the

integration of labeled and pseudo-labeled samples.

Overall, this chapter demonstrates that high-quality VIS can be achieved without relying
on densely annotated videos. By minimizing labeled data requirements while maximizing
the utility of large-scale unlabeled images, MinMax VIS establishes a powerful and scalable

paradigm for data-efficient video instance segmentation.



CHAPTER 6

Benchmarking Language-Based Interfaces for Modern Visual Perception

Models

Traditional visual perception models (as described in Chapters 3-5) typically address closed-
set problems: users predefine a fixed set of categories (e.g., cat, person, dog), collect corres-
ponding data and annotations, and then train a model accordingly. With the emergence of
large language models, modern visual perception systems have increasingly shifted toward
open-set settings, where natural language serves as a more flexible and expressive interface. In
this paradigm, users can input free-form text to specify and localize visual entities in images,

a task known as referring expression comprehension (REC).

However, existing REC benchmarks were largely designed for traditional visual perception
models and suffer from several limitations, such as limited scale and overly short referring
expressions, which are insufficient for rigorously evaluating the true capabilities of modern
REC models. To address these issues, this chapter introduces HC-RefLoCo (Wei et al.,
2024), a large-scale, human-centric benchmark designed to advance referring expression

comprehension in the era of large multimodal models.

Section 6.1 presents the problem formulation of REC. Section 6.2 elaborates on the motivation
behind the benchmark. Section 6.3 describes the construction of HC-RefLoCo in detail.
Section 6.4 introduces comprehensive evaluation protocols, including accuracy at multiple
IoU thresholds, scale-aware analysis, and subject-specific assessment. In Section 6.5, we
benchmark 24 state-of-the-art models on HC-RefLLoCo. Section 6.6 provides implementation
details, while Section 6.7 presents extensive analyses on the benchmark. Finally, Section 6.8

summarizes this chapter.

112
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6.1 Problem Formulation

Referring Expression Comprehension. Referring Expression Comprehension (REC) aims
to localize a specific object instance in an image based on a natural-language description.
Given an input image I and a referring expression F, the objective is to identify the target
region B* (e.g., a bounding box or a pixel-level mask) that corresponds to the entity described
by E. Unlike traditional detection tasks that rely solely on visual cues, REC requires jointly
reasoning over both modalities (vision and language) to resolve fine-grained distinctions,
contextual relationships, and subtle semantic cues embedded in the expression. This makes

REC a fundamental task for bridging natural language understanding and visual grounding.

Human-Centric REC. A particularly important sub-domain of REC focuses on grounding
expressions referring to humans. Human-centric REC requires models to localize the correct
person instance in scenes with large appearance variations, complex interactions, and diverse
contextual cues. Human-related expressions frequently involve rich attributes (e.g., clothing,
age, posture), human—object interactions (e.g., “the man holding the tennis racket), social
relationships (e.g., “the boy next to his sister””), and even temporal or action-related cues. Ac-
curate human-centric grounding is critical for downstream applications such as human—robot
interaction, surveillance analysis, AR/VR systems, and assistive technologies. However,
existing benchmarks often simplify expressions and lack the diversity and complexity found

in real human descriptions, limiting progress in this important direction.

REC in the LLM Era. With the advent of Large Language Models (LLMs), modern
vision—language systems can interpret long, compositional, and multi-sentence descriptions.
This significantly expands the expressive power of referring expressions, from short, template-
like phrases to natural, human-authored paragraphs containing appearance details, interactions,
actions, social context, and more. Yet, most existing REC benchmarks were designed in
the pre-LLM era and contain short expressions that do not reflect the linguistic complexity
LLM-powered models are capable of leveraging. As a result, current datasets no longer
sufficiently challenge or measure the true multimodal reasoning capacity of modern models.

To advance REC research in the LLM era, new benchmarks with long-form, diverse, and
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fine-grained human-centric descriptions are needed to evaluate models’ abilities to handle

rich semantics, multi-sentence reasoning, and comprehensive grounding.

6.2 Motivation

Prior research in human-centric Al has largely focused on single-modality algorithms aimed at
understanding, interacting with, or analyzing human behaviors and attributes. Representative
tasks include face detection (Zhang et al., 2017a; Deng et al., 2019; Li et al., 2019; Tang
et al., 2018; Xu et al., 2020; Zhang et al., 2017b; Ming et al., 2019) and recognition (Schroff
et al., 2015; Taigman et al., 2014; Meng et al., 2021b; Kim et al., 2020, 2022), pedestrian
detection (Wang et al., 2018; Zhang et al., 2018; Zheng et al., 2017; Chu et al., 2020) and
re-identification (He et al., 2021; Luo et al., 2019; Eom and Ham, 2019; Liu et al., 2019b;
Yang et al., 2023c), action recognition (Li et al., 2020; Feichtenhofer et al., 2019; Liu et al.,
2020; Mazzia et al., 2022; Xu et al., 2022b), and pose estimation (Sun et al., 2019; Park et al.,
2019; Zhang et al., 2020a; Wei et al., 2020), among others. While these tasks have driven
substantial progress, they rely exclusively on visual inputs and thus cannot fully capture
the rich linguistic semantics often required to describe human activities, appearances, or

interactions.

The emergence of large multimodal models (LMMs), such as GPT-4V (OpenAl, 2023a,b,c)
and Google Gemini (Team et al., 2023), has shifted the research landscape toward models
capable of jointly understanding visual content and natural language. This shift marks a new
era for human-centric Al, one in which multimodal reasoning becomes central. Referring
expression comprehension (REC) (Yang et al., 2019b; Sun et al., 2022; Jin et al., 2023; Liu
et al., 2019a,c; Yu et al., 2018; Liao et al., 2020; Luo et al., 2020a,b; Zhou et al., 2021;
Zhu et al., 2022; Liu et al., 2023b) exemplifies this paradigm: given an image and a natural-
language description, the goal is to localize the specific instance referred to in the text. Despite
its importance, existing benchmarks provide limited support for evaluating REC in human-
centered scenarios. To bridge this gap, we develop comprehensive benchmarks tailored to

human-centric REC in the era of modern LMMs (Li et al., 2023d; Huang et al., 2024; Li et al.,
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. Avg. Instance .
Dataset ‘ Images Instances Annotations Words Vocab. Size Subjects
HC-RefCOCO (Kazemzadeh et al., 2014) 1,519 3,754 10,771 34 2,251 114.0-603.2
HC-RefCOCO+ (Kazemzadeh et al., 2014) | 1,519 3,754 10,908 33 2,702 114.0 - 603.2
HC-RefCOCOg (Mao et al., 2016) 1,521 2,669 5,253 8.9 2,891 89.7-610.5
HC-RefLoCo (Ours) ‘ 13,452 24,129 44,738 93.2 18,681 62.5-3720.7 6

TABLE 6.1. Comparison between human-centric (HC) referring expression
comprehension benchmarks and the proposed HC-RefLoCo benchmark. Stat-
istics for HC-RefCOCO, HC-RefCOCO+, and HC-RefCOCOg are derived
from the combination of their respective validation and test sets. Vocab.:
vocabulary. Avg.: average.

2024; Liu et al., 2023a; Zhu et al., 2023a; Chen et al., 2023c; Awadalla et al., 2023; Alayrac
et al., 2022; Lin et al., 2023b; You et al., 2023; Rasheed et al., 2023; Peng et al., 2023).

Existing human-centric REC benchmarks are typically constructed by filtering general REC
datasets such as RefCOCO (Kazemzadeh et al., 2014), RefCOCO+ (Kazemzadeh et al.,
2014), and RefCOCOg (Mao et al., 2016) to retain only human-related samples. The resulting
datasets, HC-RefCOCO, HC-RefCOCO+, and HC-RefCOCOg, contain only a modest number
of test samples (Table 6.1). For example, HC-RefCOCO includes just 1,519 images and
10,771 referring expressions. Moreover, their annotations are extremely short, averaging
3.4, 3.3, and 8.9 words, respectively. With the significant language-understanding capability
of modern LLMs such as GPT-4 (OpenAl, 2023a) and LLaMA (Touvron et al., 2023a),
reasoning over such brief descriptions has become relatively trivial. As a result, there is an
urgent need for more challenging, large-scale benchmarks that reflect the linguistic complexity

contemporary Al models are capable of handling.

To address these limitations, we introduce a new benchmark, HC-RefLoCo (Human-Centric
Referring Expression Comprehension with Long Context). Comprehensive statistics are

provided in Table 6.1. Our benchmark offers five major advantages:

Large Scale. HC-RefLoCo contains 13,452 images with 24,129 instances and 44,738
referring expressions (annotations), providing a significantly broader evaluation set for human-

centric REC.
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,‘ The person is outfitted in a distinctive black and yellow full-body uniform, with the

- ’/ "DEWALT" brand emblazoned across the chest area. A black helmet, equipped with a
4% visor, adorns his head, and he is frozen in a dynamic action stance. His involvement

¢ with a pit crew is suggested by the act of refueling a race car, which is indicated by the

sizeable red fuel container he is deftly handling and utilizing.

(a) Each detailed annotation includes subject labels covering appearance, HOI, location, action, celebrity and OCR.

T —

The individual is a man wearing a dark
pinstripe suit with a white dress shirt and
a gold-colored tie...The man's overall
appearance, aside from his obscured
face, conveys a professional demeanor.

(b) Appearance.

...The firefighter is holding a framed
' certificate in front of her with both

' hands. Her blond hair is styled in a bun.
= She is standing in line with other
W firefighters, all in similar uniforms,
inside what appears to be a fire station.
She is the second person from the right

...He accessorizes his look with a pocket
square that adds an element of sophistication to
his ensemble. He is holding what appears to be
a martini glass in one hand, suggesting he may
be at a social gathering or event. The man has a
bald head, and his posture exudes confidence
as he stands with one hand in his pocket.

(c) Human-Object-Interaction.

The individual in the image is a man with a
clean-shaven head, and he appears to be
engaged in the activity of washing or styling
someone's hair at a sink, which suggests he
may be a hairdresser or barber. He is wearing a
casual, long-sleeve, button-up shirt in a light

blue color...

B in the row.
(d) Location. (e) Action.

The individual appears to be a young boy
dressed in a casual long-sleeve heather
grey shirt with the brand "NIKE"
prominently displayed across the chest.
He is also wearing dark-colored pants. In
his hands, he holds what seems to be a
white rectangular object, possibly a game
case or a DVD case...

(F) Celebrity. (9) OCR.

FIGURE 6.1. (a) An Example from our HC-RefLLoCo benchmark. For each
target object, we provide a comprehensive and detailed text description, with
an average length of 93.2 words. Each sentence within this description is
classified into one of the following categories: (b) appearance, (c) human-
object interaction, (d) location, (e) action, (f) celebrity, (g) optical character
recognition, or None.

Long and Detailed Descriptions. We leverage GPT-4 to generate rich, multi-sentence
descriptions for each target instance. Every annotation is manually reviewed and refined to
eliminate hallucinations. The descriptions range from 15 to 241 words, averaging 93.2 words,

and cover a vocabulary of 18,681 unique words. An example is shown in Figure 6.1(a).

Subject Labels. Each annotation consists of multiple sentences, and we manually label each
sentence into one of seven subjects: appearance, human—object interaction (HOI), location,

action, celebrity, optical character recognition (OCR), or None. As illustrated in Figure 6.1,



6.3 BENCHMARK CONSTRUCTION AND ANALYSIS 117

this enables fine-grained, subject-specific evaluation of REC models and supports deeper

analysis of their linguistic reasoning capabilities.

Broader Coverage of Instance Scales. Compared with existing benchmarks, HC-RefLLoCo
spans a much wider range of instance scales. The square root of instance areas ranges from
62.5 to 3720.7 pixels, with an average of 313.8, yielding more diverse and realistic visual

conditions.

Various Evaluation Protocols. Beyond standard Acc 5 metrics, we introduce:

e Accuracy at multiple IoU thresholds (Accg 5, Accp.75, Accgg) and mean accuracy
(mAcc),
e Performance breakdown across small, medium, and large instances,

e Subject-specific evaluation based on our manual sentence annotations.

In our experiments, we evaluate 24 training-unconstrained models, including GPT-4V, bound-
ing box prediction models, and mask prediction models, across these protocols. With its large
scale, detailed descriptions, subject-level labels, broad instance coverage, and comprehens-
ive evaluation criteria, we hope HC-RefLoCo provides a strong foundation for advancing

multimodal, human-centric REC research.

6.3 Benchmark Construction and Analysis

6.3.1 Benchmark Construction

Data Sources and Pre-Processing. The HC-RefLoCo benchmark is constructed from several
publicly available object detection datasets, including the validation sets of COCO 2017 (Lin
et al., 2014) and Objects365 (Shao et al., 2019), as well as the validation and test sets of
Openlmages v7 (Krasin et al., 2017). For COCO 2017 and Objects365, we retain all instances
labeled as “person,” while for Openlmages v7 we keep instances labeled as “human.” To

ensure sufficient visual resolution, we filter out extremely small instances occupying less
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() Instance Description Generation (@) Contextual Description Generation

(" N )
Describe the individual's physical appearance, O Considering the individual marked by the red circle ,C—)\
behaviors, and the specific activity in which he or U in the image, expand upon their description by

. L ser N - User
she is participating. taking into account the context surrounding them
within the image. The initial description provided is:
,»{Instance Description}.

Crop the arget
@ The person is outfitted in a distinctive black = =
and yellow full-body uniform, with the / Encircle the Target

g with a Red Circle

GPT-4V DEWALT" brand emblazoned across the )
chest area. A black helmet, equipped with a
visor, adorns his head, and he is frozen in a @ The person is outfitted in a distinctive black and
dynamic action stance. GPT.ay Yellow full-body uniform, with the "DEWALT"
- J brand emblazoned across the chest area. A black
P helmet, equipped with a visor, adorns his head,
@ Manual Review e and he is frozen in a dynamic action stance. His
(O 1. Review and correct the contextual description. involvement with a pit crew is suggested by the
7 2. Categorize each sentence into one of the act of refueling a race car, which is indicated by
following subjects: appearance, HOI, , the sigeable red_fpgl container he is deftly
action, celebrity, OCR and None. \_ handling and utilizing. )

FIGURE 6.2. The process of generating a referring expression for each target
instance. Inspired by recent studies on GPT-4V (Yang et al., 2023d), which

demonstrate that GPT-4V can pay more attention to instances highlighted by a
red circle within an image, we similarly encircle the target instance in red in

Step-2.

than 1% of the image area. All original bounding box annotations are preserved without

modification.
In addition, we curate a set of 367 celebrities from the LAION-5B dataset (Schuhmann et al.,

2022). We collect images containing at least one of these celebrities and at least two people

in total, and manually annotate the bounding boxes for the celebrity instances. This results in
3,520 additional images, each containing one manually labeled target instance.

In summary, HC-RefLoCo consists of 200 images with 419 instances from COCO, 4,772
images with 10,070 instances from Objects365, 4,960 images with 10,120 instances from

Openlmages v7, and 3,520 images (and instances) sourced from LAION-5B.
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Referring Expression Generation. Figure 6.2 illustrates our pipeline for generating a
referring expression (i.e., a description) for each target instance. Given an image and a

specified instance, the process consists of three stages:

(1) We first use GPT-4V to produce an instance-level description based on the cropped
target region, following the prompt described in Section 6.6.1.

(2) Next, we input the full image into GPT-4V to enrich the initial description with
contextual information surrounding the target instance, using the prompt provided in
Section 6.6.2.

(3) Finally, we manually review and refine every generated description to correct mis-
takes, particularly hallucinations, and to ensure that each referring expression accur-

ately and uniquely identifies the intended instance.

Annotation Expansion. At this stage, our benchmark contains 13,452 images with 24,129
instances, each paired with a single referring expression. To enrich the dataset, we leverage
GPT-4’s strong language generation abilities to rewrite every referring expression, following
the prompt described in Section 6.6.3. This step effectively doubles the number of annotations.
We then manually review all rewritten expressions, removing those that are inaccurate,
ambiguous, or insufficiently discriminative to ensure that each annotation uniquely identifies
its target instance. After this refinement, the final benchmark comprises 13,452 images and
44,738 high-quality annotations for 24,129 instances. Labeling a single image with GPT-4 via
the OpenAl API takes approximately 1.5 seconds. The total processing time is about 10.05

hours.

Subject Labels. We manually assign each sentence in every referring expression to one
of seven subjects: appearance, human—object interaction (HOI), location, action, celebrity,
optical character recognition (OCR), or None. The detailed labeling criteria for each subject
category are provided in Section 6.6.5. Manually labeling a single entity takes approximately

1.2 seconds, resulting in a total time of about 14.9 hours.

Data Format. Each instance I is associated with an image X, a bounding box b =

{z,y, w, h}—where (z,y) denotes the top-left corner and w, h represent the width and
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FIGURE 6.3. Density distribution of the annotation length.

height—and a referring expression S = {si,..., sy} consisting of NV sentences. Each

sentence s; is further annotated with a subject label [;.

6.3.2 Analysis

Annotation Length. Figure 6.3 presents the annotation length distributions across HC-
RefCOCO, HC-RefCOCO+, HC-RefCOCOg, and our HC-RefLoCo benchmark. Unlike the
three existing benchmarks which exhibit sharp peaks in the 4-8 word range, HC-RefLoCo
shows a distinctly different pattern, with a pronounced peak around 100 words. Further-
more, HC-RefLoCo spans a much broader range of lengths, roughly from 50 to 150 words,

highlighting the significantly richer and more detailed nature of our referring expressions.

Sentence Length. Annotations in the HC-RefLLoCo benchmark consist of multiple sentences.
Figure 6.4 shows the distribution of sentence lengths across four benchmarks, computed
over all sentences from all annotations. HC-RefLoCo exhibits a clear peak around 18-20
words per sentence, reflecting the richer linguistic structure of our descriptions. In contrast,
HC-RefCOCO, HC-RefCOCO+, and HC-RefCOCOg primarily contain single-sentence

annotations, typically only 4-8 words long.
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FIGURE 6.5. Distribution of image size.

Image Size. Figure 6.5 compares the image size distributions of our benchmark with those
of HC-RefCOCO, HC-RefCOCO+, and HC-RefCOCOg. As the three existing benchmarks
all originate from COCO, their size distributions largely overlap. In contrast, HC-RefLoCo
spans a much wider range of image resolutions, reflecting the diversity of its underlying data

sources.

Instance Size. Figure 6.6 illustrates the instance size distributions across the four benchmarks.

HC-RefLoCo covers a significantly broader range of instance scales compared to existing
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FIGURE 6.6. Density distribution of instance size.

datasets. The square root of instance areas in our benchmark ranges from 62.5 to 3720.7, with

an average value of 313.8.

Annotation and Image Count per Subject. In HC-RefLoCo, each annotation consists of a
multi-sentence referring expression, with every sentence assigned a subject label. As shown
in Figure 6.7, we report, for each subject category, the number of annotations that contain at

least one sentence belonging to that subject.

Instance Center. Figure 6.8 shows the spatial distribution of instance centers for our HC-
RefLoCo benchmark compared to the combined HC-RefCOCO, HC-RefCOCO+, and HC-
RefCOCOg datasets. The instance centers in HC-RefLLoCo exhibit a noticeably more uniform

distribution across the image plane.

Bias and Ethical Analysis. Due to the nature of image distributions, we observe that the
primary attributes of interest approximately follow Gaussian-like distributions. For example,
the median instance size is 205, the median instance center is around (0.5, 0.5), the median
image resolution is approximately 1K, and the median sentence length is about 20 words.
After a careful review of potential ethical considerations, we did not identify any significant

ethical issues.
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6.4 Evaluation

Benchmark Usage. Modern REC models are typically trained on large and diverse datasets.
For instance, SPHINX (Lin et al., 2023b) utilizes a mixture of 16 unimodal and multimodal
datasets comprising millions of samples. HC-RefLoCo is designed to evaluate such advanced

models without restricting the sources or scale of training data.
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We split the benchmark into two subsets: a validation set containing 4,000 images, 7,190
instances, and 13,360 annotations (30% of the data), and a test set containing 9,452 images,
16,939 instances, and 31,378 annotations (70%). Although these splits are provided, we
encourage researchers to use the combined validation and test sets for evaluation, especially
in the era of large multimodal models, where training is typically unconstrained and leverages

extensive external data.

Evaluation Protocols. Under the standard REC evaluation protocol, an instance is considered
correctly localized if the IoU between the predicted and ground-truth bounding boxes exceeds
0.5, and accuracy (denoted as Accy 5) is used as the evaluation metric. To more thoroughly

assess model performance, we introduce three enhanced evaluation protocols:

e We report Accy 75 and Accyg in addition to Accy s, as well as the mean accuracy
(mAcc), computed as the average of Accy 5 through Acc g5 at 0.05 intervals.

e Based on the subject distribution shown in Figure 6.7, we perform per-subject
evaluation, using mAcc to assess model performance across different linguistic
subject categories.

e To evaluate robustness across instance sizes, we report mAcc,, mAcc,,, and mAcc;
for small, medium, and large instances. Instance size is defined as the square
root of its bounding-box area. We categorize instances as small (< 128), medium

([128, 256]), and large (> 256).

6.5 Experiment

Main Results. We evaluate a total of 24 state-of-the-art models, grouped into two categories
based on their output format. The first category includes models that predict bounding
boxes: GPT-4V (OpenAl, 2023a,b,c), GroundingGPT (Li et al., 2024), Ferret (You et al.,
2023), MiniGPT4-v2 (Zhu et al., 2023a; Chen et al., 2023a), KOSMOS-2 (Peng et al.,
2023), Shikra (Chen et al., 2023b), OFA (Wang et al., 2022a), Qwen-VL (Bai et al., 2023),
CogVLM (Wang et al., 2023c), Lenna (Wei et al., 2023), ONE-PEACE (Wang et al., 2023b),
and SPHINX (Gao et al., 2024; Lin et al., 2023b). The second category comprises models
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| Val+Test | Val | Test
Model | Accos Accors Accpy mAce | mAce | mAce
GPT-4V (OpenAl, 2023a,b,c) 174 2.6 0.3 5.5 5.5 5.6
GroundingGPT (Li et al., 2024) 56.6 27.2 5.3 29.8 | 30.0 | 29.8
Ferret 7B (You et al., 2023) 44.9 32.6 11.7 30.0 | 30.6 | 29.7
Ferret 13B (You et al., 2023) 52.9 38.5 15.6 357 | 359 | 35.6
MiniGPT4-v2 (Chen et al., 2023a) 47.1 31.7 11.6 30.3 | 30.7 | 30.1
KOSMOS-2 (Peng et al., 2023) 45.3 38.0 20.0 34.1 342 | 34.0
Shikra (Chen et al., 2023b) 56.8 35.6 10.3 344 | 346 | 343
OFA (Wang et al., 2022a) 48.4 37.0 217 353 | 352 | 353
OFA-Large(Wang et al., 2022a) 70.5 61.6 440 58.1 | 579 | 58.1
Qwen-VL (Bai et al., 2023) 67.9 56.8 34.8 52.8 | 53.1 52.6
CogVLM (Wang et al., 2023c) 66.0 59.6 43.8 55.8 | 56.3 | 55.5
Lenna (Wei et al., 2023) 68.8 63.5 51.6 60.6 | 60.5 | 60.7
ONE PEACE (Wang et al., 2023b) 79.3 69.0 43.8 63.1 634 | 629
SPHINX-MoE (Lin et al., 2023b) 76.3 57.7 21.8 525 | 527 | 524
SPHINX (Lin et al., 2023b) 77.5 61.0 270 554 | 55.8 | 552
SPHINX-1k (Lin et al., 2023b) 80.7 68.6 41.1 63.0 | 63.0 | 629
SPHINX-MoE-1k (Lin et al., 2023b) 85.8 77.3 53.7 714 | 715 | 714
SPHINX-v2-1k (Lin et al., 2023b) 84.1 77.1 56.2 71.7 | 71.6 | 71.7
PixelLM 7B (Zhongwei Ren, 2023) 38.5 24.7 11.8 245 | 246 | 244
PixelLM 13Bf (Zhongwei Ren, 2023) | 63.6 46.6 25.8 446 | 450 | 444
LISA—explanatoryT (Lai et al., 2023) 47.6 37.6 27.0 36.7 | 36.7 | 36.7
LISA' (Lai et al., 2023) 524 42.1 31.3 41.1 41.1 41.1
PSALM' (Zhang et al., 2024a) 61.7 534 40.2 51.1 | 514 | 51.0
GlaMM! (Rasheed et al., 2023) 66.1 56.9 44.2 55.0 | 549 | 55.0

TABLE 6.2. Performance evaluation across 24 models on our HC-RefLLoCo
benchmark. Models indicated with a T generate mask outputs, which we
convert into tight bounding boxes to enable evaluation. Refer to Section 6.6.6
for the details of each model. NVIDIA A100 (80G) GPUs are used for
evaluation.

that output segmentation masks: PixelLM (Zhongwei Ren, 2023), LISA (Lai et al., 2023),
PSALM (Zhang et al., 2024a), and GlaMM (Rasheed et al., 2023). The evaluation prompt
used for GPT-4V is detailed in Section 6.6.4. For mask-output models, we convert the
predicted masks into tight bounding boxes for consistency. The full performance comparison
is provided in Table 6.2. Evaluating all models requires approximately 146 GPU hours on a

single NVIDIA A100 GPU.
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Model \ Appearance  HOI Celebrity OCR Action Location
GPT-4V (OpenAl, 2023a,b,c) 5.0 5.1 12.0 5.1 3.6 4.6
GroundingGPT (Li et al., 2024) 27.3 27.5 614 25.8 213 23.0
Ferret 7B (You et al., 2023) 27.9 27.9 57.0 27.0 242 25.1
Ferret 13B (You et al., 2023) 339 344 585 33,5 288 309
MiniGPT4-v2 (Chen et al., 2023a) 27.4 27.5 66.2 246 226 22.7
KOSMOS-2 (Peng et al., 2023) 31.5 32.9 65.8 315 279 28.2
Shikra (Chen et al., 2023b) 32.7 32.5 55.9 29.7 306 31.7
OFA (Wang et al., 2022a) 352 353 36.8 352 323 322
OFA Large(Wang et al., 2022a) 58.4 58.3 56.0 569 55.1 55.2
Qwen-VL (Bai et al., 2023) 52.7 53.1 56.1 50.9 478 493
CogVLM (Wang et al., 2023c) 54.8 53.6 669 50.3 559 552
Lenna (Wei et al., 2023) 61.8 62.3 50.6 61.6 565 57.2
ONE PEACE (Wang et al., 2023b) 62.1 63.5 75.4 62.1 558 56.6
SPHINX-MoE (Lin et al., 2023b) 51.6 52.9 64.4 52.1 455 479
SPHINX (Lin et al., 2023b) 54.2 55.1 70.4 53.1 494 50.8
SPHINX-1k (Lin et al., 2023b) 62.7 63.3 66.0 61.7 590 59.6
SPHINX-MoE-1k (Lin et al., 2023b) 71.8 724 67.7 72.0 679 68.9
SPHINX-v2-1k (Lin et al., 2023b) 72.4 73.0 64.1 72.3  68.7 69.6
PixelLM 7Bf (Zhongwei Ren, 2023) 23.3 22.6 39.6 234 224 20.9
PixelLM 13B' (Zhongwei Ren, 2023) 43.8 44.9 54.8 440 389 40.3
LISA-explanatory’ (Lai et al., 2023) 34.1 32.5 69.6 30.8  33.1 31.2
LISAT (Lai et al., 2023) 38.8 38.0 70.2 36.7 37.1 35.0
PSALMT (Zhang et al., 2024a) 51.7 51.6 473 522 483 49.5
GlaMM' (Rasheed et al., 2023) 54.0 534  68.7 51.7 513 51.3

TABLE 6.3. Per-subject evaluation across 24 models on our HC-RefLoCo.
We report mAcc for each set.

Per-Subject Evaluation. We partition our benchmark into six subsets based on the subjects of
appearance, human—object interaction (HOI), location, action, celebrity, and optical character
recognition (OCR). This setup enables detailed, subject-specific analysis of model perform-
ance across different linguistic and semantic dimensions. Table 6.3 summarizes the mAcc for
each subset. SPHINX-v2-1k (Lin et al., 2023b) delivers the strongest overall performance
across most subjects, while ONE-PEACE (Wang et al., 2023b) achieves particularly strong

results on the celebrity subset.

Scale-Aware Evaluation. Figure 6.9 evaluates model performance across three instance-size
categories: small, medium, and large. Instance size is defined as the square root of the

bounding-box area, with small instances below 128, medium instances between 128 and
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FIGURE 6.9. Scale-aware evaluation. Models are sorted in ascending order
based on their performance on large instances. We use mAcc as the evaluation
metric.

256, and large instances above 256. As expected, most models experience performance
degradation as instance size decreases. Among all evaluated models, CogVLM (Wang et al.,

2023c) demonstrates the strongest robustness across scales.

Effects of Using Detailed and Contextual Annotations. Each annotation in HC-RefLoCo
consists of multiple sentences, with every sentence assigned a subject label. To study the
impact of detailed contextual descriptions, we perform per-subject evaluations under two
settings: 1) using the full annotations, and 2) retaining only the sentences corresponding to

each subject while discarding all others.

Figure 6.10 evaluates five models, KOSMOS-2 (Peng et al., 2023), Ferret 7B (You et al.,
2023), MiniGPT4 v2 (Chen et al., 2023a), SPHINX (Lin et al., 2023b), and Shikra (Chen
et al., 2023b), which employ different language encoders: KOSMOS 1.3B (Huang et al.,
2024), Vicuna 7B (Chiang et al., 2023), LLaMA?2 Chat 7B (Touvron et al., 2023b), LLaMA2
13B (Touvron et al., 2023b), and LLaMA 7B (Touvron et al., 2023a), respectively. For
most subjects, SPHINX and Shikra achieve higher accuracy when the full multi-sentence
descriptions are used, likely due to the strong language modeling capabilities of their LLaMA-

based encoders. In contrast, MiniGPT4 v2 (Chen et al., 2023a) experiences a notable drop in
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FIGURE 6.10. Per-subject evaluation under two scenarios: 1) using the ori-
ginal annotations (denoted as “All”); 2) retaining only sentences that corres-
pond to the specific subject while discarding the rest for each annotation.

performance when more contextual information is included, suggesting difficulty in aligning

long-form text with visual content.

To further explore the effect of annotation length, we create three additional variants by
randomly selecting 1, 3, or 5 sentences from each annotation. In Figure 6.11 of Section 6.7,
we evaluate the same models on these subsets alongside the original HC-RefLoCo dataset.
The results show that different models perform best on different annotation lengths, revealing
a trade-off: while longer descriptions provide richer context, models may struggle to reliably

associate extended text with the correct visual instance.

6.6 Implementation Details

6.6.1 Prompt for Instance Description Generation

You are an advanced referring expression generator tasked with crafting a detailed and precise

description of a person in an image. To achieve this, please adhere to the following guidelines:

(1) Highlight unique characteristics that make the person distinctive.
(2) Provide a comprehensive description of the person’s overall appearance.
(3) Mention any interactions the person has with objects or other people.

(4) Include any visible text on the individual, such as text on clothing.
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(5) Detail any specific activities the person is engaged in.

(6) Describe the person’s location within the scene.

(7) When multiple individuals have similar appearances, use their relative positions for
identification, such as “the first person on the left” or “the individual in the middle

of the second row”.

Input image: <Cropped Image>.

6.6.2 Prompt for Contextual Description Generation

You are an advanced referring expression generator tasked with crafting a detailed and precise
description of a person highlighted by a red circle in an image. An initial description is
provided as a reference. The description is <Instance-Level Description>. To achieve this,

please adhere to the following guidelines:

(1) Highlight unique characteristics that make the person distinctive.

(2) Provide a comprehensive description of the person’s overall appearance.

(3) Mention any interactions the person has with objects or other people.

(4) Include any visible text on the individual, such as text on clothing.

(5) Detail any specific activities the person is engaged in.

(6) Describe the person’s location within the scene.

(7) When multiple individuals have similar appearances, use their relative positions for
identification, such as “the first person on the left” or “the individual in the middle

of the second row”.

Input image: [Raw Image].
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Model

‘ Text Encoder

Vision Encoder

GPT-4V (OpenAl, 2023a,b,c)
GroundingGPT (Li et al., 2024)
Ferret (You et al., 2023)
MiniGPT4-v2 (Chen et al., 2023a)
KOSMOS-2 (Peng et al., 2023)
Shikra (Chen et al., 2023b)

OFA (Wang et al., 2022a)
OFA-Large (Wang et al., 2022a)
Qwen-VL (Bai et al., 2023)
Lenna (Wei et al., 2023)

ONE PEACE (Wang et al., 2023b)
SPHINX-MOoE (Lin et al., 2023b)
SPHINX (Lin et al., 2023b)
SPHINX-1k (Lin et al., 2023b)
SPHINX-MOoE-1k (Lin et al., 2023b)
SPHINX-v2-1k (Lin et al., 2023b)
PixelLM (Zhongwei Ren, 2023)
LISA (Lai et al., 2023)

PSALM (Zhang et al., 2024a)
GlaMM (Rasheed et al., 2023)

LEGO-7B (Li et al., 2024)
Vicuna-7B/13B (Chiang et al., 2023)

KOSMOS-1.3B (Huang et al., 2024)
LLaMA-7B (Touvron et al., 2023a)
BART g,,.-140M (Lewis et al., 2019)
BART 44.-400M (Lewis et al., 2019)
Qwen-7B (Bai et al., 2023)
LLaVA-7B (Liu et al., 2023a)

Mixtral-8x7B (Jiang et al., 2024)
LLaMA 2-13B (Touvron et al., 2023b)
LLaMA 2-13B (Touvron et al., 2023b)
Mixtral-8x7B (Jiang et al., 2024)
LLaMA 2-13B (Touvron et al., 2023b)
LLaVA-7B/13B (Liu et al., 2023a)
LLaVA 2-13B (Liu et al., 2023a)

Phi 1.5-1.3B (Li et al., 2023e)
Vicuna-7B (Chiang et al., 2023)

LLaMa 2 Chat-7B (Touvron et al., 2023b)

CLIP-ViT-L/14 (Radford et al., 2021)
CLIP-ViT-L/14 (Radford et al., 2021)
EVA (Fang et al., 2023)
CLIP-ViT-L/14 (Radford et al., 2021)
CLIP-ViT-L/14 (Radford et al., 2021)
ResNet50 (He et al., 2016)
ResNet152 (He et al., 2016)
ViT-bigG (Schuhmann et al., 2022)
Swin-L (Liu et al., 2021b)

Shared Causal Transformer Decoder-4B (Wang et al., 2023b)

Hybrid!

Hybrid!

Hybrid!

Hybrid!

Hybrid!

CLIP-ViT-L/14 (Radford et al., 2021)
SAM-ViT-H (Kirillov et al., 2023b)
Mask2former-Siwn-B (?)
SAM-VIT-H (Kirillov et al., 2023b)

TABLE 6.4. Architecture of each model. {: a hybrid vision encoder encom-
passing CLIP-ViT-L/14 (Radford et al., 2021), CLIP-ConvNeX (Radford et al.,
2021), DINOV2-ViT (Oquab et al., 2023) and Q-Former (Zhang et al., 2023b).

6.6.3 Prompt for Annotation Expansion

The following paragraph should be rewritten while retaining the essential information. Dif-
ferent expressions should be used, and the paragraph may be reorganized if necessary. The
paragraph should not be altered merely by converting the passive voice to active voice or vice

versa.

6.6.4 Prompt for GPT-4V Evaluation

Given an image and a referring expression describing an instance visible in the image, the
task is to identify the specific instance and output a bounding box in the format (z, y, h, w),

where (x, y) represents the top-left corner and (h, w) denotes the height and width. Ensure the
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response includes only the coordinates as described, without any additional text, characters,

or spaces.
Input image: [Raw Image]

Description: [Referring Expression of a Target Instance]

6.6.5 Labeling Criteria for Sentence-Level Annotations

As described in Section 6.3.1, each referring expression in HC-RefLoCo is composed of
multiple sentences, and every sentence is manually assigned to one of six subject categories:
appearance, human—object interaction (HOI), location, action, celebrity, or optical character

recognition (OCR). The labeling criteria for each subject are defined as follows:

e Appearance. Sentences describing the physical or visual attributes of the person.

e HOI. Sentences detailing interactions between the person and surrounding objects.

e Location. Sentences indicating the setting or place where the person is situated.

e Action. Sentences describing the activities, behaviors, or movements of the person.

e Celebrity. Sentences identifying the person as a public figure or well-known indi-
vidual.

e OCR. Sentences referencing textual content associated with the person that can be

read or recognized.

6.6.6 Model Cards

Table 6.4 presents the detailed architecture of each model evaluated in this work.
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FIGURE 6.11. Alongside the original benchmark, we create three additional
sets by randomly selecting 1, 3 and 5 sentences from each annotation. These
sets are referred to as "Set-1," "Set-3," and "Set-5," respectively. We report
mAcc on the four sets across five models.

6.7 Analysis

Using Randomly Selected Sentences as Referring Expressions. We construct three addi-
tional subsets by randomly selecting 1, 3, or 5 sentences from each annotation. Figure 6.11

reports the performance of five models on these subsets.

Statistics of Validation and Test Sets. As described in Section 6.4, our benchmark is
split into validation and test sets. Figure 6.12 shows the number of annotations and images

corresponding to each subject category in both subsets.

Word Frequency. Figure 6.13 illustrates the 20 most frequently used nouns in annotations

across four different benchmarks. In our benchmark, the top 20 nouns are “person”, “shirt”,

29 &¢ 29 ¢ 29 &é 9% 46l 29 &¢ 29 &é

stance’”’,

29 46

“hair”, “man”, “child”, “jacket”, “posture”, “group”, “event”, “image”, woman”,

29 << 29 ¢ 2 ¢ 2 LC b AT

“question”, “clothing”, “presence”, “text”, “trousers”,

29 <¢

environment”, “part” and “sleeves”. In

Figure 6.14, we present the 20 most frequently used verbs for each benchmark. In our bench-

99 <6 29 ¢ 99 46 99 46

mark, the top 20 verbs are “wearing”, “appears”, “seems”, “sleeved”, “holding”, “suggesting”,

9% ¢ 29 6

“indicating”, “suggests”, “clad”, “paired”, “featuring”, “located”, “stands”, “‘complemented”,

b Ty

“indicated”, “participating”, “depicted”, “evidenced”, “donned” and “includes”.
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FIGURE 6.12. The number of annotations and images for each subject in the
validation set and the test set.

Male ‘ Female ‘ Unrecognizable

46.36% ‘ 39.29% ‘ 14.35%

TABLE 6.5. Gender diversity analysis.

Child (0-12) | Adolescence (13-18) | Adult (19-59) | Senior Adult (> 60) | Unrecognizable

8.72% 12.39% 51.61% \ 12.93% \ 14.35%

TABLE 6.6. Age diversity analysis.

Human Diversity. We employ MiVOLO' to predict the gender and age of each individual,
followed by manual verification and correction. The final statistics are summarized in
Tables 6.5 and 6.6, where “unrecognizable” denotes instances in which the face is obscured,

blurred, or otherwise not suitable for reliable prediction.

Scene Diversity. We first collect the 365 scene categories from the Places365 benchmark,
one of the largest scene recognition datasets. Using GPT-40, we group these categories into
20 broader scene types. Each image in our benchmark is then processed with GPT-4o to

predict its scene category, followed by manual verification and correction. The resulting

1https:// github.com/wildchlamydia/mivolo
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FIGURE 6.13. The 20 most frequently used nouns in annotations across four
different benchmarks.

scene diversity statistics, evaluated over the combined validation and test sets, are provided in

Table 6.7.

6.8 Chapter Summary

In this chapter, we introduced HC-RefLoCo, a large-scale human-centric benchmark designed
to advance Referring Expression Comprehension (REC) in the era of large multimodal models.
We began by formulating the REC task and highlighting the importance of human-centric
REC, which requires understanding rich human attributes, interactions, actions, and contextual

cues. We further argued that existing benchmarks constructed in the pre-LLM era, contain



6.8 CHAPTER SUMMARY

150
100
) |II
0 606060506060*‘5@606060‘6‘6606050%0@-6
EEEEE PR 2B E 22 2ZESRT
ETTEZS "TESSE=ESZS TE
ZEo 0 8E F50S2T ES 22
s = g 25 2= =
2B~ © z
(A) HC-RefCOCO.
1000
750
500
250 |I
o MAF ‘Illll‘.l‘!!!!!!-‘--‘
&0 &N 50 BN &N ©H bO &N &N B LTI (5 L &N ©H Lo &n &h bo
gEFFrapayaaeo a2
= = == = = =i
SEE R SRS ESE 82 =255 £
SEFEEEESEEEESEE L6
g °
@ = LéJ Z

() HC-RefCOCOg.

135
200
) | | | ‘

il I"||IIIII|||||
DDDDDDDODDDDE‘DOODODDODD‘UODOODD‘UEOD
m::ac:og'cs::aco:acc (=1
SEEELS T "EESES 8 EEESSE
S S 308 SEZSERESEES T §
PR=RZESICE ENUQHmOQ 5
=87 z2 7z 8585 -

(B) HC-RefCOCO+.
20000
15000
10000

- I I I I I I I I I
R Ry gy S i B o
ESEQESESZ2S0 2228258303

E288SEENoF55855828E83
Ogagnl’gy ol Q"E°”’E"5~9%%'80
S “Sg457 87 Beouvs 8
5::: —
75 g E o
5 ="
Q

(D) HC-RefLoCo (Ours).

FIGURE 6.14. The 20 most frequently used verbs in annotations across four

different benchmarks.

short and simplistic expressions that no longer reflect the linguistic complexity modern models

are capable of handling.

To bridge this gap, we constructed HC-RefLLoCo using diverse data sources including COCO,

Objects365, Openlmages v7, and LAION-5B. For each person instance, we generated long

and detailed multi-sentence descriptions via a two-stage GPT-4V pipeline, followed by

meticulous human verification. We expanded the annotations through GPT-4 rewriting and

manual refinement, ultimately producing 44,738 high-quality referring expressions for 24,129

instances across 13,452 images. Each annotation was further decomposed into sentence-level
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Scene | Percentage
Entertainment 20.53%
Sports & Exercise 15.02%
Educational & Cultural Facilities 8.35%
Residential & Domestic Spaces 8.16%
Transportation & Transit 6.87%
Catering & Dining 6.28%
Commercial & Retail Spaces 5.29%
Urban Scenes & Streetscapes 5.00%
Recreational Facilities 4.00%
Outdoor & Adventure 3.90%
Agriculture & Rural 2.96%
Parks & Outdoor Leisure 2.92%
Water & Maritime Scenes 2.80%
Infrastructure & Public Services 2.59%
Industrial & Workplaces 2.48%
Health & Care Facilities 1.20%
Scientific Interest 0.73%
Hospitality, Resorts & Lodging 0.43%
Wildlife 0.30%
Natural Landscapes 0.18%

TABLE 6.7. Scene diversity analysis.

subject labels spanning appearance, human—object interaction, location, action, celebrity, and

OCR, enabling fine-grained linguistic analysis.

Extensive analyses revealed that HC-RefLoCo offers significantly richer linguistic diversity,
broader image and instance size distributions, and more uniform spatial coverage than prior
benchmarks. We also introduced comprehensive evaluation protocols, including accuracy

across multiple IoU thresholds, scale-aware performance, and subject-specific evaluation.

Using these protocols, we benchmarked 24 state-of-the-art models, ranging from GPT-4V and
vision—language grounding models to segmentation-based models, and conducted detailed
evaluations on subject categories, instance sizes, and the impact of long, contextual descrip-
tions. Our experiments show that while recent models such as SPHINX and ONE-PEACE

achieve strong overall performance, substantial challenges remain, particularly in grounding
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long-form expressions, handling small instances, and reasoning over complex subject-specific

cues.

Overall, HC-RefLLoCo provides a rigorous and modern benchmark tailored to the capabilities
of current LLM-driven multimodal systems. It establishes a foundation for the next generation
of human-centric REC research, encouraging models to perform deeper multimodal reasoning

using rich, natural, and contextually grounded descriptions.



CHAPTER 7

Conclusion and Future Outlook

In this thesis, we have explored data-efficient learning methodologies for a broad range
of visual recognition and localization tasks, spanning from static image problems such as
object detection to dynamic video challenges including video object segmentation and video
instance segmentation. Across these domains, our central objective has been to understand
how to effectively leverage both labeled and unlabeled data to enhance model performance

and generalization, while simultaneously reducing reliance on large-scale annotated datasets.

To this end, we investigated several core techniques including semi-supervised learning,
domain transfer learning, pre-training strategies, and principled network design, that enable
models to extract maximum supervisory value from limited labels. Through extensive
experiments conducted across diverse tasks and datasets, we demonstrated the effectiveness
of these data-efficient approaches and highlighted the conditions under which they yield the
most significant benefits. Collectively, our findings contribute to a deeper understanding of

how visual systems can scale beyond traditional annotation-heavy paradigms.

In summary, we begin by exploring how advanced network architecture design contributes
to data-efficient visual recognition and localization. In Chapter 3, we verify this on a fun-
damental visual task, object detection, and show that under limited training data, a better
network structure can more effectively leverage the available supervision, even with a smaller
backbone. We then move to more challenging tasks, namely video object segmentation (VOS)
in Chapter 4 and video instance segmentation (VIS) in Chapter 5, both of which require
processing videos rather than static images. In these settings, we not only make effective
use of limited labeled data, but also leverage large amounts of unlabeled data. Our VOS

model is trained under an extremely few-shot setting, where only one or two frames are

138
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annotated per training video. Furthermore, our VIS model, MinMax VIS, takes a step further
by utilizing transfer learning: it is trained on static images but can generalize to video inputs
at inference time. As language models continue to advance, computer vision has gradually
shifted from modeling closed-set problems to open-set problems. In the final part of this
thesis, we explore the use of language as a model interface and introduce a modern referring
expression comprehension benchmark to facilitate data-efficient multimodal models in the

large language model era.

Looking ahead, we identify several promising directions for further research:

e Scalability in the Foundation Model Era. While this thesis focuses on moderately
sized datasets and task-specific models, an important next step is understanding
how data-efficient learning scales to foundation model settings involving billions
of parameters and web-scale unlabeled corpora. Key questions include how semi-
supervised techniques behave under extreme scale, how to balance supervision
with self-supervised objectives, and how to maintain computational efficiency when
labeled data becomes the minority signal.

¢ Robustness to Domain Shift and Real-World Deployment. Real-world applica-
tions often involve distribution shifts across domains, sensors, environments, and
time. Data-efficient models trained with limited annotations are particularly vul-
nerable to such shifts. Future work should explore adaptive learning mechanisms,
continual learning strategies, and uncertainty-aware pseudo-labeling frameworks that
improve robustness when models are deployed in unseen or evolving environments.

e Mitigating Training Noise from Pseudo-Labels. Pseudo-labeling inevitably in-
troduces noise, especially for ambiguous or hard samples. Developing noise-robust
learning strategies, confidence calibration mechanisms, or adaptive pseudo-label
refinement could significantly improve semi-supervised pipelines.

e Extending to Dense Video Reasoning. Beyond segmentation and instance-level
tracking, future work may extend data-efficient learning to more complex temporal

tasks such as dense video reasoning, long-horizon temporal grounding, and causal
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event understanding. These tasks require modeling interactions across space and
time at multiple scales, presenting new challenges for supervision-efficient training.

e Applicability to Multimodal Generation and Interactive Systems. As multimodal
generation models (e.g., text-to-video, vision-language agents) become increasingly
prevalent, incorporating data-efficient principles into generative and interactive sys-
tems is a promising direction. Reducing supervision requirements while maintaining
high-fidelity alignment between modalities will be crucial for scalable multimodal
Al

¢ Revisiting the Role of Teacher Models. An open question is whether general-
purpose models (e.g., GPT-4V) can serve as superior teachers for pseudo-label
generation compared to task-specific expert models. Investigating this may reshape
semi-supervised learning pipelines in the foundation model era.

e Advancing Unsupervised Pre-Training. Improving unsupervised pre-training
techniques to learn richer, more transferable representations remains a key direction.
Stronger initializations could allow downstream models to achieve high performance

even when fine-tuned with minimal labeled data.

Overall, the progress made in this thesis lays a foundation for future explorations in data-
efficient learning, particularly as the fields of computer vision and multimodal Al rapidly
evolve. As data scales grow and models become increasingly general-purpose, the principles

outlined here will remain central to building efficient, scalable, and robust learning systems.
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