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The rapid growth of visual data and the increasing demand for intelligent robotic systems

have created a pressing need for methods that can establish meaningful correspondences and

relationships across diverse visual modalities and robotic tasks. This dissertation addresses the

fundamental challenge of learning structured alignment, which involves establishing correspon-

dences between different representations, temporal sequences, and task domains to enable more

effective visual understanding and robot control.

In the first part of this thesis, we advance visual understanding through three key contri-

butions that demonstrate the power of structured alignment in perception tasks. We begin by

tackling semantic correspondence, where we propose a teacher-student learning paradigm that

enriches supervision from sparse keypoint annotations, enabling dense correspondence learn-

ing through spatial priors and loss-driven dynamic label selection. We then address video in-

stance segmentation through two complementary approaches: UVIS, which leverages founda-

tion models (DINO and CLIP) for unsupervised segmentation without dense annotations, and



PointVIS, which achieves competitive performance using only point-level supervision through

class-agnostic proposal generation and spatio-temporal matching. Finally, we develop Trokens

for few-shot action recognition, introducing semantic-aware point correspondence sampling and

relational motion alignment that captures both intra-trajectory dynamics through Histogram of

Oriented Displacements and inter-trajectory spatial relationships, effectively aligning appearance

features with motion patterns through trajectory-based token alignment.

While the first part focuses on establishing correspondences within visual data, real-world

applications require bridging the gap between visual understanding and robot control. In the sec-

ond part of this thesis, we present two frameworks that demonstrate how structured alignment

can be extended to robotic applications. We introduce ARDuP, a novel method for video-based

policy learning that aligns generated visual plans with language instructions for effective control.

This innovative framework integrates active region (i.e. potential interaction areas) condition-

ing with latent diffusion models for video planning and employs latent representations for direct

action decoding during inverse dynamic modeling. By utilizing motion cues in videos for auto-

matic active region discovery, our method eliminates the need for manual annotations of active

regions. Finally, we present TREND, which addresses robust preference-based reinforcement

learning through a tri-teaching framework that filters noisy preference labels while incorporating

few-shot expert demonstrations, demonstrating effective alignment between human preferences

and robot behaviors even under high noise conditions.
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Chapter 1: Introduction

The ability to establish meaningful correspondences and alignments between different

forms of information lies at the heart of both computer vision and robotics. Whether matching

pixels across images, tracking objects through video frames, or connecting language instructions

to physical actions, alignment is fundamental to understanding and interacting with the world.

Despite signi�cant advances in deep learning over the past decade, developing computational

methods that can reliably perform alignment remains challenging, particularly when limited su-

pervision is available.

This thesis addresses structured alignment challenges across �ve progressively complex do-

mains: pixel-level semantic alignment between image pairs, instance-level temporal alignment in

videos, trajectory-level alignment for action recognition, task-level alignment between language

instructions and robot actions, and preference-level alignment under noisy supervision, as shown

in Figure 1.1. We develop novel frameworks that effectively learn these alignments with limited

supervision by leveraging carefully designed architectures and training strategies. Our work be-

gins with fundamental visual understanding through semantic correspondence (Chapter 2), pro-

gresses to dynamic video understanding through instance-level alignment in segmentation tasks

(Chapter 3), and further captures temporal correspondence across object trajectories for few-shot

action recognition in Trokens (Chapter 4). Building on these perceptual alignment capabilities,
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Figure 1.1:Overview of structured alignment problems addressed in this thesis.(a) Pixel-
level semantic alignment between image pairs, where our SCorrSAN framework learns dense
correspondences from sparse keypoint annotations by leveraging spatial context. (b)Instance-
level temporal alignmentin videos, where PointVIS and UVIS enable high-quality video instance
segmentation with minimal or no supervision by maintaining spatio-temporal consistency. (c)
Trajectory-level alignment for few-shot action recognition, where Trokens models semantic and
relational correspondences across object trajectories using structured tokens. (d)Visual plan
alignment for robot control, where ARDuP generates task-aligned trajectories by focusing on
active interaction regions to bridge language instructions with physical actions. (e)Preference-
level alignment under noisy supervision, where TREND employs a tri-teaching framework to
learn robust reward models and align robot behavior with human intent.

we transition to robotic decision-making by introducing a visual planning framework that aligns

video predictions with task goals in ARDuP (Chapter 5), and conclude with TREND (Chapter 6),

which addresses preference-level alignment under noisy supervision through a tri-teaching strat-

egy. Together, these contributions demonstrate how structured alignment and correspondence can

be leveraged across modalities and domains to enhance both perception and control in embodied

systems.

At the most fundamental level, alignment begins with understanding pixel-level correspon-

dences between images. This problem, known as semantic correspondence, requires matching
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semantically similar regions across images despite variations in appearance, viewpoint, and con-

text. In Chapter 2, we address this challenge through SCorrSAN, a novel teacher-student frame-

work that effectively learns dense semantic alignment from sparse keypoint annotations. Our

approach leverages spatial context and cross-instance constraints to densify sparse supervision

signals, enabling robust matching across diverse scenarios.

While pixel-level alignment provides foundational understanding, many real-world appli-

cations require tracking and understanding object instances over time. This necessitates mov-

ing from static image pairs to dynamic video sequences, where we must maintain consistent

instance-level alignment across frames. Chapter 3 presents two complementary approaches to

this challenge: PointVIS, which achieves high-quality video instance segmentation using min-

imal point supervision, and UVIS, which eliminates the need for manual annotations entirely

through self-supervised learning. These methods demonstrate how structured constraints and

temporal consistency can compensate for limited supervision in video understanding.

Beyond object tracking, video action understanding often requires modeling higher-order

relational and temporal structure. In Chapter 4, we introduce Trokens, a framework that con-

structs semantic-aware relational trajectory tokens for few-shot action recognition. By integrat-

ing dense point-based motion cues with object-level relational modeling and temporal attention,

Trokens captures �ne-grained dynamics and signi�cantly improves recognition performance in

data-scarce settings. This contribution highlights how structured alignment at the trajectory level

enables sample-ef�cient generalization in temporal tasks.

The ultimate goal of computer vision is often to enable intelligent interaction with the

physical world through robotics. This requires aligning visual understanding with concrete ac-

tions - a signi�cantly more complex form of alignment that must bridge perception and control.
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In Chapter 5, we introduce ARDuP, a framework for video-based policy learning that generates

task-aligned visual plans for robot manipulation. By focusing on active regions where interac-

tion occurs, ARDuP effectively aligns language instructions with appropriate action sequences,

demonstrating how structured alignment principles can enhance robot control.

Finally, Chapter 6 tackles the challenge of aligning robot behavior with human preferences,

especially under noisy or ambiguous feedback. We present TREND, a tri-teaching framework

for robust preference-based reinforcement learning. TREND employs three collaborative reward

models to identify and share clean preference samples while incorporating a small number of

expert demonstrations to provide a grounding supervisory signal. This design ensures effective

learning even in high-noise scenarios, and enables scalable preference alignment without exhaus-

tive labeling.

Throughout this thesis, we demonstrate how carefully designed training frameworks can

enable effective alignment learning with limited supervision across different domains and scales,

from pixels to objects to actions. Our work takes important steps toward more practical and

deployable vision and robotics systems that can establish meaningful correspondences across

diverse forms of information. The methods we develop advance the theoretical understanding of

alignment learning and demonstrate strong empirical performance on real-world tasks.
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Chapter 2: Learning Semantic Alignment with Sparse Annotations

2.1 Introduction

Paper List: [1,9,15–22]

Estimating pixel-wise correspondence between images is a fundamental task in computer

vision applications. Correspondences like stereo disparities [23] and optical �ow [24] are widely

used for applications such as surface reconstruction and video analysis [25, 26]. Recently, such

instance-level dense correspondence has been generalized to semantic correspondence, which,

given a pair of images, aligns the object instance from the �rst image to the one of the same

category in the second image [15, 16, 18, 20, 27–30]. It has attracted growing attention due to its

practical use in segmentation, style-transfer, and image editing [31–36]. However, background

clutter, intra-class variations, viewpoint changes, and particularly the severe lack of annotations

make it an extremely challenging task.

Due to the high cost of dense annotation, the semantic correspondence task only provides

sparse keypoint annotations in the supervised setting [20,21,37,38] as shown in Fig. 2.1. In this

paper, we are motivated by how to better utilize the limited supervision. Speci�cally, we explore

the techniques to generate pseudo-labels. However, due to the inevitably noisy effect of pseudo-

labels, �ltering out noisy pseudo-labels remains a challenging problem. Our key observation

is that sparse keypoint annotations and their neighborhood encode rich semantic information.
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Figure 2.1:Motivation. Image pairs from SPair-71k dataset [1] training split show sparse anno-
tations for semantic correspondence.

By utilizing this spatial prior, one can seek reliable pseudo-labels that are more likely in the

foreground region of interest.

To this end, we propose a novel teacher-student framework to cope with label sparsity.

The teacher model is trained with sparse keypoint annotations to generate dense pseudo-labels.

To improve pseudo-labels quality, we propose (a) using the sparse annotations as spatial prior

to suppress the noisy pseudo-labels, and (b) loss-driven dynamic label selection. To train the

models, we propose two variants of our strategy: (1) a single of�ine teacher with an online

student, and (2) two online teachers that learn from each other. Both variants lead to substantial

performance improvements over the state-of-the-art.

We instantiate our novel learning strategy based on our proposed simple, yet effective net-

work architecture for semantic correspondence. The proposed network comprises three modules:

(a) a feature extractor equipped with our ef�cient spatial context encoder, (b) a parameter-free

correlation map module, and (c) a �ow estimator with our designed high-resolution loss.

The contributions are summarized as follows:
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• We propose a simple, yet effective model for semantic correspondence without any trans-

former or 4D-conv for correlation re�nement. The key ingredients are an ef�cient spatial

context encoder and a high-resolution loss.

• We introduce a novel teacher-student learning paradigm to enrich the supervision guidance

when only sparse annotations are available. Two key techniques are a novel spatial-prior

based label �ltering and a loss-driven dynamic label selection strategy for high-quality

pseudo-label generation.

• Our novel learning strategy is simple to implement, and achieves state-of-the-art results

with good generalization performance on three semantic correspondence benchmarks, demon-

strating the effectiveness of our method.

2.2 Related Work

2.2.1 Semantic Correspondence

Conventional approaches for semantic correspondence mostly employ hand-crafted fea-

tures together with geometric models [39–41]. These methods establish correspondences across

images via energy minimization. SIFT Flow [39] pioneers the idea of �nding correspondences

across similar scenes with SIFT descriptors. Hamet al. [2] utilize object proposals as the match-

ing primitives and establish correspondence via HOG descriptors. Those methods often have

dif�culty dealing with background clutter, intra-class variations, and large viewpoint changes

due to the lack of semantics in features.

Recently, deep CNN-based methods have been widely used in semantic correspondences
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due to their powerful representations. Early methods formulate semantic correspondence as a

geometric alignment problem, with a major focus on developing robust geometric models [15,

42, 43]. Roccoet al. [15, 16] propose a two-stage CNN architecture for regressing image-level

transformation parameters, while other efforts regress local translation �elds [35, 43, 44]. More

recent works tend to formulate semantic correspondence as a pixel-wise matching problem and

cast it as a classi�cation problem. Among these works, there are techniques focusing on devel-

oping powerful feature representations [18, 20, 28], correlation map �ltering with 4D/6D-conv

or transformers [9, 36, 37, 45, 46], effective correspondence readout [19], and different levels of

supervision [21, 47, 48]. However, none of these aforementioned methods have explicitly ap-

proached the task of dense semantic correspondence from the perspective of sparse annotations.

2.2.2 Teacher-Student Learning

Teacher-student framework has been widely used in semi-supervised learning (SSL) [49–

53], where the predictions of the teacher model on unlabeled samples serve as pseudo-labels

to guide the student model. Teacher-student framework also plays an important role in knowl-

edge distillation [54–58], where knowledge from a larger teacher model can be transferred into

a smaller student model without loss of validity. Recently, Xinet al. [21] extend teacher-student

to semantic correspondence, where they distill knowledge learned from a probabilistic teacher

model on synthetic data to a static student model with unlabeled real image pairs. In contrast,

we directly learn from real image pairs labeled with sparse keypoints, and focus on addressing

the label sparsity challenge via Siamese teacher-student network design [59]. Note that we tailor

teacher-student learning speci�cally for the dense prediction task of semantic correspondence,

8



Figure 2.2:Model overview. (a) Illustration of our network. Our network comprises three main modules,
including an ef�cient spatial context encoder, a correlation module, and a �ow estimator. (b) Comparison
between our proposed ef�cient spatial context and the full spatial context. Please refer Sec. 2.3 for more
details.Best viewed in color.

where we conduct pixel-level semi-supervised learning within an image and generate pseudo-

labels for unlabeled pixels, while most existing work focus on image-level semi-supervised learn-

ing.

2.3 Model Architecture

Semantic correspondence establishes dense correspondences between a source imageI a

and a target imageI b. We adopt a typical CNN-based method which computes a correlation map

between the convolution features of two images, based on which a dense �ow �eld is predicted

as the �nal output. We additionally encode spatial context ef�ciently to compute high-quality

correlation map and develop a novel teacher-student learning strategy to cope with label sparsity.

This section introduces our simple and powerful semantic correspondence framework. As

depicted in Fig. 2.2, our framework comprises of three main modules: (1) a sparse spatial con-

text feature extractor that encodes context information ef�ciently (Sec. 2.3.1), (2) a correlation

operator to compute the correlation map between two convolution features (Sec. 2.3.2), and (3) a
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