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Abstract

Out-of-distribution (OOD) generalization remains a central obstacle to deploying visual
perception systems in open-ended environments where models encounter objects, con-
cepts, and conditions absent from their training data. Deep learning models achieve remark-
able performance on standardized benchmarks. Yet they frequently fail when deployed in
real-world settings that differ from their training distribution. This thesis addresses this
challenge through the concept of bridging invariants—structural properties that remain
sufficiently stable across distributional gaps and enable the transfer of knowledge from
familiar to novel conditions. Rather than treating all distributional shifts generically, this
work identifies and exploits task-specific invariants by leveraging foundation models as
external sources of these properties and transferring them into task-specific models via
pseudo-labeling.

The thesis presents three complementary contributions, each addressing a distinct type
of generalization gap. First, GOOD (ICLR 2023) bridges the semantic shift gap by exploit-
ing geometric structure—depth and surface normals shared across all physical objects—to
discover novel objects via pseudo-labeling. Training with only a single annotated class,
GOOD surpasses prior methods by 5.0% AR@100. Second, RENOVATE (NeurIPS 2024)
bridges the label-space misalignment gap by exploiting vision-language alignment to gen-
erate precise, segment-level category names. RENOVATE yields a 15% relative mIoU im-
provement and matches 5× more training data with original names. Third, LoftUp (ICCV
2025 Oral) bridges the resolution gap by exploiting boundary structure from SAM masks to
construct pseudo-groundtruth high-resolution features. With less than 20% additional pa-
rameters, LoftUp achieves 10–20% improvement across six dense prediction tasks. Across
all three works, the shared mechanism is consistent: identify the invariant that holds across
the distributional gap, extract it from a foundation model, and transfer it through pseudo-
labels to guide the task-specific model.

Yet each of these bridges was built across a gap that a human researcher had already
identified. Beyond constructing bridges, this thesis therefore discusses the upstream prob-
lem of gap discovery—systematically identifying distributional shifts rather than assuming
they are known. A structured analysis of recent OOD research reveals that gap discovery
remains the field’s least systematized activity, and a retrospective case study demonstrates
that automated tools from adjacent communities can accelerate this process. The thesis
concludes by analyzing the biases that bridging invariants themselves introduce and iden-
tifying open problems at the intersection of gap discovery and invariant design. Taken to-
gether, these contributions establish bridging invariants as a principled and practical frame-
work for OOD generalization in visual perception.
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Kurzfassung

Die Generalisierung auf Daten außerhalb der Trainingsverteilung (Out-of-Distribution,
OOD) stellt ein zentrales Hindernis für den Einsatz visueller Wahrnehmungssysteme in
offenen Umgebungen dar, in denen Modelle auf Objekte, Konzepte und Bedingungen tref-
fen, die in ihren Trainingsdaten nicht enthalten waren. Während Deep-Learning-Modelle
auf standardisierten Benchmarks bemerkenswerte Leistungen erzielen, versagen sie häufig
in realen Einsatzszenarien, die sich von ihrer Trainingsverteilung unterscheiden. Diese Dis-
sertation begegnet dieser Herausforderung durch das Konzept der überbrückenden Invari-
anten (bridging invariants) — strukturelle Eigenschaften, die über Verteilungslücken hin-
weg hinreichend stabil bleiben und den Wissenstransfer von bekannten zu neuartigen Be-
dingungen ermöglichen. Anstatt alle Verteilungsverschiebungen generisch zu behandeln,
identifiziert und nutzt diese Arbeit aufgabenspezifische Invarianten, indem sie Foundation
Models als externe Quellen dieser Eigenschaften einsetzt und sie über Pseudo-Labeling in
aufgabenspezifische Modelle überträgt.

Die Dissertation präsentiert drei komplementäre Beiträge, die jeweils eine unterschied-
liche Art von Generalisierungslücke adressieren. Erstens nutzt GOOD (Geometry-guided
Open-world Object Detector, ICLR 2023) geometrische Struktur als überbrückende In-
variante für Open-World-Objekterkennung. Das Verfahren trainiert ein Objektvorschlags-
Netzwerk auf geometrischen Merkmalen monokularer Tiefen- und Normalenschätzer, um
neuartige Objekte im Trainingsdatensatz zu entdecken, und verwendet diese Entdeckungen
als Pseudo-Labels zum Training eines RGB-basierten Detektors. Mit nur einer einzigen
annotierten Klasse übertrifft GOOD bisherige Methoden um 5,0% AR@100 auf neuarti-
gen Kategorien. Zweitens identifiziert RENOVATE (NeurIPS 2024) die Vision-Language-
Ausrichtung als überbrückende Invariante für Open-Vocabulary-Segmentierung. Das Ver-
fahren nutzt Bildbeschreibungsmodelle zur Generierung kontextuell relevanter Namens-
kandidaten und trainiert ein Umbenennungsmodell zur Auswahl der besten Übereinstimmung
für jede Segmentierungsmaske. Umbenannte Kategorienamen verbessern sowohl Training
als auch Evaluation: Modelle, die auf 104 Bildern mit erneuerten Namen trainiert werden,
erreichen die Leistung von Modellen, die auf 5×104 Bildern mit Originalnamen trainiert
werden, und die beste Konfiguration erzielt eine relative Verbesserung von 15% im mIoU.
Drittens nutzt LoftUp (ICCV 2025, Oral) Grenz- und Regionsstruktur als überbrückende
Invariante, um grobe Merkmale von Vision Foundation Models auf Pixelauflösung hoch-
zurechnen. Das Verfahren konstruiert Pseudo-Grundwahrheits-Merkmale hoher Auflösung
mittels klassenagnostischer SAM-Masken und trainiert einen koordinatenbasierten Cross-
Attention-Transformer für das Upsampling unter Beibehaltung von Objektgrenzen. Mit
weniger als 20% zusätzlichen Parametern erzielt LoftUp Verbesserungen von 10–20%
über sechs dichte Vorhersageaufgaben hinweg. Über alle drei Arbeiten hinweg ist der
gemeinsame Mechanismus konsistent: Identifikation der Invariante, die über die Vertei-
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lungslücke hinweg gilt, Extraktion aus einem Foundation Model und Übertragung durch
Pseudo-Labels zur Steuerung des aufgabenspezifischen Modells.

Über die Konstruktion von Brücken hinaus diskutiert diese Dissertation das vorgela-
gerte Problem der Lückenentdeckung (Gap Discovery) — die systematische Identifikation
von Verteilungsverschiebungen, anstatt diese als bekannt vorauszusetzen. Eine strukturier-
te Analyse aktueller OOD-Forschung zeigt, dass die Lückenentdeckung (Gap Discovery)
die am wenigsten systematisierte Aktivität des Feldes bleibt, und eine retrospektive Fall-
studie demonstriert, dass automatisierte Werkzeuge aus benachbarten Fachgebieten diesen
Prozess beschleunigen können. Die Dissertation schließt mit einer Analyse der Verzer-
rungen, die überbrückende Invarianten selbst einführen, und identifiziert offene Probleme
an der Schnittstelle von Lückenentdeckung und Invarianten-Design. Zusammengenommen
etablieren diese Beiträge überbrückende Invarianten als ein prinzipiengeleitetes und prak-
tisches Rahmenwerk für OOD-Generalisierung in der visuellen Wahrnehmung.
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1 Introduction

1.1 Motivation: The Generalization Problem in Visual
Perception

Deep learning has transformed visual perception, achieving remarkable performance on
standardized benchmarks in object detection [164, 70, 163], semantic segmentation [123,
24, 170], and depth estimation [44, 62, 158]. Yet a persistent gap separates benchmark
success from real-world reliability. When deployed in open-ended environments, models
frequently encounter objects, concepts, and conditions that were absent from their training
data. This discrepancy between the training distribution and the deployment environment—
the challenge of Out-of-Distribution (OOD) generalization—remains one of the central
obstacles to building trustworthy visual perception systems.

This gap has immediate practical consequences. An autonomous vehicle must detect
objects it has never seen in training [194, 57, 16]. A medical imaging system must seg-
ment structures that differ in appearance from the annotated cases it learned from [20, 118,
83]. A robotic manipulation system must recognize and localize objects regardless of their
visual novelty [233, 91]. In each of these settings, the inability to generalize beyond the
training distribution can lead to silent, potentially catastrophic failures. Solving OOD gen-
eralization is therefore a prerequisite for deploying visual perception systems in the real
world.

What makes this problem so persistent? At its core, the difficulty stems from a fun-
damental asymmetry: the training distribution is finite and curated, while the deployment
world is open-ended and unpredictable. Models trained on closed datasets are rewarded
for exploiting whatever statistical regularities—including superficial ones—best predict
the training labels. This often results in shortcut learning [58]: models latch onto textures,
backgrounds, or discriminative parts that happen to correlate with labels in the training
set, rather than learning the deeper structural regularities that would generalize to novel
conditions. The result is a model that appears competent within its training distribution but
whose behavior is fundamentally under-determined outside it.

1.2 The Generalization Gap

The discrepancy between in-distribution (ID) and out-of-distribution (OOD) performance
can be understood as a generalization gap. But “OOD” encompasses structurally different
types of distributional shift, and understanding these differences is essential for addressing
them.
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This thesis engages with three types of generalization gap, each representative of a
broader family of distributional shifts:

(1) Semantic shift: The appearance of novel object categories unseen during training.
A detector trained on a fixed set of classes must still localize objects from unknown
categories in an open-world setting [90, 10].

(2) Label-space misalignment: A mismatch in the semantic interface between model and
benchmark, rather than in the visual input itself. When category names in segmentation
datasets are imprecise or overly broad, the model’s text-based reasoning is misaligned
with the actual visual content—even though the underlying vision-language represen-
tations may be adequate [235, 38].

(3) Resolution and granularity shift: A discrepancy between the spatial resolution at
which a model represents visual information and the resolution required by down-
stream tasks. Vision Foundation Models (VFMs) [14] produce highly semantic but
spatially coarse features, creating a gap for tasks that require pixel-level precision [52].

What these gaps have in common is that they cannot be resolved by collecting more data
from the training distribution or by improving optimization on the existing objective. The
training loss constrains model behavior on in-distribution inputs, but it does not uniquely
determine what the model does on inputs outside that distribution: many different functions
can achieve the same training performance while behaving very differently under shift [35].
This under-determination is what makes OOD generalization fundamentally hard.

Yet generalization remains possible—provided something beyond the training objective
guides the model’s behavior in novel conditions. The central question of this thesis is: what
is that “something,” and how can we provide it?

1.3 Bridging Invariants: The Core Idea

This thesis proposes a unifying answer: OOD generalization becomes possible when we
identify a structural property that remains sufficiently stable across the distributional
gap—a property that, unlike raw input statistics, is shared between the training and de-
ployment distributions—and design a mechanism to exploit it. We call such a property a
bridging invariant.

Consider the gap between known and novel object categories. RGB appearance varies
drastically across semantic classes: a sandwich looks nothing like a person. But three-
dimensional structure—depth and surface normals estimated by monocular geometry mod-
els [42, 159]—is shared across all physical objects regardless of their semantic identity. A
sandwich and a person both occupy space, cast shadows, and have coherent surfaces. Geo-
metric structure is therefore a bridging invariant for the semantic shift gap: it holds on both
sides and provides a basis for transferring detection capability from known to unknown
categories.

The same logic applies to the other gaps in this thesis. For label-space misalignment,
the bridging invariant is vision-language alignment: the shared structure between how hu-
mans perceive objects and how vision-language models such as CLIP [157] encode them.
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Figure 1.1: The bridging invariant pipeline. A distributional gap separates training from
deployment (top). A foundation model extracts a bridging invariant—a structural property
shared across both distributions (middle). This invariant is converted into pseudo-labels
that guide the task-specific model (bottom). The right column shows the three instantiations
developed in this thesis. Figure 2.3 formalizes this framework with mathematical notation.

This alignment holds as long as objects are named according to common perceptual norms
rather than arbitrary dataset conventions. For the resolution gap, the bridging invariant is
boundary and region structure: object boundaries and region membership, as captured by
class-agnostic segmentation models such as SAM [97], are scene-level properties, inde-
pendent of feature resolution, and therefore hold whether features are computed at a coarse
or fine scale. Figure 1.1 illustrates this framework schematically.

Connection to theory. The bridging invariant framework is a conceptual lens for under-
standing and designing methods—it guides the identification of useful invariants and orga-
nizes diverse approaches under a common vocabulary, without claiming formal guarantees
or tight generalization bounds. More precisely, a bridging invariant can be understood as
a mapping φ : X → Z into a signal space Z where the training and test distributions are
closer than in the original input space. Concretely, while Ptrain(X) ̸= Ptest(X), the H∆H-
divergence [12]—a measure of how well a classifier can distinguish between two distribu-
tions (see Section 2.1.2)—between the induced distributions Ptrain(φ(X)) and Ptest(φ(X))
is small relative to the divergence between the original input distributions. The mapping
φ projects away the factors that shift across distributions while preserving the structure
needed for the downstream task. This connects to the representation learning view of do-
main adaptation [12], where generalization depends on finding a representation in which
source and target domains are close. Classical domain adaptation learns φ end-to-end by
minimizing a divergence measure between domains, typically requiring access to data from
both distributions during training. This thesis takes a different approach: we identify what
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Table 1.1: Overview of the three bridging invariants developed in this thesis. Each row
summarizes how a specific generalization gap is addressed by identifying an invariant,
extracting it from a foundation model, and transferring it via pseudo-labeling.

GOOD (Ch. 3) RENOVATE (Ch. 4) LoftUp (Ch. 5)

Gap type Semantic shift (novel categories) Label-space misalignment (imprecise names) Resolution shift (coarse VFM features)

Bridging invariant Geometric structure (depth, normals) Vision-language alignment Boundary & region structure

Invariant source Omnidata / MiDaS CLIP + CaSED SAM / SAM 2

Transfer mechanism Pseudo bounding boxes Pseudo category names Pseudo HR features

Key result +5.0% AR@100 (24% rel.) +15% rel. mIoU; 5× data eff. 10–20% improvement across 6 tasks

the right φ is for a given gap—what structural property is actually shared—and then realize
it using an external source. The intellectual contribution is in recognizing which invariant
matters for a given distributional shift, with the optimization procedure that exploits it be-
ing secondary.

The framework also makes the failure modes of a bridging invariant explicit:

(i) The structural property assumed to be shared actually shifts between training and
deployment—for example, geometric structure is uninformative for objects defined
by texture rather than shape.

(ii) The foundation model that provides the invariant introduces its own distortions—
monocular depth estimates degrade on unusual materials, CLIP embeddings reflect
internet-centric biases.

(iii) The invariant is task-relevant for only a subset of the test distribution—boundary
structure aids segmentation but may harm tasks requiring smooth spatial variation.

Each of these failure modes is observed empirically across the technical chapters and dis-
cussed in the Conclusion (Chapter 7), where we analyze how the biases of each bridge
relate to its invariant source.

Foundation Models (FMs) [14] are remarkably effective sources of bridging invari-
ants. Pre-trained on diverse, internet-scale data, foundation models internalize structural
regularities—geometric, semantic, spatial—that hold across a far broader range of condi-
tions than any task-specific training set covers. This thesis leverages foundation models as
off-the-shelf tools for accessing bridging invariants: monocular depth and normal estima-
tors [42, 159] provide geometric structure, vision-language models [157] provide semantic
alignment, and segmentation models like SAM [97] provide boundary structure. However,
foundation models are sources of bridging invariants; the conceptual contribution is in
identifying which invariant bridges a given gap and designing a mechanism—typically a
pseudo-labeling pipeline—to transfer it into the task-specific model (Table 1.1). Founda-
tion models thus play a dual role in this thesis: they supply the raw invariant, and their
broad training coverage explains why that invariant holds across a wide range of deploy-
ment conditions. The limits of this coverage—and the biases it introduces—are analyzed
in Chapter 7.
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1.4 Contributions

This thesis presents three works, each addressing a specific generalization gap by identify-
ing and exploiting a bridging invariant.

1.4.1 The Geometric Bridge: Open-World Object Detection (GOOD)

The gap: RGB-based object detectors overfit to the appearance of training classes and
fail to detect novel-looking objects in open-world settings. The more visually dissimilar a
novel category is from the training classes, the more severe the failure.

The bridging invariant: Geometric structure—depth and surface normals—is shared
across all physical objects regardless of semantic class. Objects that look nothing alike in
RGB (e.g., food items vs. vehicles) share common geometric properties: spatial extent,
surface orientation, and closure.

The method: We train an object proposal network on geometric cues extracted by off-
the-shelf monocular estimators. This network discovers unannotated novel objects in the
training set, which are then used as pseudo-labels to train an RGB-based open-world de-
tector. The resulting Geometry-guided Open-world Object Detector (GOOD) combines the
complementary strengths of geometric and appearance cues.

Key result: Training with only a single “person” class on the COCO dataset, GOOD
surpasses state-of-the-art methods by 5.0% AR@100 on non-person classes (a 24% relative
improvement).

1.4.2 The Semantic Bridge: Renovating Benchmark Names (RENOVATE)

The gap: Open-vocabulary segmentation models generalize to unseen categories by using
class names as text prompts. However, existing benchmark names are often imprecise,
overly general, or contextually misaligned with the actual visual segments, degrading both
training and evaluation.

The bridging invariant: Vision-language alignment—the shared structure between hu-
man visual perception and the representations learned by vision-language models—which
holds when objects are named according to common perceptual norms rather than arbitrary
dataset conventions.

The method: RENOVATE uses image captioning models to generate contextually
relevant candidate names, then trains a specialized renaming model to select the best-
matching name for each ground-truth segmentation mask. This automated pipeline pro-
duces segment-level names that align more closely with the vision-language model’s se-
mantic space.

Key result: Training with renovated names yields up to 15% relative improvement in
open-vocabulary segmentation, and models trained on 104 images with renovated names
match the performance of models trained on 5×104 images with original names.
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1.4.3 The Spatial Bridge: Feature Upsampling (LoftUp)

The gap: Vision Foundation Models produce highly semantic but spatially coarse feature
maps (typically 16× downsampled), limiting their utility for dense prediction tasks that
require pixel-level precision. Increasing input resolution is computationally prohibitive;
task-specific decoders require extensive retraining.

The bridging invariant: Boundary and region structure—object boundaries and region
membership are resolution-independent properties of the scene that hold whether features
are computed at coarse or fine scale.

The method: LoftUp constructs pseudo-groundtruth high-resolution features using
class-agnostic masks from SAM, then trains a coordinate-based cross-attention transformer
that maps image coordinates and RGB values to high-resolution features via cross-attention
with the low-resolution feature map.

Key result: With less than 20% additional parameters, LoftUp outperforms existing
feature upsamplers by 10–20% on most downstream tasks, and achieves over 35% im-
provement on video object segmentation.

1.4.4 The Upstream Problem: Gap Discovery (Discussion)

The gap: The three technical chapters each assumed that a human researcher had already
identified the distributional shift to be bridged. Gap discovery—systematically identifying
where a model’s training distribution diverges from deployment conditions—remains the
least systematized stage of the OOD generalization pipeline.

The contribution: Chapter 6 examines gap discovery as the remaining piece needed to
complete the bridging invariant framework. It surveys failure-discovery methodology from
adjacent communities, analyzes how the OOD field currently identifies gaps, and tests the
practical potential through a human–AI collaborative case study that applies automated
diagnostic tools to the naming misalignment that motivated RENOVATE.

Key insight: Human–AI collaboration emerges as the practical sweet spot: automated
tools can rapidly flag candidate gaps, but only within a search space that a human researcher
has specified. The chapter identifies four open problems, from the limits of automated
discovery to the question of completeness—when has a model been tested against enough
distributional shifts?

1.5 Thesis Organization

The remainder of this thesis is structured as follows. Chapters 3–5 are largely self-
contained but share a common framework established in Chapter 2; each builds on the
previous by addressing a different type of gap with a different invariant, progressing from
geometric to semantic to spatial structure. Chapter 6 then reflects on the upstream question
that all three technical chapters left implicit, and the Conclusion synthesizes the cross-
cutting themes.

Chapter 2 provides background on the theory and practice of OOD generalization, the
role of invariance in representation learning, and foundation models as sources of bridging
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invariants.
Chapter 3 presents GOOD, demonstrating how geometric invariants can bridge the gap

between known and novel object categories in open-world detection.
Chapter 4 presents RENOVATE, showing that aligning the semantic interface—

category names—with the vision-language model’s representational structure unlocks gen-
eralization that was latent but inaccessible.

Chapter 5 presents LoftUp, introducing a coordinate-based feature upsampler that ex-
ploits boundary structure to bridge the resolution gap between foundation model features
and dense prediction tasks.

Chapter 6 steps back from constructing bridges to examine the epistemic challenge
of gap discovery: how do we identify distributional shifts in the first place, and can this
process be systematized?

Chapter 7 concludes with a summary of contributions, a discussion of the biases that
bridging invariants introduce, and final reflections on the future of OOD generalization.

1.6 Publications

The technical contributions of this thesis are based on the following publications:

(1) Haiwen Huang, Andreas Geiger, and Dan Zhang. “GOOD: Exploring Geometric Cues
for Detecting Objects in an Open World.” In International Conference on Learning
Representations (ICLR), 2023.
→ Chapter 3.

(2) Haiwen Huang, Songyou Peng, Dan Zhang, and Andreas Geiger. “Renovating Names
in Open-Vocabulary Segmentation Benchmarks.” In Advances in Neural Information
Processing Systems (NeurIPS), 2024.
→ Chapter 4.

(3) Haiwen Huang, Anpei Chen, Volodymyr Havrylov, Andreas Geiger, and Dan Zhang.
“LoftUp: Learning a Coordinate-Based Feature Upsampler for Vision Foundation
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2 Background

The bridging invariant framework introduced in Section 1.3 rests on three pillars: a theory
of when generalization under shift is possible, a mechanism for providing invariants exter-
nally, and a class of models rich enough to carry those invariants. This chapter develops
each pillar in turn.

We begin with OOD generalization (Section 2.1): we first establish a taxonomy of distri-
bution shifts (Section 2.1.1), then review classical generalization bounds under shift (Sec-
tion 2.1.2), survey invariance-based methods such as IRM and their empirical limitations
(Section 2.1.3), and discuss shortcut learning as the complementary explanation for why
external invariants are needed (Section 2.1.4). We then discuss invariance and represen-
tation learning as the theoretical grounding for bridging invariants, and review pseudo-
labeling as the shared mechanism through which all three technical chapters realize their
bridges (Section 2.2). Next, we introduce foundation models and explain why they serve
as effective sources of bridging invariants (Section 2.3). Finally, we preview how the sub-
sequent chapters instantiate these ideas (Section 2.4).

2.1 Out-of-Distribution Generalization

2.1.1 Problem Settings: A Taxonomy of Distribution Shift

The term “out-of-distribution” encompasses heterogeneous phenomena. Prior surveys have
organized these along different axes: Shen et al. [184] categorize OOD generalization
methods into unsupervised representation learning, supervised model learning, and opti-
mization strategies; Yang et al. [223] unify anomaly detection, novelty detection, open-set
recognition, and OOD detection under a single framework of “generalized OOD detection.”

These taxonomies organize methods. A complementary question is how to organize the
shifts themselves—a principled characterization of what changes between training and de-
ployment is necessary before one can reason about which invariants might bridge the gap.

Principled framework: OoD-Bench’s two-dimensional view. Ye et al. [228] propose a
principled characterization of distribution shift along two fundamental dimensions, which
we adopt as the conceptual foundation for understanding OOD phenomena:

(1) Diversity shift: Changes in the diversity or distribution of inputs—variations in style,
background, viewpoint, or lighting—that increase the complexity of the input space
without fundamentally altering the correlation structure between features and labels.
The model encounters more visual variation, but the essential feature-label relation-
ships remain stable.
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Figure 2.1: A taxonomy of distribution shift. Following the two-dimensional framework
of Ye et al. [228], distribution shifts can be characterized along diversity shift (changes
in input statistics) and correlation shift (changes in feature-label relationships). The four
thesis-specific gaps are placed within this framework: domain/covariate shift involves di-
versity changes with stable correlations; semantic shift (Ch. 3) and label-space misalign-
ment (Ch. 4) involve correlation shifts; resolution shift (Ch. 5) is a structural mismatch
that sits outside the traditional diversity/correlation dichotomy.

(2) Correlation shift: Changes in the spurious or semantic correlations between features
and labels. A texture or background that reliably predicts class membership in the
training set may no longer do so at test time. These shifts break the assumptions the
model made during training about which features matter for prediction.

Mathematically, diversity shift corresponds to a change in the marginal input distribution
Ptrain(X) ̸= Ptest(X) while the conditional P(Y | X) remains approximately stable; corre-
lation shift corresponds to a change in the joint Ptrain(X ,Y ) ̸= Ptest(X ,Y ) where the con-
ditional P(Y | X) itself changes, typically because spurious features that were predictive
during training lose their association with labels at test time.

This two-dimensional framework provides a principled way to understand diverse phe-
nomena under a unified structure. Most “standard” domain adaptation scenarios (lighting,
weather, style variations) fall under diversity shift, where the feature-label correlations hold
across domains even as the input distribution changes. In contrast, open-vocabulary and
semantic shift scenarios involve correlation shift: novel categories have different visual-
semantic relationships than training categories, or category names may not align with the
vision-language model’s learned associations.
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Thesis-specific gaps within the framework. For the purposes of this thesis, we further
refine this framework by organizing phenomena according to type of shift—what changes
between training and deployment—because this directly maps to the structure of the sub-
sequent chapters:

(1) Domain and covariate shift (Diversity Shift): changes in low-level input statistics—
sensor characteristics, illumination, weather, style, or image corruptions—while the
label distribution remains fixed [128, 54, 74, 208, 59]. These typically represent diver-
sity shifts within an otherwise stable feature-label correlation structure.

(2) Semantic shift (Correlation Shift): The appearance of novel object categories absent
from training, changes in the label set, or mismatches in category granularity between
training and deployment [10, 90, 209, 85]. This represents a fundamental change in the
feature-label correlations available for learning (Chapter 3).

(3) Label-space misalignment (Correlation Shift): Ambiguity, imprecision, or incom-
pleteness in the semantic interface itself—category names, synonyms, or annotation
granularity—that causes misalignment between model predictions and evaluation cri-
teria [235, 65, 38, 80, 221]. This represents a shift in how the semantic space is oper-
ationalized, breaking the assumption that category names in the benchmark align with
the model’s learned associations (Chapter 4).

(4) Resolution and granularity shift: Discrepancies between the spatial resolution at
which a model produces representations and the resolution required by downstream
dense prediction tasks [126, 148, 100, 127]. This is a structural mismatch between the
representational capacity and task requirements (Chapter 5).

It is instructive to map the thesis-specific gaps to the two-dimensional framework
(Fig. 2.1). The semantic shift addressed in Chapter 3 represents a correlation shift: the
feature-label relationships for novel categories differ fundamentally from those of train-
ing categories, and the model’s learned associations break for objects outside the training
taxonomy. The label-space misalignment of Chapter 4 is also a correlation shift, but at
the interface level rather than the input level—the visual content is well-represented by
the model, but the names used to query it do not match its learned associations. We place
it at moderate-to-high diversity in Fig. 2.1 because RENOVATE operates across diverse
benchmarks (ADE20K, COCO, Cityscapes) with substantially different visual domains.
The diversity shift is present at the benchmark level even though the VLM’s internal rep-
resentation handles it. The resolution shift of Chapter 5 does not fit neatly into the diver-
sity/correlation dichotomy: it is a structural mismatch between the model’s representational
capacity and the spatial resolution required by downstream tasks, distinct from shifts in the
input distribution. We place it in Fig. 2.1 with a dashed border to indicate this. Although it
shares some characteristics with diversity shift (the representation space changes), its root
cause is architectural rather than distributional. This illustrates that the OOD landscape
is broader than any single taxonomy captures, motivating the type-based organization we
adopt.
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Many benchmarks operationalize OOD by predefining a train-test split along one of
these axes. This is useful experimentally but can obscure an important point: in real-world
visual perception, OOD often emerges because the system’s interface with the world—
what it is asked to recognize, how it represents inputs, or how finely it must operate—is
itself insufficiently aligned with deployment conditions.

2.1.2 Classical Theory: Bounding Generalization Under Shift

The theoretical study of learning under distribution shift has a rich history. The foun-
dational framework of Ben-David et al. [12] provides generalization bounds for domain
adaptation that are directly relevant to the bridging invariant perspective of this thesis.

Consider a source distribution PS (analogous to the training distribution) and a target
distribution PT (analogous to the deployment distribution) over the same input space X .
Ben-David et al. showed that the target error of a hypothesis h can be bounded as:

εT (h)≤ εS(h)+dH∆H(PS,PT )+λ
∗, (2.1)

where εS(h) is the source error, dH∆H(PS,PT ) is the H∆H-divergence measuring the dis-
crepancy between domains as seen through the hypothesis class H, and λ ∗ is the error of
the ideal joint hypothesis (a term reflecting the intrinsic difficulty of the problem).

The key insight from this bound is that generalization under shift depends on finding
a representation in which the divergence dH∆H is small while the source error remains
low. This is precisely the idea behind bridging invariants: the mapping φ from Section 1.3
projects inputs into a space where the distributions are closer, enabling transfer. The clas-
sical bound provides the theoretical justification for why identifying such a representation
matters.

Subsequent work extended this framework in several directions. PAC-Bayes
bounds [133, 11] provided tighter, data-dependent guarantees. Distributional robust-
ness [174, 40] framed the problem as optimization under worst-case distributional per-
turbations. Causal approaches [152, 182] argued that invariances should be grounded in
causal structure rather than statistical association. Each of these perspectives reinforces the
same core principle: generalization requires identifying what remains stable under shift.

2.1.3 Invariance-Based Approaches to OOD Generalization

The theoretical insight—that generalization requires finding representations where distri-
butions are close—motivated a wave of practical methods for learning invariant represen-
tations.

Invariant Risk Minimization. Arjovsky et al. [7] proposed Invariant Risk Minimization
(IRM), arguing that a representation is robust if the optimal classifier on top of it is the same
across all training environments. IRM formalizes this as a bi-level optimization problem:
learn a representation Φ such that the optimal linear classifier w∗ on Φ is simultaneously
optimal for every environment e. This principle—that a good representation should support
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a stable predictor across environments—is a theoretical precursor to the bridging invariant
idea. However, IRM requires access to data from multiple environments during training,
which is often unavailable in practice.

The relationship between IRM’s invariance and the bridging invariants of this thesis de-
serves explicit attention. IRM defines invariance relative to a classifier: a representation is
invariant if the optimal linear predictor on top of it is the same across all training environ-
ments. In contrast, bridging invariants are defined relative to a representation: the mapping
φ should produce distributions that share task-relevant structure across training and test
conditions. These notions are related—both seek stability across distributional shifts—but
differ in important ways. IRM learns invariance end-to-end from data with multiple envi-
ronment labels. Our approach identifies the invariant from domain knowledge and injects it
via an external source. IRM’s invariance is optimized jointly with the task. Ours is provided
independently by a foundation model. The DomainBed results of Gulrajani and Lopez-Paz
[66], showing that IRM-style methods do not consistently outperform ERM, motivate the
approach taken in this thesis: if learning invariance end-to-end is unreliable, perhaps pro-
viding it externally—from a source that has already internalized the relevant structural
regularity—is a more practical path.

Subsequent variants addressed different limitations. V-REx [103] penalized variance of
risks across environments. IB-IRM [1] combined information bottleneck constraints with
invariance objectives. Fish [186] used inter-domain gradient alignment. Despite theoretical
elegance, the empirical gains of these methods proved inconsistent. Gulrajani and Lopez-
Paz [66] showed in a large-scale study (DomainBed) that no invariance-based method
consistently outperformed well-tuned Empirical Risk Minimization (ERM) across diverse
benchmarks—a sobering finding that highlighted the gap between theory and practice.

Domain generalization. A broader family of methods attempts to train models that gen-
eralize to unseen domains without adaptation at test time. These range from data augmen-
tation strategies [207, 245] and meta-learning [109, 8] to distribution alignment [139, 55].
Benchmarks such as DomainBed [66] and WILDS [98] provide standardized evaluation. A
common finding across these benchmarks is that the effectiveness of any invariance strat-
egy depends critically on whether the assumed invariance actually holds—when it does
not, enforcing the wrong invariance can harm performance.

Implications for this thesis

The invariance-based literature reveals a tension: the principle of finding invariant repre-
sentations is sound, but learning these representations end-to-end from data is difficult,
unstable, and dependent on having access to the right environment diversity during train-
ing. This thesis takes a different approach. We identify specific structural invariants that
are known to hold for a given distributional gap—geometric structure for semantic shift,
vision-language alignment for label-space misalignment, boundary structure for resolution
shift—and inject them into the learning process using external sources, sidestepping the
optimization difficulties of end-to-end invariance learning while preserving the theoretical
motivation.
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Figure 2.2: Shortcut learning as a cause of OOD failure. (a) During training, the model
exploits a spurious correlation between background context (grass) and the label (cow),
since this is the simplest predictor that minimizes training loss. (b) At test time, when
the cow appears against a novel background (beach), the shortcut fails and the model
misclassifies the object. Bridging invariants address this by providing features—such as
geometric structure—that are robust to such contextual shifts.

2.1.4 Shortcut Learning and Under-Determination

A complementary perspective on why OOD generalization fails comes from the shortcut
learning literature. Geirhos et al. [59] demonstrated that convolutional neural networks
trained on ImageNet are heavily biased toward texture rather than shape—a bias that ex-
plains many generalization failures, since texture statistics shift more readily across do-
mains than object shape. Geirhos et al. [58] generalized this observation, arguing that
shortcut learning is the default outcome of standard training: models exploit the simplest
available correlations that predict training labels, regardless of whether these correlations
hold under distribution shift (Fig. 2.2).

The shortcut learning perspective is important for this thesis because it explains why ex-
ternal bridging invariants are needed. If models reliably learned the “right” features during
standard training, OOD generalization would be solved by scaling up data and compute.
The persistence of shortcut learning even in large-scale models [58] suggests that the train-
ing objective alone is insufficient to determine robust behavior—the model’s representation
is under-determined with respect to OOD generalization, and something beyond the train-
ing loss must constrain it. Bridging invariants provide exactly this additional constraint.

2.2 Invariance and Representation Learning

The previous section established that generalization under shift requires finding represen-
tations where distributional divergence is small. This section develops that idea in two
parts: we first examine the role of intermediate representations as bridges between distri-
butions (Section 2.2.1), and then show how pseudo-labeling serves as the shared mecha-
nism through which all three technical chapters transfer their bridging invariants into the
training pipeline (Section 2.2.2).
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Figure 2.3: Formal view of bridging invariants. This figure formalizes the pipeline intro-
duced schematically in Fig. 1.1. A mapping φ projects both the source distribution PS and
target distribution PT independently into an invariant space Z where distributional diver-
gence is small. This thesis instantiates this framework through three distinct invariants:
geometric structure for open-world detection (Ch. 3), vision-language alignment for open-
vocabulary segmentation (Ch. 4), and boundary structure for feature upsampling (Ch. 5).

2.2.1 Representations as Bridges

The role of intermediate representations in enabling generalization has been a central theme
in machine learning since the early days of feature engineering. The transition from hand-
crafted features (SIFT [125], HOG [36]) to learned representations (CNNs [102], Trans-
formers [204]) changed how the answer is obtained, but the question of what a good rep-
resentation should capture persists.

From the perspective of this thesis, a good representation for OOD generalization is
one that retains task-relevant information while discarding the factors that vary across dis-
tributions. This connects to several theoretical frameworks. The information bottleneck
principle [201, 187] formalizes this as a trade-off between compression and prediction:
a representation should compress the input as much as possible while preserving infor-
mation about the target. Disentanglement [13, 73] seeks representations where different
factors of variation are encoded in separate dimensions, making it possible to change one
factor (e.g., lighting) without affecting others (e.g., object identity). These principles are
complementary: Huang, Amersfoort, and Gal [79] showed that decomposing learned rep-
resentations along information-theoretic and disentanglement principles can improve un-
certainty estimation under distribution shift, connecting representation structure directly to
OOD robustness.

The bridging invariant formalization from Section 1.3 can be understood through this
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lens (Fig. 2.3). The mapping φ : X →Z acts as a representation that discards the shifting
factors (appearance for GOOD, naming conventions for RENOVATE, spatial resolution
for LoftUp) while preserving the task-relevant structure (object presence, semantic identity,
dense features). The difference from classical representation learning is that we do not learn
φ from the downstream task—we obtain it from an external source (a foundation model)
that has already internalized the relevant invariance through large-scale pre-training.

2.2.2 Pseudo-Labeling as Invariant Transfer

A practical observation unifies the three technical chapters of this thesis: all three exploit
their bridging invariant through some form of pseudo-labeling. GOOD generates pseudo
bounding boxes from geometry-trained proposal networks. RENOVATE generates pseudo
category names from vision-language models. LoftUp generates pseudo high-resolution
features from SAM-guided self-distillation. In each case, the bridging invariant is realized
as pseudo-groundtruth that augments the training signal.

Pseudo-labeling and self-training have a long history in semi-supervised and unsuper-
vised learning. Lee [106] introduced pseudo-labels for semi-supervised classification, as-
signing the model’s own high-confidence predictions as training targets. Xie et al. [216]
scaled this to Noisy Student Training, demonstrating that iterative pseudo-labeling with
noise injection improves ImageNet accuracy. FixMatch [192] combined consistency reg-
ularization with pseudo-labeling, using strong augmentation to prevent collapse. More re-
cent work has shown that pseudo-labeling benefits from curriculum learning [3], confi-
dence estimation [169], and careful threshold selection [211] to mitigate the accumula-
tion of errors from mislabeled data. These advances establish pseudo-labeling as a mature
mechanism for leveraging unlabeled data, but they all assume the pseudo-labels originate
from the model’s own predictions—an assumption that this thesis relaxes.

In the context of this thesis, pseudo-labeling serves a different purpose than in classi-
cal semi-supervised learning. In classical self-training, the model teaches itself from its
own predictions on unlabeled data. Here, the pseudo-labels are generated by an external
source: a foundation model that provides access to a bridging invariant. GOOD’s pseudo
boxes come from geometry, not from RGB appearance. RENOVATE’s pseudo names come
from vision-language alignment, not from dataset conventions. LoftUp’s pseudo features
come from boundary-aware refinement, not from the VFM’s own upsampling. We call
this mechanism invariant transfer: the external source injects a structural property into the
training pipeline that lies outside the downstream model’s training signal.

This external sourcing partially mitigates the well-known problem of confirmation bias
in pseudo-labeling [3], where errors in self-generated labels are reinforced during retrain-
ing. Because the error modes of the foundation model differ from those of the down-
stream model, the pseudo-labels provide complementary information rather than reinforc-
ing existing mistakes. However, this does not eliminate noise entirely: when the foundation
model itself fails—on out-of-domain inputs, unusual materials, or underrepresented visual
concepts—the pseudo-labels degrade, and with them the bridge. This motivates the two-
stage self-distillation strategy in LoftUp (Chapter 5), where iterative refinement progres-
sively reduces noise in the pseudo-groundtruth. More broadly, the quality of the pseudo-
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Table 2.1: Foundation model families used in this thesis. Each family provides access to a
different bridging invariant through its pre-training objective and learned representations.

Family Representative Models Training Signal Key Property Thesis Chapter

Self-supervised vision DINOv2 [145], MAE [68] Self-distillation / masking Dense semantic features Ch. 5
Vision-language CLIP [157], SigLIP [236] Image-text contrastive Text-image alignment Ch. 4, 5
Segmentation SAM [97], SAM 2 [162] Prompted segmentation Class-agnostic boundaries Ch. 5
Geometry estimation Omnidata [42], MiDaS [159] Supervised regression Depth, surface normals Ch. 3

labels depends on the quality of the external source—a theme we return to when discussing
the biases of bridges in the conclusion (Chapter 7).

2.3 Foundation Models as Invariant Sources

Bridging invariants require both a structural property and a mechanism for injecting it.
Where do we obtain these invariants in practice? This section introduces foundation models
as the answer. We describe the relevant model families (Section 2.3.1), explain why their
training regime produces useful invariants (Section 2.3.2), and discuss the limitations of
relying on them (Section 2.3.3).

2.3.1 What Are Foundation Models?

Foundation models are large-scale models pre-trained on broad, diverse data that can be
adapted to a wide range of downstream tasks [14]. Their distinguishing property is gen-
erality: rather than being trained for a specific application, they learn representations that
transfer across tasks, domains, and even modalities.

The success of foundation models can be attributed to three factors: scale (billions of
parameters trained on billions of data points), diversity (training data spanning a wide range
of visual and linguistic conditions), and self-supervised or weakly-supervised objectives
that do not depend on task-specific annotations.

This thesis engages with four families of foundation models, each providing access to
a different bridging invariant (Table 2.1). We briefly introduce the key architectural ideas
relevant to understanding the subsequent chapters.

Vision Transformers. The Vision Transformer (ViT) [39] divides an input image into
fixed-size patches (typically 16× 16 pixels), linearly embeds each patch, and processes
the resulting sequence with a standard Transformer encoder [204], augmented with posi-
tional embeddings that encode spatial location. The key consequence for this thesis is the
resolution bottleneck: the patch embedding reduces spatial resolution by a factor of 16,
producing features that are highly semantic but spatially coarse. This creates the resolution
gap that Chapter 5 addresses.

Self-supervised pre-training of ViTs has produced a family of powerful vision founda-
tion models. DINO [19] pioneered self-distillation for vision transformers, learning fea-
tures that emerge without clustering-based losses. DINOv2 [145] extended this with im-

17



proved scaling, learning representations that capture both semantic and geometric struc-
ture. DINOv3 [188] further advances self-supervised vision learning with improved train-
ing recipes and stronger representations. Masked Autoencoder (MAE) [68] learns by re-
constructing masked image patches, while BEiT [9] combines masked image modeling
with vector-quantized tokens. EVA [49] achieves strong performance through improved
training and architectural innovations. SigLIP [236] uses sigmoid-based contrastive learn-
ing between image and text, and SigLIP-2 [202] extends this with further optimizations.
These models internalize structural regularities from diverse training data, making them
natural sources of bridging invariants. Of these, this thesis directly uses DINOv2 as the
primary backbone in the LoftUp pipeline (Ch. 5).

Contrastive vision-language models. CLIP [157] pioneered large-scale vision-language
pre-training, learning joint representations of images and text by contrastive learning on
hundreds of millions of image-text pairs from the internet. The resulting embedding space
aligns visual appearance with linguistic description, enabling zero-shot transfer: a model
can classify images into categories it has never been explicitly trained on, simply by com-
paring image embeddings to text embeddings of category names.

Subsequent work has refined and extended CLIP’s approach. EVA-CLIP [195] incor-
porates architectural improvements to achieve stronger vision-language alignments. Open-
CLIP [82] provides open-source implementations and stronger baselines across various
architectures.

For this thesis, the key property of CLIP-like models is that they provide a seman-
tic bridge: the alignment between vision and language is learned from diverse web data
and therefore reflects common perceptual norms rather than the conventions of any single
benchmark. This is the invariant that Chapter 4 exploits—when category names are aligned
with these norms, the vision-language alignment enables generalization.

Promptable segmentation models. The Segment Anything Model (SAM) [97] was
trained on over one billion masks to segment any object in any image, given a prompt
(point, box, or mask). SAM 2 [162] extends this to video by incorporating temporal con-
sistency and recurrent connections, enabling prompt-based instance segmentation across
video frames. SAM 3 [18] further advances the family by integrating semantic concepts
into the segmentation pipeline, enabling concept-aware prompting. The key property is
class-agnostic boundary detection: SAM and its successors produce high-quality object
boundaries regardless of object category, because their training data spans an enormous
diversity of visual concepts.

For this thesis, SAM provides access to a spatial bridge: object boundaries are
resolution-independent properties of the scene, and SAM’s class-agnostic masks can serve
as pseudo-groundtruth for training feature upsamplers that respect boundary structure at
any resolution. This is the invariant that Chapter 5 exploits.

Monocular geometry estimators. Models such as Omnidata [42] and MiDaS [159] es-
timate depth and surface normals from a single RGB image. Trained on diverse real and
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synthetic 3D scenes, these estimators generalize well across domains—their predictions
are accurate even on images very different from their training data. This robustness arises
because geometric structure (relative depth, surface orientation) is a physical property that
transcends appearance. For this thesis, monocular estimators provide access to a geometric
bridge: the invariant that Chapter 3 exploits.

2.3.2 Why Foundation Models Carry Bridging Invariants

Why should foundation models provide useful bridging invariants? The key is the relation-
ship between training diversity and implicit invariance.

A model trained on internet-scale data encounters an enormous range of visual con-
ditions: different objects, viewpoints, lighting, styles, and scenes. To achieve low train-
ing loss across this diversity, the model must learn representations that capture regu-
larities across conditions rather than memorizing condition-specific patterns. From an
information-theoretic perspective [201], diverse training data forces the model to compress
away irrelevant variation—the factors that differ across conditions contribute noise rather
than signal—leaving representations that emphasize the invariant structure shared across
contexts. Geometric structure is such a regularity—it governs how objects appear regard-
less of their identity. Semantic alignment between images and text is another—it reflects
how humans describe the visual world across contexts. Boundary structure is a third—it or-
ganizes visual scenes at every scale. Empirically, foundation models trained with different
objectives (contrastive, masked prediction, generative) converge on surprisingly similar in-
ternal representations [81]. This convergence suggests that training diversity drives models
toward a shared set of structural regularities regardless of the specific learning signal.

However, this implicit coverage has limits. Foundation models learn whatever regu-
larities their training data contains, but they cannot learn regularities absent from that
data. Novel physical phenomena, rare cultural contexts, or combinatorial interactions of
individually-seen factors may fall outside the implicit boundary [14, 199]. The invariants
that foundation models carry are therefore empirically robust across a broad range of con-
ditions, but not guaranteed to hold universally. This has consequences for the reliability of
bridges built on them—a theme we return to in the conclusion (Chapter 7).

2.3.3 Limitations: What Foundation Models Cannot Provide

Foundation models are powerful sources of bridging invariants, but they do not solve the
OOD generalization problem by themselves. Three limitations are relevant:

First, foundation models do not tell us which invariant matters for a given gap. A monoc-
ular depth estimator carries geometric structure, but it takes human insight to recognize
that geometric structure is the right bridging invariant for open-world object detection. The
identification of the invariant—the conceptual step—remains a human contribution.

Second, foundation models are not trained for specific downstream tasks. They learn
general-purpose representations, but adapting these to a concrete OOD task requires
non-trivial method design. For example, CLIP features alone perform poorly for open-
vocabulary segmentation without task-specific adaptation [38, 221]—the gap between a
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general-purpose representation and task-specific utility must be bridged by intellectual in-
sight about how to transfer the invariant. This is where the methodological contribution of
each chapter lies.

Third, foundation models carry biases from their training data, and these biases prop-
agate into any bridge built on them. CLIP’s vision-language alignment reflects the dis-
tribution of internet image-text pairs, which is neither culturally neutral nor taxonomically
complete. SAM’s boundary quality depends on the distribution of objects seen during train-
ing. Monocular depth estimators can fail on unusual materials or adversarial inputs. The
invariants that foundation models provide are therefore empirically robust across a broad
range of conditions, but not formally guaranteed—a bridge is only as reliable as the source
that provides it.

These limitations motivate two responses in this thesis: a discussion of the biases of
bridges in the conclusion (Chapter 7), and a broader examination of the gap discovery
problem in Chapter 6.

2.4 From Background to Bridges

The preceding sections established the conceptual machinery: OOD generalization requires
finding representations where distributional divergence is small (Section 2.1); bridging in-
variants provide such representations by identifying structural properties shared across the
gap (Section 2.2); and foundation models serve as practical sources of these invariants
(Section 2.3).

The following three chapters instantiate this framework for three distinct generalization
gaps:

• Chapter 3 (GOOD): Exploits geometric structure (monocular depth and normals) as a
bridging invariant for open-world object detection. The invariant is realized as pseudo
bounding boxes generated by a geometry-trained proposal network.

• Chapter 4 (RENOVATE): Exploits vision-language alignment as a bridging invariant
for open-vocabulary segmentation. The invariant is realized as renovated category names
generated by a VLM-guided renaming pipeline.

• Chapter 5 (LoftUp): Exploits boundary and region structure as a bridging invariant
for feature upsampling. The invariant is realized as pseudo high-resolution features con-
structed from SAM masks via self-distillation.

In each case, the pattern is the same: identify the invariant, extract it using a foundation
model, convert it into pseudo-labels, and use those pseudo-labels to train or guide the task-
specific model. Following these concrete instantiations, Chapter 6 examines the upstream
question of how distributional gaps are identified in the first place.

20



3 Geometry-Guided Open-World Object
Detection (GOOD)

This chapter addresses the first generalization gap: the failure of appearance-based object
detectors to discover novel object categories in an open-world setting. The bridging invari-
ant we identify is geometric structure—depth and surface normals capture the shape and
spatial extent of objects independently of their semantic class. Because all physical ob-
jects share geometric properties regardless of their visual appearance, geometry provides
a foundation for transferring detection capability from annotated categories to the open
world. Figure 3.1 previews the result.
Note on terminology: Throughout this chapter, we use “geometric cues” to refer to monoc-
ular depth and surface normal estimates. The original publication used the broader term
“mid-level representations,” which also encompasses edge maps and pairwise affinities;
we retain that term where the broader category is intended.

3.1 Introduction

This chapter presents GOOD, a geometry-guided approach to open-world object detec-
tion that uses monocular depth and surface normal estimates to discover novel objects
beyond the training taxonomy. We show that incorporating these geometric cues through
pseudo-labeling substantially improves detection recall for unseen categories across mul-
tiple benchmarks.

The standard object detection task is to detect objects from a predefined class list. How-
ever, when deploying the model in the real world, it is rarely the case that the model will
only encounter objects from its predefined taxonomy. In the open-world setup, object de-
tectors are required to detect all the objects in the scene even though they have only been
trained on objects from a limited number of classes. Current state-of-the-art object detec-
tors typically struggle in the open-world setup. As a consequence, open-world object de-
tection has gained increased attention over the last few years [85, 96, 90, 209]. In this work,
we specifically address the task of open-world class-agnostic object detection, which is a
fundamental task for downstream applications like open-world multi-object tracking [122],
robotics [88], and autonomous AI agents [119].

One reason for the failure of current object detectors in the open-world setting is that
during training, they are penalized for detecting unlabeled objects in the background and
are thus discouraged from detecting them. Motivated by this, previous works have de-
signed different architectures [96, 99] and training pipelines [175, 209] to avoid suppress-
ing the unannotated objects in the background, which have led to significant performance
improvements. However, these methods still suffer from overfitting the training classes.
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(a) Ground truth (20) (b) OLN (13) (c) GGN (14) (d) GOOD (18)

(e) Ground truth (22) (f) OLN (6) (g) GGN (6) (h) GOOD (15)

Figure 3.1: Comparison of GOOD with different baselines. Images in the first column
are from the ADE20K [242] validation set. From the second to fourth columns we show
the detection results of OLN [96], GGN [209], and our GOOD. Shown are true-positive
proposals from the top 100 proposals of each method; the number of true positives is in
parentheses. All models are trained on the PASCAL-VOC classes of COCO [117]. Both
OLN and GGN fail to detect many objects not seen during training, while GOOD general-
izes better by exploiting geometric cues.

Training only on RGB images, they mainly rely on appearance cues to detect objects of
new categories and have great difficulty generalizing to novel-looking objects. Also, there
are known shortcut learning problems with regard to training on RGB images [59, 58,
178]—there is no constraint for overfitting the textures or the discriminative parts of the
known classes during training. In this work, we propose to tackle this challenge by incor-
porating geometric cues extracted by general-purpose monocular estimators from the RGB
images. We show that such cues significantly improve detection recall for novel object
categories on challenging benchmarks.

Estimating geometric cues such as depth and normals from a single RGB image has
been an active research area for a long time. Such mid-level representations possess built-
in invariance to many changes (e.g., brightness, color) and are more class-agnostic than
RGB signals: Fig. 3.2 illustrates how depth and normal maps retain object boundaries
while discarding appearance details that distinguish known from unknown categories. In
other words, there is less discrepancy between known and unknown objects in terms of
geometric cues. In recent years, thanks to stronger architectures and larger datasets [158,
159, 42], monocular estimators for mid-level representations have significantly advanced
in terms of prediction quality and generalization to novel scenes. These models are able
to compute high-quality geometric cues efficiently when used off-the-shelf as pre-trained
models on new datasets. Therefore, it becomes natural to ask if these models can provide
additional knowledge for current RGB-based open-world object detectors to overcome the
generalization problem.

In this chapter, we propose to use a pseudo-labeling method for incorporating geometric
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Figure 3.2: Geometry cues are complementary to appearance cues for object local-
ization. The depth and normal cues of the RGB image are extracted using off-the-shelf
general-purpose monocular predictors. Left: Geometric cues abstract away the appear-
ance details and focus on more holistic information such as object shapes and relative
spatial locations (depth) and directional changes (normals). Right: By incorporating ge-
ometric cues, GOOD generalizes better than the RGB-based model OLN [96], i.e., much
smaller AR gaps between the base and novel classes.

cues into open-world object detector training. We first train an object proposal network
on the predicted depth or normal maps to discover novel unannotated objects in the train-
ing set. The top-ranked novel object predictions are used as pseudo boxes for training the
open-world object detector on the original RGB input. We observe that incorporating the
geometric cues can significantly improve the detection recall of unseen objects, especially
those that differ strongly from the training objects. Figure 3.2 highlights this effect: objects
that appear indistinguishable from the background in RGB (e.g., food items on a table)
stand out clearly in depth and normal maps. We attribute this improvement to the comple-
mentary nature of geometric and RGB-based detection cues. Geometric cues help discover
novel-looking objects that RGB-based detectors miss. In turn, the RGB-based detectors
leverage the additional annotations from pseudo-labeling, using their strong representation
learning ability to generalize to novel, unseen categories.

Our resulting Geometry-guided Open-world Object Detector (GOOD) surpasses the
state-of-the-art performance on multiple benchmarks for open-world class-agnostic object
detection. Thanks to the rich geometry information, GOOD can generalize to unseen cate-
gories with only a few known classes for training. Particularly, with a single training class
“person” on the COCO dataset [117], GOOD can surpass state-of-the-art methods by 5.0%
AR@100 (a relative improvement of 24%) on detecting objects from non-person classes.
With 20 PASCAL-VOC classes for training, GOOD surpasses state-of-the-art methods
even by 6.1% AR@100 in detecting non-VOC classes. Furthermore, we also analyze the
advantages of geometric cues and show that they are less sensitive to semantic shifts across
classes, and are better than other strategies for improving generalization.
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3.2 Related Work

We review two bodies of work that motivate our approach: open-world class-agnostic ob-
ject detection methods that aim to generalize beyond the training taxonomy, and methods
that incorporate geometric cues to improve generalization in visual perception tasks.

Open-world class-agnostic object detection is the task of localizing all the objects in
an image by learning with only a limited number of object classes (base classes). The core
problem with standard object detection training is that the model learns to classify unanno-
tated objects as background and thus suppresses their detection at inference time. To solve
this issue, Kim et al. [96] proposed object localization network (OLN), which replaces the
classification heads of Faster RCNN [164] with class-agnostic objectness heads so that the
training loss is only calculated on positive samples, i.e., known objects, and thus not sup-
pressing the detection of unannotated novel objects. Saito et al. [175] synthesized a training
set by copy-pasting known objects onto synthetic backgrounds. However, the model strug-
gles with the synthetic-to-real domain gap in solving the object detection task. Besides
background non-suppression, a more proactive approach is to exploit unannotated objects
for training. Wang et al. [209] built upon traditional learning-free methods and developed a
pairwise affinity predictor to discover unannotated objects. Their object detector, GGN, is
then trained using the newly-discovered object masks and ground truth base class annota-
tions as supervision. Finally, another promising direction is to use open-world knowledge
from large pretrained multi-modal models. Recently, Minderer et al. [138] and Maaz et al.
[130] made use of pretrained language-vision model [157] to detect open-world objects us-
ing text queries. Our work is most related to OLN and GGN. We used the OLN architecture
and training loss, but additionally incorporated geometric cues through our pseudo-labeling
method. GGN used the pairwise affinity for pseudo labeling. However, since the pairwise
affinity is trained on RGB inputs using the base class annotations, GGN still suffers from
the overfitting problems of RGB-based methods. Our experiments showed geometric cues
as a better source of pseudo boxes.

Incorporating geometric cues for generalization. The estimation of geometric cues
has been an active research area for decades. With the introduction of deep neural net-
works, the seminal work by Eigen, Puhrsch, and Fergus [44] and Eigen and Fergus [43]
significantly improved over early works [75, 76, 78, 77, 179, 180, 181]. Recent progress
in estimating geometric cues can be attributed to the use of modern architectures [159],
stronger training strategies [234] and large-scale datasets [42]. In particular, Omnidata [42]
has made significant headway in prediction quality and cross-dataset generalization. Since
geometric cues abstract away the appearance details and retain more holistic information
about the objects, such as shapes, they have been incorporated into many applications for
generalization. For example, Xian et al. [214] incorporated them into the 3D shape comple-
tion pipeline to generalize to novel classes. Yu et al. [232] used them to guide the optimiza-
tion of neural implicit surface models for tackling scenes captured from sparse viewpoints.
Chen et al. [22] applied mid-level visual representations to reinforcement training and
gained robustness under domain shifts. Building on this evidence that geometric cues trans-
fer well across visual domains, we propose to incorporate them through pseudo-labeling
for open-world class-agnostic object detection, extending their generalization benefits to a
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new task.

Post-publication developments. Since the publication of GOOD at ICLR 2023, the
open-world detection landscape has evolved significantly. Foundation-model-based ap-
proaches have gained prominence: Grounding DINO [121] combines DINO-based detec-
tion with language grounding for open-set object detection, while OWLv2 [137] scales
open-vocabulary detection through self-training on web-scale data. YOLO-World [29] ex-
tends YOLO architectures with vision-language pre-training for real-time open-vocabulary
detection. These methods leverage vision-language alignment rather than geometric cues,
addressing the same semantic shift gap through a different bridging invariant.

GOOD’s geometric-cue philosophy has also influenced subsequent work. He et al. [71]
extend the approach from 2D to 3D, building a 3D Object Discovery Network that uses
geometric cues—box location and scale in 3D space—to generate class-agnostic propos-
als for autonomous driving. Zhang et al. [237] take a complementary route: rather than
using geometric cues as direct supervision, they use colorized depth maps as appearance-
destroying view transformations and enforce cross-view consistency to learn appearance-
invariant representations for open-world instance segmentation. Both works validate the
central premise of GOOD: that geometric structure generalizes more reliably than appear-
ance for detecting novel objects.

The complementarity between geometric and semantic approaches remains an open di-
rection: combining GOOD’s geometry-guided pseudo-labeling with the broader vocabu-
lary coverage of vision-language detectors could yield detectors that are robust to both
appearance-defined and shape-defined novel objects.

3.3 Method

Our goal is to incorporate geometric cues for an improved open-world class-agnostic ob-
ject detection performance. Concretely, we propose a pseudo labeling method, which can
effectively utilize the geometric cues to detect unannotated novel objects in the training
set and then use them for training the object detector. Figure 3.3 provides an overview,
showing the two-phase pipeline: Phase-I trains a proposal network on geometric cues to
generate pseudo boxes, and Phase-II trains an RGB-based detector using these pseudo
boxes alongside ground-truth annotations.

3.3.1 Open-World Class-Agnostic Object Detection Problem

Current state-of-the-art object detection methods work well under the closed-world as-
sumption. They are trained with a set of object bounding box annotations {ti} from a pre-
specified list K of semantic classes, i.e., the base classes. At test time, their generalization
is evaluated by detecting the objects from the known base classes. The standard training
loss of object detection for an image I has two parts: classification loss and bounding box
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Figure 3.3: Overview of the geometry-guided pseudo labeling method. It consists of two
training phases. Phase I: the RGB input is firstly preprocessed by the off-the-shelf model
to extract the geometry cues, which are then used to train an object proposal network
with the base class bounding box annotations. The proposal networks then pseudo-label
the training samples, discovering unannotated novel objects. The top-ranked pseudo boxes
are added to the annotation pool for Phase II training, i.e., a class-agnostic object detector
is directly trained on the RGB input using both the base class and pseudo annotations. At
inference time, we only need the model from Phase II.

regression loss

L(I) = 1
Ncls

∑
i∈B

Lcls(pi, p∗i )+
1

Nreg
∑

i∈BK

Lreg(ti, t∗i ), (3.1)

where i is the index of an anchor from the candidate set B, {pi, ti} are the predicted label
and bounding box coordinates, and {p∗i , t

∗
i } are the corresponding ground truths. Ncls is the

total number of anchors in the candidate set B. Nreg is the size of the subset BK, which only
contains the anchors with the ground truth label p∗i = 1. Note p∗i equals 1 only when the
anchor i can be associated to an annotated object bounding box from the known classes K;
otherwise it equals 0 (background).

From the closed-world to the open-world setup, the generalization goal extends to local-
izing every object in the image, which can belong to an unknown novel class u ∈ U . Under
the training loss in Eq. (3.1), an unannotated object will be classified as “background”. As
a result, the model will treat similar types of objects as “background” at inference time.
To avoid suppressing the detection of novel objects in the background, Kim et al. [96] pro-
posed to replace the classification loss in Eq. (3.1) by the objectness score prediction loss,

26



yielding

LOLN(I) =
1

Nreg
∑

i∈BK

Lreg(ti, t∗i )+
1

Nreg
∑

i∈BK

Lob j(oi,o∗i ), (3.2)

where oi and o∗i are the predicted objectness score and its ground truth of anchor i. In
doing so, only the anchors with p∗i = 1 are involved in training, completely removing
any “background” prediction. At inference time, the objectness score is used to rank the
detections. However, since these anchors only capture the annotated objects from the base
classes, this loss modification cannot effectively mitigate the overfitting to the base classes.
We further resort to adding additional “objects” into training, especially novel ones with
very different appearances than objects from the base classes.

3.3.2 Exploiting Geometric Cues

Models trained on RGB images tend to over-rely on the appearance cues for object detec-
tion. Therefore, it is hard for them to detect novel objects that appear very differently from
the base classes. For instance, a model trained on cars is likely to detect trucks, but unlikely
to also detect sandwiches. Involving such novel objects, e.g., food, into training is then an
effective way to mitigate the appearance bias towards the base classes, e.g., vehicles. To
this end, we exploit two types of geometric cues, i.e., depth and normals, for detecting
unannotated novel objects in the training set, see some examples in Fig. 3.2. Both of them
are common geometric cues that capture local information. Depth focuses on the relative
spatial difference of objects and abstracts away the details on the object surfaces. Surface
normals focus on the directional difference and remain the same on flat surfaces. Compared
with the original RGB image, they discard most appearance details and focus on the geom-
etry information such as object shapes and relative spatial locations. Models trained with
them can thus discover many novel-looking objects that RGB-based ones cannot detect.

In the terminology of this thesis, the bridging invariant exploited by GOOD is geometric
structure: depth and normals are shared across known and novel categories, providing a
stable signal that bridges the semantic shift gap.

We use off-the-shelf pretrained models to extract geometric cues. Specifically, we use
Omnidata models [42] trained using cross-task consistency [234] and 2D/3D data augmen-
tations [93]. The training dataset for the models is the Omnidata Starter Dataset (OSD) [42]
which contains 2200 real and rendered scenes. Despite the difference between the OSD to
the object detection benchmark datasets, the Omnidata model can produce high-quality
results, implying that the invariances behind these geometric cues are robust.

3.3.3 Pseudo Labeling Method

To use the geometric cues to discover unannotated novel objects in the training set, we
first train an object proposal network on the depth or normal input using the same training
loss as in Eq. (3.2), i.e., Phase-I training in Fig. 3.3. Then, this object proposal network
will pseudo-label the training images using its detected bounding boxes. After filtering out
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the detected bounding boxes which overlap with the base class annotations, we then add
the remaining top-k boxes to the ground truth annotations. Here k ∈ {1,2,3} is determined
for each detector on a small holdout validation set. Finally, we train a new class-agnostic
object detector using the RGB image as input and the extended bounding box annotation
pool as ground truth, i.e., Phase-II in Fig. 3.3. The training loss is

LGOOD(I) =
1

Nreg
∑

i∈BK∪BN

Lreg(ti, t∗i )+
1

Nreg
∑

i∈BK∪BN

Lob j(oi,o∗i ). (3.3)

Compared with Eq. (3.2), the anchors that overlap with the pseudo boxes of the detected
novel objects, i.e., i ∈ BN , are also involved in training. The pseudo boxes can be acquired
from a single source, i.e., one of the geometric cues, and from both, i.e., pseudo label
ensembling. We name our method GOOD-X when using a specific geometric cue X as
the pseudo labeling source, whereas GOOD-Both stands for ensembling the pseudo labels
from both the depth and normals.

Inspired by previous works in self-training [216, 192, 219], we use strong data augmen-
tation during Phase-II to counteract the noise in pseudo boxes and further boost the per-
formance of GOOD. Specifically, for Phase-II training, we use AutoAugment [34] which
includes random resizing, flip, and cropping.

3.4 Experiments

Benchmarks. We target two major challenges of open-world class-agnostic object detec-
tion: cross-category and cross-dataset generalization. For the cross-category evaluation,
we follow the common practice in the literature [96, 209] to split the class category list
into two parts. One is used as the base class for training, whereas the other is reserved only
for testing cross-category generalization. Specifically, we adopt two splits of the 80 classes
in the COCO dataset [117]. The first benchmark splits the COCO classes into a single
“person” class and 79 non-person classes. This is to stress-test the generalization ability of
the methods. We follow Wang et al. [209] to choose the “person” category as the training
class because it contains diverse viewpoints and shapes. The second benchmark splits the
COCO classes into 20 PASCAL-VOC [46] classes for training and the other 60 for testing.
For the cross-dataset evaluation, we use the ADE20K dataset [241] for testing. We compare
models trained using only 20 PASCAL-VOC classes or all 80 COCO classes on detecting
objects in ADE20K. This is to evaluate open-world class-agnostic object detectors when
used in the wild.

Implementation. The object proposal network in Phase I and the object detector in
Phase II both use the OLN architecture [96], built on top of a standard Faster R-CNN [164]
with a ResNet-50 backbone pre-trained on ImageNet [37]. For geometric cue extraction,
we use Omnidata’s DPT-Hybrid model [42], which provides monocular depth and sur-
face normal predictions. All experiments are implemented using the MMDetection frame-
work [23]. We use SGD with an initial learning rate of 0.01 and batch size of 16. Phase I
models are trained for 8 epochs. Phase II models are trained for 16 epochs when using
AutoAugment [34] (which includes random resizing, flipping, and cropping) and 8 epochs
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otherwise; we did not find longer training beneficial without data augmentation. During
pseudo box generation, we filter out boxes that overlap with base class annotations (IoU
> 0.5) and retain the top-k remaining boxes per image, where k ∈ {1,2,3} is selected
on a small holdout validation set. For pseudo label ensembling (GOOD-Both), we merge
the pseudo box pools from both the depth- and normal-trained proposal networks before
selecting the final set.

Evaluation metrics. Following [96, 209], we use Average Recall (AR@k) over multiple
IoU thresholds (0.5:0.95), and set the detection budget k as 100 by default. All ARs are
shown in percentage. ARA and ARN respectively denote the AR score on detecting all
classes (including the base and novel ones) and on detecting the novel classes. To evaluate
ARN , we do not count the boxes associated to the base classes into the budget k. The same
protocol is applied when evaluating per-class ARs and ARs for small, medium and large
size of objects, i.e., ARs/m/l

· .

3.4.1 Detecting Unknown Objects in an Open World

Table 3.1a and Table 3.1b compare open-world class-agnostic object detectors on two
cross-category benchmarks and two cross-dataset benchmarks, respectively. Our method
GOOD, which incorporates geometric cues, considerably outperforms state-of-the-art
RGB-based open-world class-agnostic object detection methods, i.e., OLN [96] and
GGN [209]. OLN did not involve any novel object into training. Although GGN proposed
to use an intermediate pairwise affinity (PA) representation for pseudo labeling, the PA pre-
dictor is still trained on the RGB images, therefore it still has the bias towards the known
classes as other RGB-based methods.

On the cross-category benchmarks shown in Table 3.1a, with a single training class “per-
son” on the COCO dataset, GOOD surpasses state-of-the-art methods by 5.0% ARN@100
on detecting objects from non-person classes, a relative improvement of 24%. With 20
PASCAL-VOC classes for training, GOOD surpasses state-of-the-art methods by 6.1%
ARN@100 in detecting non-VOC classes, a relative improvement over 18%. On the
cross-dataset benchmarks, Table 3.1b shows that GOOD achieves 2.4% to 4.7% gain on
ARA@100 in different setups. We observe that GOOD is particularly strong when there
are fewer training classes, i.e., person → non-person and VOC → ADE20k. For RGB-
based methods, the overfitting problems become more severe as the object diversity from
the base classes reduces. Geometric cues remain effective even in this regime, detecting
novel-looking objects that are particularly helpful when training with only a limited num-
ber of base class annotations. Finally, ensembling both geometric cues offers additional
performance gains, confirming that depth and normals capture complementary aspects of
object structure.

We further evaluate on additional benchmarks: the cross-category LVIS COCO to non-
COCO and the cross-dataset COCO to UVO. The results in Table 3.2 show that while
performance gains are smaller than on benchmarks with fewer base classes, GOOD still
surpasses all state-of-the-art RGB-based methods, demonstrating that even with a large
number of base classes, geometric cues improve open-world detection.

To provide further insight into the quality of pseudo boxes, Fig. 3.4 shows example pre-
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Person→Non-Person VOC→Non-VOC

Method ARA ARN ARs
N ARm

N ARl
N ARA ARN ARs

N ARm
N ARl

N

FRCNN (oracle) 55.9 53.4 37.9 59.5 73.0 55.9 52.6 37.1 60.0 73.1

FRCNN (cls-agn) 25.7 12.2 8.7 12.4 18.2 38.5 27.3 10.8 30.2 55.8
OLN [96] 30.9 16.5 8.7 14.7 33.4 47.5 33.2 18.7 39.3 58.6
GGN [209] 30.3 20.7 12.0 25.6 29.6 39.8 31.5 11.8 37.4 63.8
SelfTrain-RGB 32.5 18.7 11.3 18.6 32.6 48.1 37.4 22.8 43.9 57.7

GOOD-Depth 37.0 25.6 12.8 30.4 42.4 49.6 39.0 21.1 47.5 63.2
GOOD-Normal 35.6 23.7 13.9 27.6 36.0 49.6 38.9 21.2 47.9 62.0
GOOD-Both 37.3 25.9 14.2 32.6 38.9 49.5 39.3 21.6 48.2 62.4

(a) Cross-category benchmarks

VOC→ADE20K COCO→ADE20K

Method ARA ARs
A ARm

A ARl
A ARA ARs

A ARm
A ARl

A

FRCNN (cls-agn) 22.6 15.5 23.7 26.5 25.9 20.5 28.5 27.4
OLN [96] 29.2 19.7 30.7 34.4 32.9 25.1 35.9 35.6
GGN [209] 27.0 16.9 27.5 33.6 29.8 18.9 29.1 38.2
SelfTrain-RGB 27.7 18.4 29.7 32.4 33.8 26.5 37.6 35.4

GOOD-Depth 33.9 21.1 35.9 41.2 35.3 25.7 38.0 39.6
GOOD-Normal 33.4 22.0 36.2 38.8 33.5 25.7 37.1 35.5
GOOD-Both 34.0 21.9 37.0 39.9 35.3 25.1 38.2 39.9

(b) Cross-dataset benchmarks

Table 3.1: Detecting unknown objects in an open world. FRCNN (oracle) is a standard
Faster R-CNN detector trained on all COCO classes and serves as a performance upper
bound on the cross-category benchmarks. FRCNN (cls-agn) is a Faster R-CNN trained
in a class-agnostic manner, serving as a baseline for comparison. Our geometry-guided
methods GOOD-Xs are compared with SOTA open-world class-agnostic object detectors,
i.e., OLN and GGN. SelfTrain-RGB is RGB-based self-training, i.e., using the RGB image
instead of geometric cues for pseudo labeling. We only report ARA in b) as the classes in
ADE20K do not exactly match those in COCO.
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LVIS COCO→Non-COCO COCO→UVO

Method ARA ARN ARs
N ARm

N ARl
N ARA ARs

A ARm
A ARl

A

FRCNN (cls-agn) 26.6 21.0 14.9 32.7 36.2 42.3 22.2 38.3 52.0
OLN [96] 32.2 27.4 17.9 44.7 53.1 49.2 35.0 48.7 55.1
GGN [209] 27.1 22.5 15.7 35.5 38.4 45.6 25.6 43.2 54.9
SelfTrain-RGB 32.6 28.3 19.0 45.7 52.2 48.7 35.8 48.8 53.5

GOOD-Depth 32.8 28.3 18.3 46.8 54.1 50.3 35.6 49.9 56.4
GOOD-Normal 33.4 29.2 19.3 49.8 53.3 49.8 35.8 50.0 55.0
GOOD-Both 33.2 29.0 19.0 47.7 53.0 50.3 36.1 50.2 55.4

Table 3.2: More benchmarks. We evaluate on the LVIS COCO to non-COCO cross-
category benchmark and the COCO to UVO cross-dataset benchmark.

dictions from proposal networks trained on RGB, depth, and normal inputs. The depth and
normal modalities consistently discover volumetric objects with distinctive 3D structure—
such as furniture, animals, and appliances—that the RGB-based proposal network misses
or localizes imprecisely. Conversely, the RGB model can detect smaller and flatter objects
where geometric cues provide limited discriminative signal.

3.4.2 Advantages of Geometric Cues

Having established that GOOD improves detection recall across benchmarks, we now an-
alyze why geometric cues are effective and compare them against alternative strategies for
improving generalization.

Geometric cues are less sensitive to appearance shifts across classes. We first com-
pare per-novel-class AR@5 of the object proposal network trained on geometric cues with
that trained on the RGB image. Here, AR@5 is of interest as geometric cues are used
to discover novel-looking objects during Phase-I and no more than five pseudo boxes per
image will be used in Phase-II (see the pseudo-label filtering step in Fig. 3.3).

Figure 3.5 shows that geometric cues can achieve much higher per-novel-class AR@5
than RGB in many categories. An example is the novel supercategory “food”, including
classes such as “hot dog” and “sandwich”. The base classes, belonging to the supercate-
gory “person”, “animal”, “vehicle”, and “indoor”, have very different appearances to the
“food” supercategory. The RGB-based model has difficulty detecting food using appear-
ance cues, whereas geometric cues generalize well across supercategories. For categories
that geometric cues are worse than RGB, we find that they typically are of small sizes,
such as knives, forks, and clocks. This shows that while abstracting away appearance de-
tails, geometric cues may also lose some information about small objects. This again shows
complementarity of RGB and geometric cues.

Geometric cues are better than edges and pairwise affinities. We further compare
the geometric cues with two other mid-level representations: 2D edge and PA. The 2D
edge map is extracted using the Holistically-nested Edge Detection (HED) model [217],
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RGB Depth Normal

Figure 3.4: Visualization of top-3 pseudo boxes generated by proposal networks trained
on RGB (left), depth (center), and normal (right) inputs. Geometric modalities consistently
discover volumetric objects with distinctive 3D structure that the RGB-based model misses.

which shows more robust performance across the datasets than more recent methods. The
HED model is trained on the Berkeley Segmentation Dataset and Benchmark (BSDS500)
dataset [6] which contains 500 images with segmentation annotations. PA can be thought
of as a learned object boundary predictor. Wang et al. [209] trained it directly on RGB
images and then grouped the predictions into object masks using a combination of tradi-
tional grouping methods [185, 5, 4]. We compare these four data modalities as the source
of pseudo labeling. From Table 3.3, we can see that depth and normals outperform 2D
edge and PA on detecting novel objects. This likely reflects the fact that 2D edge and PA
mainly capture object boundaries, whereas depth and normals encode an additional spatial
understanding of the scene and can thus better detect objects in complex scenes. Owing to
their better pseudo labels, GOOD-Depth/Normal outperform GOOD-Edge/PA on the final
ARN@100, i.e., 39.0%/38.9% vs. 38.1%/37.1%.
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Figure 3.5: Per-novel-class AR@5 difference comparison of pseudo boxes on COCO
VOC → Non-VOC. We train the object proposal network on the geometric cues (Phase-I
in Figure 3.3) and also directly on the RGB image. We show their per-novel-class AR@5
differences, which is defined as (ARX −ARRGB)/ARRGB with X ∈ {Depth,Normal}. The
geometric cues outperform the RGB image on those classes above the zero difference line.

Modality ARN @ 1 ARN @ 5 ARs
N @ 5 ARm

N @ 5 ARl
N@5

RGB 4.0 12.6 5.4 16.4 21.8
Depth 4.7 13.2 2.4 16.0 31.6
Normal 4.3 12.8 3.0 16.6 27.7
Edge 3.2 10.4 3.5 14.5 18.5
Pairwise affinity (PA) 3.2 8.1 0.5 9.1 30.6

Table 3.3: Comparison on different data modalities for pseudo labeling. We report
ARN@k achieved by the object proposal network trained on different modalities in Phase-
I, where the benchmark is VOC → Non-VOC. Geometric cues (depth and normal) are
stronger in discovering novel objects than the edge and pairwise affinity [209].

Geometric cues are better than adding shape bias and multi-scale augmentation. It
is thus natural to compare with an RGB-based model with inductive shape bias to coun-
teract the texture bias. We adopt the stylized ImageNet pretrained ResNet-50 from [59] as
the backbone for SelfTrain-RGB (an OLN model that self-trains with its own RGB-based
pseudo boxes). This backbone is trained using heavy style-based augmentation to mitigate
the texture bias, where texture is one of the most discussed appearance features prone to
overfit by RGB-based models. It showed performance improvements on the COCO object
detection benchmark under the closed-world assumption [59]. Moreover, we observe from
Fig. 3.5 that RGB is relatively stronger in detecting smaller objects. This leads to the ques-
tion of whether augmenting SelfTrain-RGB with pseudo boxes extracted at different input
scales can already help this RGB-based method achieve comparable performance to those
incorporating geometric cues.

From Table 3.4, we can see that while the shape bias backbone can improve the ARA

of SelfTrain-RGB, it degrades the performance on novel classes, i.e., ARN , indicating that
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Method ARA ARN ARs
N ARm

N ARl
N

SelfTrain-RGB 48.1 37.4 22.8 43.9 57.7

ShapeBias 48.8 36.5 21.4 42.5 58.6
ScaleAug 48.5 37.9 21.2 44.7 62.2
GOOD-Both 49.5 39.3 21.6 48.2 62.4

Table 3.4: Comparison of GOOD and two other strategies on VOC to non-VOC. Shape-
Bias replaced the backbone of SelfTrain-RGB with a stylized ImageNet pre-trained back-
bone. ScaleAug applied multi-scale augmentation to the RGB input for collecting pseudo
boxes at different scales.

shape bias obtained from training on ImageNet may not be very helpful in generalizing to
novel objects. As for the multi-scale augmentation, although it can improve the detection
recall of medium and large objects, the overall performance is still worse than our models
that incorporate geometric cues. Overall, these comparisons show that geometry provides
strong cues for object localization.

3.4.3 Ablation Studies

In this section, we conduct ablation studies to understand the effectiveness of pseudo-
labeling, data augmentation, and the influence of the number of base classes.

Figure 3.6 shows the ARN@100 achieved by the object proposal network (Phase-I) and
the object detector (Phase-II). The latter uses the pseudo boxes generated by the former,
where the former can be trained with different data modalities. The RGB-based object pro-
posal network outperforms the depth- and normal-based one on ARN@100. This indicates
that depth and normal maps cannot simply replace the RGB image for object detection.

However, as evidenced in Table 3.3 and Fig. 3.5, geometric cues are competitive on
ARN@k with k≤ 5, meaning their top predictions are of high quality. Importantly, ARN@5
directly measures pseudo-label quality in our pipeline: it quantifies how many of the top-
ranked proposals from Phase-I correspond to actual novel objects, and these top pro-
posals are precisely the pseudo-labels transferred to Phase-II. Depth achieves ARN@5
of 13.2 compared to RGB’s 12.6 on non-VOC classes (Table 3.3), confirming that geo-
metric pseudo-labels are of higher quality for novel categories despite their lower overall
ARN@100.

Furthermore, the overlap heatmap in Fig. 3.8 shows that different modalities discover
largely non-overlapping sets of novel objects (below 20% overlap at IoU 0.7), meaning
that ensembling adds genuinely new pseudo-labels rather than redundant ones. Pseudo
labeling is thus an effective way for geometry-guided open-world object detector training.

We further study the effect of AutoAugment [34]. Using it during Phase-II training, we
achieve higher ARN@100 as shown in Fig. 3.6. Data augmentation is helpful to counter-
act the noise in pseudo labels. However, using AutoAugment to train OLN on the ground
truth base class annotations, we observe only improvement in recalling the base class ob-
jects (from 58.4% to 61.7% ARBase@100), but degradation in novel object detection. This
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Figure 3.6: Ablation studies. (a) and (b) are conducted on COCO VOC to non-VOC bench-
mark. The study on the number of base classes (c) uses ADE20K as the evaluation bench-
mark.

Supercategories Person +Vehicle
+Outdoor,
Animal

+Accessory,
Sports

+Kitchen,
Food

+Furniture, Electronic,
Appliance, Indoor

# Training classes 1 9 24 39 56 80
# Training images 64115 74152 92169 93939 107036 117266
# Training instances 609666 654460 715582 727207 824535 860001

Table 3.5: Base class choices for studying the influence of the number of base classes.

shows that data augmentation via random resizing, cropping, and flipping cannot improve
generalization across categories.

Finally, we study the influence of the number of base classes. As shown in Table 3.5, we
split the COCO dataset based on the supercategories to create six different splits. We then
train GOOD and OLN on these splits and evaluate them on ADE20K. More base classes in
training allow object detectors to learn a more generic sense of objectness so that they can
better detect novel objects. As shown in Fig. 3.6c, both GOOD and OLN achieve better
ARN@100 along with the number of base classes, and their performance gap reduces.
However, the annotation cost also grows along with the number of classes. GOOD can
achieve a similar ARN@100 as OLN with only half the number of base classes, e.g., 39 vs.
80. This shows that GOOD is more effective at learning a generic sense of objectness and
less prone to overfitting to the base classes.

Beyond the main ablation studies, we conduct further experiments to understand the
design choices in GOOD, particularly regarding how geometric cues can be effectively
ensembled.

Ensembling strategies for geometric cues

There are two possible ways to ensemble geometric cues: (1) Stack the two geometric
cues together and train a single object proposal network on these stacked inputs in Phase-
I; (2) Train two separate object proposal networks and extract pseudo boxes separately,
then merge them into a single pseudo box pool for Phase-II training. Figure 3.7a demon-
strates that ensembling pseudo labels is slightly better than using stacked inputs for Phase-I
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Figure 3.7: Additional ablation studies. These experiments investigate different ap-
proaches to ensembling geometric cues and the role of RGB in Phase-I training.

training. Throughout our experiments, we use the pseudo label ensembling approach for
GOOD-Both.

Incorporating RGB in Phase-I

It is natural to consider incorporating RGB in Phase-I training. We explore two approaches
for this. If we stack RGB with geometric cues to train the proposal network, the model
tends to rely more heavily on RGB, since RGB is a stronger input signal than geometric
cues in the closed-world setup. This reliance on RGB prevents the model from effectively
leveraging geometric cues to discover novel objects in Phase-I. As shown in Fig. 3.7b,
stacking RGB with geometric cues leads to inferior performance across many benchmarks.

Alternatively, we can train a separate object proposal network on RGB inputs, extract
pseudo boxes, and merge them with those from geometric cues, which we call GOOD-All.
Figure 3.7c shows that adding pseudo boxes from RGB either leads to no performance
gains or even worsens performance. This is because RGB-based models favor smaller de-
tection boxes, as shown in Fig. 3.7d. These smaller boxes can be small objects or textures
rather than complete objects, potentially hurting the detector’s performance on larger ob-
jects.
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Figure 3.8: Overlap heatmap of top-ranked pseudo boxes across different modalities at
IoU threshold 0.7 on COCO VOC→non-VOC. The low overlap confirms that different
sources discover complementary sets of novel objects.

Complementarity of different modalities

We further analyze how different modalities behave when used for Phase-I training.
Pseudo-labeling using geometric cues leads to stronger performance than alternative ap-
proaches, with depth and normal maps achieving higher quality pseudo boxes (higher
ARN@5) compared to other modality combinations.

Examining the overlap of top-ranked pseudo boxes across different modalities reveals
their complementary nature. The low overlap across input types motivates ensembling dif-
ferent sources of pseudo boxes to exploit their diversity for training the detector. To quan-
tify the complementarity of pseudo boxes from different sources, we compute the pairwise
overlap between the top-ranked pseudo boxes generated by proposal networks trained on
each modality. Figure 3.8 shows an overlap heatmap at IoU threshold 0.7: the overlap be-
tween any two sources is remarkably low (below 20%), confirming that different modalities
discover largely non-overlapping sets of novel objects. This motivates a greedy ensemble
strategy that selects pseudo boxes based on a combination of utility (the quality of each
box as measured by the proposal network’s objectness score) and uniqueness (the degree
to which the box is not already covered by previously selected sources).

Following this analysis, we adopt an ordering for the greedy ensemble: depth → normal
→ PA → edge → RGB, which reflects the trade-off between the quality and diversity of
each source. Figure 3.9 shows the ARN@100 as we progressively add pseudo boxes from
each source in this order. The monotonic improvement confirms that each additional source
contributes unique information, with the geometric cues (depth and normal) providing the
strongest initial contributions.

GOOD-Both vs. GOOD-All: detailed breakdown

Table 3.6 provides a detailed AR breakdown by object size for the GOOD-Both and
GOOD-All configurations. While GOOD-All includes pseudo boxes from an RGB-based
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Figure 3.9: Greedy top-k ensemble of pseudo boxes. ARN@100 improves as pseudo boxes
from additional modalities are progressively added in the order: depth → normal → PA
→ edge → RGB.

Person→Non-Person VOC→Non-VOC

Method ARA ARN ARs
N ARm

N ARl
N ARA ARN ARs

N ARm
N ARl

N

GOOD-Both 33.1 25.9 14.3 31.1 47.1 49.5 39.3 21.6 48.2 62.4
GOOD-All 33.0 25.6 14.5 30.3 46.5 49.2 38.9 22.0 47.3 61.5

Table 3.6: GOOD-Both vs. GOOD-All. Adding RGB-based pseudo boxes (GOOD-All) to
the geometric ensemble (GOOD-Both) does not consistently improve performance, partic-
ularly for medium and large objects.

proposal network in addition to depth and normal, the results show that adding RGB
pseudo boxes does not consistently improve performance and can even degrade detection
of medium and large objects. This is consistent with our analysis in Fig. 3.7d: RGB-based
models favor smaller pseudo boxes, which can introduce noise from textures rather than
complete objects.

Architecture choices

While our main results use OLN, a two-stage proposal-based detector, our approach is
model-agnostic and compatible with different architectures. We demonstrate this by ex-
perimenting with FCOS [200], a more recent single-stage proposal-free object detector.
Specifically, we keep Phase-I unchanged using OLN for generating pseudo boxes, but train
a class-agnostic FCOS in Phase-II. Table 3.7 shows that GOOD significantly improves
FCOS’s novel object detection performance, though OLN remains a stronger architecture
for this task.
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VOC→Non-VOC VOC→ADE20K

Method ARA ARN ARs
N ARm

N ARl
N ARA ARs

A ARm
A ARl

A

FCOS 43.6 29.3 14.6 35.7 50.2 25.6 17.2 26.5 30.9
OLN 47.5 33.2 18.7 39.3 58.6 29.2 19.7 30.7 34.4
GOOD-Both (FCOS) 48.4 36.3 18.4 46.5 58.0 32.5 20.1 34.5 39.5
GOOD-Both (OLN) 49.5 39.3 21.6 48.2 62.4 34.0 21.9 37.0 39.9

Table 3.7: Architecture choice. FCOS is a single-stage proposal-free object detector, and
OLN is a two-stage proposal-based object detector (modified from Faster R-CNN). GOOD
can significantly improve the open-world performance of both architectures.

3.5 Conclusion

In this chapter, we proposed a method GOOD for tackling the challenging problem of
open-world class-agnostic object detection. It exploits the easy-to-obtain geometric cues
such as depth and normals for detecting unannotated novel objects in the training set. As
the geometric cues focus on object shapes and relative spatial locations, they can detect
novel objects that RGB-based methods cannot detect. By further involving these novel ob-
jects into RGB-based object detector training, GOOD demonstrates strong generalization
performance across categories as well as datasets.

The geometric bridge demonstrates that invariants external to the RGB modality can
dramatically improve open-world detection. The limitations of this geometric bridge—
analyzed in the Reflection that follows—motivate looking beyond geometry to other struc-
tural invariants. In the next chapter, we turn to a different type of generalization gap: mis-
alignment not in what the model sees, but in how the benchmark names what it sees.

3.6 Reflection: The Geometric Bridge in Retrospect

The geometric bridge was most effective for volumetric objects with distinctive 3D struc-
ture and less effective for flat or texture-defined objects, revealing a general principle: every
bridging invariant has a domain of effectiveness determined by the structural property it ex-
ploits. The reliance on off-the-shelf monocular estimators further introduces a dependency
on their quality and generalization. These limitations—and the broader principle that ev-
ery bridge imports the biases of its source—are analyzed systematically in the Conclusion
(Chapter 7).
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4 Renovating Names in Open-Vocabulary
Segmentation Benchmarks (RENOVATE)

The previous chapter demonstrated that geometric invariants can bridge the gap between
known and novel object categories. We now turn to a different kind of gap: the misalign-
ment between the semantic interface—category names in segmentation benchmarks—
and the actual visual content. The bridging invariant here is vision-language alignment:
the shared structure between human visual perception and the representations learned by
vision-language models, which holds when objects are named according to common per-
ceptual norms rather than arbitrary dataset conventions. By repairing this alignment, we
unlock generalization that was latent in the vision-language model but inaccessible through
misspecified names.

4.1 Introduction

Categorizations which humans make of the concrete world
are not arbitrary but highly determined. In taxonomies of
concrete objects, there is one level of abstraction at which
the most basic category cuts are made.

— Eleanor Rosch, Basic Objects in Natural
Categories [171]

We use names every day. Imagine wandering the trails of a national park — do you pause
by a “lake” or simply a body of “water”? While driving through urban sprawl, do you see
“trees” or “vegetation” along the road? Our instinctual use of terms like “lake” and “trees”
illustrates the human propensity to categorize the world around us into “basic categories”
— rich in information and readily identifiable without unnecessary complexity [171, 172,
190]. Such categorization is fundamental to human cognition and communication.

In stark contrast, recent advancements in open-vocabulary models [87, 60, 38, 220, 115,
65, 94, 238, 104] struggle to replicate this nuanced aspect of human categorization. These
models have made strides in generalizing to both familiar and novel categories via textual
prompts. However, they are often hampered by the imprecise and sometimes wrong names
provided in existing benchmarks. In fact, most datasets are labeled with class names that
serve merely as identifiers to distinguish classes within a dataset, rather than descriptive
labels aligning with the “basic categories” that match with the actual visual contents. As
shown in Fig. 4.1, existing names are often inaccurate, too general, or lack enough context,
leading to discrepancies between the model’s outputs and the actual visual segments. This
misalignment indicates a pressing need for a reassessment and refinement of name labeling
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practices. By adopting a naming scheme that aligns more closely with human categoriza-
tion, we can pave the way for enhanced open-vocabulary generalization and more accurate
model evaluation.

train

tv

tram

monitor

Original Name 
Segmentation

Ground-truth 
Segmentation

Renovated Name 
Segmentation
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Figure 4.1: Problems of names in
current segmentation benchmarks.
We demonstrate examples from well-
known datasets: MS COCO [117],
ADE20K [241], and Cityscapes [33].
Our renovated names are visually more
aligned and help models to generalize
better.

In this work, we focus on renovating
the names for open-vocabulary segmentation
benchmarks, as their dense annotations pose
a greater challenge and offer broader applica-
bility than other recognition tasks. The impor-
tance of names in open-vocabulary segmenta-
tion is often overlooked, with one exception,
OpenSeg [60], which manually inspected and
modified the class names of several segmen-
tation benchmarks, resulting in considerable
performance gains of their proposed model.
While their work demonstrated the importance
of choosing good names, a manual approach is
subjective and difficult to scale. To date, there
exists no systematic study on how to rename
benchmarks in a scalable and principled way.
Our work is the first attempt to tackle this chal-
lenge.

In this work, we introduce a scalable, sim-
ple, yet general method for renaming segmenta-
tion benchmarks that outperforms manual label
efforts like OpenSeg [60]. Our approach lever-
ages foundation models to automate the renam-
ing process, significantly reducing the manual
labor traditionally required. Towards this goal, our method can be divided into two steps.
First, we narrow down the name search space from the whole language space to a curated
list of candidate names. This list is generated by leveraging the original class names with
contextually relevant nouns extracted from visual contents via an image captioning model,
thereby streamlining the search for names. Next, we employ a specially trained renaming
model to identify and select the best-matching candidate name for every ground-truth seg-
mentation mask. In this way, we match an individual name for each instance without any
extra human annotations.

To demonstrate the value of RENOVATE names, we explore two practical applica-
tions. We first use our renovated names for training open-vocabulary models and show
that they substantially enhance generalization performance across various benchmarks by
up to 15%, indicating a more accurate alignment with visual segments. Our new names
also significantly increase training efficiency thanks to their enriched textual information.
Second, we apply our renovated names to improve evaluation of open-vocabulary segmen-
tation. Specifically, we reveal that current pre-trained models are making many “benign”
misclassifications, i.e., misclassified names that are semantically close to the ground-truth
names. RENOVATE names enable more fine-grained model performance analysis, provid-
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ing valuable information for further model enhancement and dataset curation. In summary,
our work makes the following contributions:

• We point out the naming problem in existing open-vocabulary segmentation benchmarks.

• We propose a scalable, simple, and general framework for automatic dataset renaming.

• We demonstrate that our RENOVATE names help to train models with stronger open-
vocabulary capabilities and refine evaluation benchmarks, providing valuable insights
for future research.

Together, these contributions establish that principled renaming is a scalable and effective
lever for improving open-vocabulary segmentation, both at training and evaluation time.

4.2 Related Work

Open-Vocabulary Segmentation Methods. Prior work in open-vocabulary segmenta-
tion [60, 38, 220, 115, 240, 15, 215, 221, 30] focused on adapting vision-language models
(VLMs) [25, 193, 157] to the segmentation task without compromising pre-trained vision-
language alignment. These efforts have concentrated mainly on the architecture design,
exploring different backbones [218, 231], mask proposal branch designs [221, 60], and
mask feature extraction techniques [220, 149, 198]. Our work differs from them in that we
aim to adapt pre-trained vision-language representations for segment-wise name matching
through our novel designs like candidate name generation techniques and our specialized
renaming model.

Names in Open-Vocabulary Segmentation Benchmarks. Despite its apparent impor-
tance, the naming problem in open-vocabulary segmentation benchmarks has not received
adequate attention. An exception is the work by [147], which proposes to learn class-
specific word embeddings for improved model adaptation to new datasets. However, these
learned embeddings are not in the language space and cannot be used by other models.
In addition, some works [129, 224] propose to decompose the class names into a set of
attributes or prototypes for open-vocabulary segmentation. OpenSeg [60] is the only prior
work that proposes to directly improve the quality of the names. However, their approach
relies on manual inspection of the datasets, which can be subjective and hard to scale. In
this paper, we systematically explore the renaming challenge, culminating in a scalable,
simple, yet general framework to overcome these limitations.

4.3 RENOVATE: Renaming Segmentation Benchmarks

In the terminology of this thesis, the bridging invariant is vision-language alignment: when
names match common perceptual norms, the shared structure between human visual cate-
gorization and VLM representations remains stable across distribution shifts.
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Original name Context names Candidate names

field
lush, field, sky, green,
grass, tree, road,
hillside, grassy, rural

rural field, roadside field, green field, crop field,
sports field, grassland, grassy hillside

box
room, stool, chair, floor, market,
table, food, lamp, paper

storage box, packing box, file box, box container
decorative box, display box, paper box, food box

cradle
room, infant bed, nursery, dresser,
carpet, bedroom, chair, bureau,
lamp, armchair

bedroom cradle, cradle, infant bed, nursery cradle,
baby cradle, infant cradle, wooden cradle

Table 4.1: Examples of context names and generated candidate names for three selected
classes from ADE20K. Context names are key to comprehending general terms such as
“field” and “box” and disambiguating polysemous terms like “cradle”, which, in this
context, refers to a baby bed rather than a phone cradle or a mining tool.

Our method RENOVATE aims to rename the original names in a given dataset with
ground-truth mask annotations. As shown in Fig. 4.2, we first generate a pool of candi-
date names, covering potential variants of the original class names. Then, we train a spe-
cially designed renaming model that can measure the alignment between segments in pixel
space and names in language space. Equipped with the renaming model, we select the top-
matching names from the candidate pool for each segment, thereby producing segment-
level, refined names that offer enhanced accuracy and details in characterizing the dataset.
Fig. 4.3 illustrates the name selection process, and Fig. 4.4 shows how the resulting names
better capture the visual content of individual segments.

4.3.1 Generating candidate names

We use GPT-4 [143] for creating a pool of candidate names. A naive solution is to prompt
GPT-4 with the original name and ask it to generate synonyms and hierarchical concepts.
However, since the original names are often too general and ambiguous, GPT-4 does not
have sufficient knowledge to generate high-quality candidates. Therefore, we propose to
exploit the visual contents for generating some “context names” (Table 4.1) that assist
GPT-4 in comprehending the category’s meaning prior to generating candidate names.

As shown in Fig. 4.2, for each category, we use an image captioning method to process
all training images that contain that specific category based on ground-truth annotations.
From the generated captions, we further extract nouns by text parsing and filtering as done
in CaSED [32]. We observe that nouns appearing more frequently tend to offer deeper in-
sights into the typical environments or traits associated with the category. Therefore, we
construct context names by selecting the top 10 most recurrent nouns for each category.
We then use them as additional inputs alongside the original class names to prompt GPT-4.
Specifically, we instruct GPT-4 to generate two types of candidate names: (1) Synonyms
or subcategories, which can expand the lexical scope of the overly general class name.
For instance, the class name “grass” could yield variations like “lawn” or “turf”. For this
type, synonyms and subcategories are considered together, acknowledging their often in-
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Figure 4.2: Overview of candidate name generation and renaming model training. We
generate candidate names based on the context names and train the renaming model to
match them with the segments. For illustration clarity, we show only one segment. In prac-
tice, multiple segments are jointly trained, pairing with the text queries.

terchangeable nature. (2) Providing short, distinct contexts to polysemous names. As an
example, the ambiguous name “fan” could be elaborated into “ceiling fan” or “floor fan”,
offering clearer specificity. As shown in Table 4.1, the 5-10 candidate names generated
by GPT-4 are more precise than the original names, reflecting the context information en-
coded by context names. The GPT-4 prompts used for candidate generation are detailed in
the appendix of the original publication [80].

4.3.2 Training for candidate name selection

Among the generated candidates, we will only keep those that are better aligned with the
visual contents. Particularly, we train a model that can assess the alignment between each
name and segment, using segmentation as the proxy task. Conceptually, a candidate name
that well describes the segment in the image should help the model recover its ground-truth
mask and make a correct classification. Therefore, the model should allow vision-language
interaction, and the supervision signal should encourage to use textual information for
mask prediction and classification.

Our renaming model is illustrated in Fig. 4.2. Its vision part starts from a CLIP-based
vision backbone followed by a pixel decoder that gradually upscales the backbone features
to generate per-pixel embeddings Fpix ∈ RH×W×C. The candidate names of the categories
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present in the image are processed by the CLIP text encoder. The interaction of textual and
visual information takes place at the transformer decoder. The initial queries X (0) are from
the text embeddings, and then updated by the transformer decoder consisting of L blocks
using the multi-scale visual features from the pixel decoder. As output of each block, the
queries X (l) generate intermediate mask and class predictions:

M̂(l) = sigmoid(X (l) ∗Fpix), ĉ(l) = softmax
[︂
Linear(X (l))

]︂
(4.1)

where ∗ refers to pixel-wise multiplication. The final predictions are made by the
queries X (L). Our pixel decoder, mask prediction and classification follow the design of
Mask2Former [27], which handles panoptic, instance, and semantic segmentation in a uni-
fied manner. The key differences lie in 1) the transformer decoder design, and 2) the train-
ing strategy, which we detail subsequently.

Transformer Decoder. Our transformer decoder uses text embeddings as input queries,
unlike most open-vocabulary segmentation models that employ text embeddings solely
as weights of the Linear layer in Eq. (4.1) for classification. This key change fosters an
earlier integration of text and visual features at varying scales, essential for leveraging
text information in segmentation tasks. As shown in Fig. 4.2, the text embedding of each
candidate name from the segment’s class “bicycle” feeds into the transformer decoder,
generating their corresponding mask and class predictions.

Next, within each block of the transformer decoder, the masked cross-attention (CA)
layer adopts ground-truth masks as the attention biases, and the self-attention (SA)
layer [204] and feed-forward network (FFN) are the same as in Mask2Former. The queries
interact with the visual features at the masked CA layers, which attend within the region
defined by the ground-truth mask, i.e., the attention bias. In the example of Fig. 4.2, the
visual features corresponding to the segment “bicycle” can therefore contribute more effec-
tively to refining the query. To encourage the model to rely more on the textual information
in prediction, we further randomly replace the ground-truth masks with predicted masks
from the preceding block in the intermediate layers. Ground-truth mask based attention bi-
ases augment the V-L interaction by focusing on the precise segment regions. Importantly,
they do not reduce the task to a straightforward use of ground-truth mask inputs for mask
prediction, as the output queries remain a set of vectors. The final mask prediction M̂(L) is
based on the correlation of these output queries X (L) with the feature map Fpix generated
by the pixel decoder as in Eq. (4.1).

Training Strategy. With the CLIP backbone kept frozen, we train the transformer de-
coder together with the pixel decoder. To recover the ground-truth mask Mi and class ci,
the transformer decoder makes multiple mask and class predictions with candidate names
from the class ci. The prediction with the highest Intersection over Union (IoU) with Mi is
selected for loss computation:

Li = Lmask(Mi,M̂best)+Lclass(ci, ĉbest), (4.2)

where Lmask and Lclass are the mask localization and classification loss functions in
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Figure 4.3: Obtaining renovated names. In (a) we illustrate how we use the renaming
model to obtain a renovated name for each segment. In (b) we demonstrate that the renam-
ing results are helpful to dataset analysis with examples from “person” class.

Mask2Former. To provide extra supervision on the name quality, we append the candi-
date names with a “negative” name randomly selected from a different category than the
ground-truth class ci. If a “negative” name scores the highest IoU, we supervise the predic-
tions with an empty mask and the “void” class (cvoid) which is one extra class in addition
to the training classes:

Li = Lmask(0,M̂best)+Lclass(cvoid , ĉbest). (4.3)

The “void” class was also used in Mask2Former classification when the prediction mask is
not matched to any ground-truth mask in the image. Having both the positive and negative
supervision, we effectively incentivize the model to favor names of high quality and penal-
ize those of low quality, thereby aiding in the accurate identification of the best-matching
names for each segment.

4.3.3 Obtaining renovated names

As illustrated in Fig. 4.3a, to obtain the renovated names, we run the trained renaming
model to associate each ground-truth mask with the candidate name. For each segment,
our renaming model first ranks the names by the IoU scores between the predicted masks
and the ground-truth mask, then selects the top-scoring name as the renovated name. This
design assumes that a single best name exists for each segment—a simplification that may
not hold when naming conventions vary across cultures, languages, or professional do-
mains. We adopt this assumption for tractability and revisit its implications in the discus-
sion (Section 4.6). While the IoU ranking scores are not probabilities, they are valuable to
understand the relative and absolute model confidence in the names, i.e., how the chosen
name stands against the other candidates and whether the selection is indeed confident.
In the experiments (Section 4.5.3), we make use of this information to speed up human
verification. We show some examples of renovated names in Fig. 4.4.

47



lawn tractor

car earth, ground

food water water water

terrain

food vegetationperson person

person

earth, ground

grass

grass
snow ground

engineer boy

chicken
trees

woman

bread
lake

mountain 
stream pool

Figure 4.4: Examples of renovated names on segments from the validation sets of
ADE20K and Cityscapes. For each segment, we show the original name below the im-
age and the renovated name in the text box.

Our renovated names are readily usable for analyzing the dataset distribution and biases
in a more fine-grained manner, as exemplified in Fig. 4.3b. Note that our renovated names
in each original class are not necessarily mutually exclusive because different visual seg-
ments may be matched to names at different hierarchies. For example, in Fig. 4.4, a person
is named as “engineer” (second row), likely due to the clothing, while the other person
is named as “woman” (third row), possibly from the physical appearance. But “engineer”
and “woman” are not mutually exclusive names. Exploring the hierarchical relationships
among these names within a dataset remains a promising direction that could further enrich
the semantic structure of the annotations.

4.4 Applications of RENOVATE Names

We further demonstrate the value of the renovated names with two application tasks:
training stronger open-vocabulary segmentation models and improving existing evaluation
benchmarks. The improvements in both tasks indicate the quality of RENOVATE names.

4.4.1 Training with RENOVATE names

RENOVATE names offer precise and diverse text information. We exploit this to im-
prove model training and achieve better generalization and data efficiency. Following prior
works [218, 231, 222], we replace original ground-truth names with RENOVATE names
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to compute text embeddings. In addition, we employ the “negative sampling” technique,
commonly used in natural language processing to enhance training with a large number
of classes [135, 63, 101, 226]. For each segment, we first randomly select C − 1 neg-
ative classes and choose one RENOVATE name from each. These names are then con-
catenated with the ground-truth RENOVATE name to form the text prompt. This effec-
tively constructs text embeddings of length C with semantically distinct names, improving
training efficiency and generalization. For computing the classification loss, we use the
cross entropy function on a per-segment basis, i.e., for an image with segments {mi}N

i=1,
Lclass = ∑

N
i=1 CE(ci,softmax(viT T

i )), where ci is the ground-truth label, vi ∈ Rd is the pre-
dicted visual embeddings and Ti ∈ RC×d is the constructed text embeddings through nega-
tive sampling. Throughout our experiments, we use negative sampling in our model train-
ing unless specified.

4.4.2 Improving evaluation with RENOVATE names

RENOVATE names also enable more fine-grained analysis of open-vocabulary models. For
instance, for a misclassification from “car” to “van”, we may distinguish between “SUV”
to “minivan” versus “sedan” to “delivery van”, which isn’t possible with class-level anno-
tations in current datasets. However, even with RENOVATE names, standard segmentation
metrics obscure our desired fine-grained performance insights since they penalize all such
misclassification cases equally. To this end, we adopt “open” evaluation metrics [243] that
consider semantic similarity between names. Specifically, for a groundtruth mask pixel
gi with label ci and a predicted mask pixel d j with predicted label c j, we compute soft
T Pci = Sci,c j , soft FPc j = 1− Sci,c j , and soft FNci = 1− Sci,c j , where Sci,c j is the semantic
similarity between ci and c j. These soft metrics are then used to compute panoptic quality
(PQ), Average Precision (AP), and mean IoU (mIoU) in a standard way. In Section 4.5.3,
we demonstrate how open metrics effectively reveal that there are indeed many “benign”
misclassification scenarios using RENOVATE names.

While our renaming process is automated, it is essential to ensure exceptionally high-
quality names for evaluation. Therefore, we introduce a rigorous verification process in-
volving five human annotators who review the top three name suggestions and their con-
fidence scores from our model to select the best match. If none of the top three names
are suitable, verifiers examine the entire candidate list. In case of disagreements, verifiers
discuss and decide collectively. Note that human verification is used only for evaluation
sets, while automatically generated names are used for the much larger training sets. Fu-
ture work could explore using multiple vision-language foundation models to automate
this verification process as evaluation sets grow [212, 146, 112].
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4.5 Experiments

4.5.1 Obtaining RENOVATE names

Setup. We renovate three panoptic segmentation datasets respectively: COCO [117],
ADE20K [241], and Cityscapes [33]. To generate context names, our default image cap-
tioning model is CaSED [32], which retrieves captions by matching vision embeddings
with text embeddings of captions from a large-scale PMD dataset [189]. We train a re-
naming model for 60k iterations with a batch size of 16 on the training set, then generate
RENOVATE names for the entire dataset.

GPT-4 Prompt Details

For candidate name generation, we prompt GPT-4 with the following templates. The sys-
tem prompt establishes the task:

System: You are an assistant that helps rename object categories

in segmentation datasets. Given an original category name and

context from image captions, suggest alternative names that are

more precise and descriptive.

The user prompt includes four components: (1) the original class name, (2) context names
from image captioning, (3) guidelines for two types of names (synonyms and short de-
scriptions) with examples, and (4) instructions on how to use the original name:

User: The original category name is ‘‘{original name}’’. Context

from image captions: {context names}. Please suggest alternative

names following these guidelines: (a) Provide synonyms that are

commonly used in natural language. (b) Provide short descriptive

names that add context (e.g., ‘‘dining table’’ instead of ‘‘table’’).

Do not generate names that are too long or too specific. Keep

the original name’s semantic scope.

COCO ADE CS
# Original classes 133 150 19
# Segments/Class 11,274 2,009 4,964

# RENOVATE names 741 578 108
# Segments/Name 1,871 521 873

Table 4.2: Statistics of renovated datasets.

Results. Table 4.2 summarizes the statistics of RENOVATE names. Compared to the orig-
inal class names, each dataset has approximately 5-6 times more distinct RENOVATE
names, indicating that they provide more diverse and fine-grained semantic annotations
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Figure 4.5: RENOVATE uncovers segments with shared semantic concepts across
datasets.

to the visual segments. We show some visual examples in Fig. 4.4 and more in Sec-
tion 4.5.7. To further validate the quality of the names, we conduct a human preference
study, see Section 4.5.4. We also conduct an ablation analysis on the components of the
renaming pipeline, see Section 4.5.5.

An additional benefit of RENOVATE is cross-dataset semantic alignment. A key chal-
lenge in open-vocabulary benchmarks is the inconsistency in labeling similar concepts
across different datasets—for example, COCO and ADE20K may use different names for
the same visual concept. Fig. 4.5 shows how RENOVATE inadvertently aids in aligning
label spaces: by identifying more appropriate names for each category in natural language,
shared concepts receive aligned names even when each dataset is renamed independently.
This standardization facilitates cross-dataset generalization and adaptation.

4.5.2 Training with RENOVATE names

Setup. We train FC-CLIP [231] models on COCO with our renovated segment-matched
names and compare them with models trained using other name sets on COCO, ADE20K,
and Cityscapes. Specifically, “OpenSeg” names [60] were manually curated by previous
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Source dataset Target datasets

MS COCO ADE20K Cityscapes

Train names PQ AP mIoU PQ AP mIoU PQ AP mIoU
Original names 52.70 42.72 60.91 25.61 15.97 33.06 46.06 23.67 57.99
OpenSeg names 53.60 43.87 60.56 27.14 17.41 35.63 45.34 24.05 58.42
Synonym names 23.38 35.87 47.20 15.56 14.78 29.74 22.94 19.58 45.91
Candidate names 41.32 40.96 56.68 19.80 15.85 33.43 39.20 20.79 51.80
RENOVATE 56.62 45.50 65.48 27.98 17.94 38.50 46.10 27.99 61.25

Table 4.3: Training with renovated names. During inference, test names are merged from
Original, OpenSeg, and RENOVATE names for fair comparison. Our results demonstrate
that RENOVATE names can help train stronger open-vocabulary models.
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Figure 4.6: Data efficiency comparison between RENO-
VATE and original names.
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negative sampling.

researchers. “Synonym names” are generated by prompting GPT-4 based on the original
class names. “Candidate names” are the outputs of the initial step in our renaming process,
using image captioning to provide context for prompting GPT-4. A key difference between
these names and RENOVATE names is that the former uses a set of names for a class of
segments, whereas RENOVATE names provide a name for each individual segment. For
model evaluation, we follow prior practices [60, 218, 231] to group predictions based on
the original class divisions. For a fair comparison, our test name set merges names from
Original, OpenSeg, and RENOVATE names.

Results. Our results in Table 4.3 demonstrate that using RENOVATE names for training
improves segmentation on both source dataset and target datasets. Compared to the Orig-
inal names, the model trained with RENOVATE names improves by near 4 PQ on COCO
and over 5% mIoU on ADE20K. These gains significantly outperform those from OpenSeg
names. This underscores the value of name refinement on per-segment level and indicates
the high quality of RENOVATE names. We also note that models trained with Synonym
names and Candidate names show inferior performance even to the Original names, re-
flecting the importance of high name quality.
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Figure 4.8: Open-vocabulary evaluation on ADE20K with different names, metrics, and
models.

The richer text information offered by RENOVATE names also improves training ef-
ficiency. In Fig. 4.6, we show that models trained with RENOVATE names can achieve
comparable performance with significantly less data compared to those trained with the
Original names. For instance, models trained with 104 images using RENOVATE names
can match or exceed the performance of models trained with 5×104 images using the Orig-
inal names. This corroborates previous findings that improving data quality can reduce the
required quantity of training data [53, 64].

Ablation on the negative sampling. In Fig. 4.7, we study the effectiveness of negative
sampling. Interestingly, we found that negative sampling is especially helpful to RENO-
VATE names while minorly impacting models trained with original names. This is because
RENOVATE names have much more class names and the names are also more seman-
tically close. Negative sampling effectively controls the number of classes used in cross
entropy calculation and keeps the name embeddings relatively distinct, thus significantly
improving training effectiveness for RENOVATE names.

4.5.3 Improving evaluation with RENOVATE names

Setup. We evaluate pre-trained FC-CLIP [231], MasQCLIP [222], and ODISE [218] mod-
els on ADE20K and Cityscapes using three different name sets with both standard and open
metrics. For open metric computation, we need the similarity between the ground-truth and
predicted class names. For Original and OpenSeg names, which use a set of names for a
class of segments, we use the averaged pairwise name similarity between classes. For REN-
OVATE names, we can directly use the pairwise name similarity between renovated names.
Fig. 4.8 shows PQ evaluation of pre-trained models on ADE20K. Full evaluation results,
including mAP and mIoU and results on Cityscapes are provided in Section 4.5.6.

Results. In Fig. 4.8, we first note that the discrepancy between standard and open metrics
is significantly greater when evaluated using RENOVATE names. This indicates that many
misclassification cases are indeed “benign”, i.e., when evaluated using more fine-grained
names, the misclassified names turned out to be semantically close to the ground-truth
names. For example, when an “area rug” is predicted to be a “floor rug” (RENOVATE
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Figure 4.9: RENOVATE names enable more fine-grained analysis on models. (a) Per-
category IoU with highlighted top/bottom-5 RENOVATE names and selected names from
the “person” class in ADE20K. (b) Confusion matrix of frequently misclassified RENO-
VATE names from “building” to “wall”, showing misclassification proportions (numbers)
and pairwise name similarity (color).

names), it will be penalized much less than from “rug” to “floor” (original names); but if
an “area rug” is predicted as “concrete floor”, the classification error will be even higher.
This shows that current pre-trained models have learned relatively good semantic concepts,
while still being sensitive to the text prompts at inference time.

RENOVATE names also enable a more fine-grained analysis of the models. In Fig. 4.9a,
we present a per-category IoU analysis on RENOVATE names within the ADE20K dataset.
We can see that large, well-defined objects such as “sky” and “girl” have high IoU scores,
while small, deformable, and rare classes like “bollard” and “ceiling light” are more chal-
lenging for current models. Note that most of these names do not exist in the original
benchmarks. In addition, our analysis reveals model biases, evidenced by the disparity in
IoU scores between “man” and “woman” as well as “girl” and “boy”, suggesting an im-
balance in the training dataset. In Fig. 4.9b, we further illustrate how RENOVATE names
facilitate a more detailed investigation of misclassifications. For example, among “build-
ing” segments misclassified as “wall”, 32.7% “churches” from the “building” class are
predicted to be “brick wall” from the “wall” class. Additionally, we observe a strong cor-
relation between name similarity and misclassifications. This showcases that our RENO-
VATE names can help identify problematic sub-categories within the original class that
models still struggle with.

Finally, we note that the open metrics are penalizing more on misclassified concepts with
lower semantic similarity, e.g., “car/road” mistakes are penalized more than “car/truck”
mistakes. In other use scenarios, different types of mistakes (e.g., outlier patterns) may be
preferred to be penalized more and the evaluation metrics should be designed accordingly.
However, regardless of the design of the evaluation metric, RENOVATE names make it
possible to conduct fine-grained analysis on mistakes with different semantic distances.
Without RENOVATE names, we can only see the coarse misclassifications without a fine-
grained understanding of the model.

Beyond improving naming granularity, RENOVATE can also discover outright annota-
tion errors in existing datasets. In post-training evaluations, we identify segments where
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Figure 4.10: RENOVATE can find wrong annotations and suggest corrections.

the renaming model consistently prefers a class name different from the ground-truth la-
bel. Visual inspection often confirms the model’s selections, revealing inaccuracies in the
original annotations. Fig. 4.10 shows representative examples where RENOVATE finds
more accurate labels from the candidate name pool. This capability arises naturally from
the model’s ability to match names to visual contents.

4.5.4 Human preference study
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Figure 4.11: Human preference study. A survey of 20 researchers is conducted to compare
preferences between the original names versus RENOVATE names on the validation sets.
RENOVATE names are favored in 82% cases.

To validate the quality of RENOVATE names beyond automated evaluation, we conduct
a human preference study on the ADE20K and Cityscapes validation sets, which contain
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30,249 and 14,670 segments, respectively. We randomly select 10% of all segments in
each validation set. For each segment, we ask 20 researchers unfamiliar with the project
about their preference between the original name and the RENOVATE name. As shown
in Fig. 4.11, RENOVATE names are preferred in 82% of cases, demonstrating a clear ad-
vantage over the original names.

4.5.5 Ablation analysis on the renaming pipeline

To ablate the renaming pipeline, we leverage a pre-trained open-vocabulary model (FC-
CLIP) as an automated evaluator: names are considered better if they help the model
achieve better open-vocabulary segmentation when used as text prompts.

ADE20K
Context name source PQ AP mIoU

None 25.50 16.53 33.80
Caption nouns (BLIP2 [110]) 25.89 17.36 34.74
Image tags (RAM [239]) 26.95 17.55 35.54
Caption nouns (CaSED [32]) 27.90 17.88 37.05

Table 4.4: Ablation on the context
name sources.

ADE20K
Attn bias Query Classifier PQ AP mIoU

gt mask learnable text 21.09 14.91 26.96
gt mask text learnable 25.65 16.33 32.67
rand gt mask text learnable 26.21 17.50 35.62
rand gt mask text w/ neg learnable 27.90 17.88 37.05

Table 4.5: Ablation on renaming model ar-
chitecture.

ADE20K
GPT4 prompt PQ AP mIoU

full prompt 27.9 17.9 37.1
- context names 25.5 16.5 33.8
- suggestions on name types 25.6 16.8 34.0
- instructions on original names 26.5 17.3 35.2

Table 4.6: Ablation on GPT-4 prompts.

In Table 4.4, we analyze the impact of context names for candidate generation. The re-
sults show significant performance improvements when context information is provided, as
opposed to the “None” baseline which relies only on original names. CaSED outperforms
both BLIP2 and RAM through its retrieval-based approach and utilization of large-scale
external image-caption datasets, underlining the benefits of contextual enrichment.

In Table 4.5, we analyze the design choices of the renaming model. Text queries are
superior to a standard text classifier because they interact directly with spatial informa-
tion from image features and exploit the mask prediction branch for more precise name-
segment matching. Randomly substituting ground-truth masks with predicted ones in at-
tention biases (“rand gt mask”) further improves matching quality, and augmenting with
negative name appending (“text w/ neg”) enhances discriminative capacity.

In Table 4.6, we ablate the contribution of different components in the GPT-4 prompts.
Our prompts consist of four components: (1) original name; (2) context names from image
captioning; (3) suggestions on two types of names (synonyms and short contexts) to focus,
with examples; (4) instructions on how to use the original name, with examples. Removing
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any key component (especially (2) and (3)) significantly degrades results. The exact prompt
templates are provided in Section 4.5.1.

4.5.6 Full evaluation results

ADE20K [241] Cityscapes [33]
Model Benchmark Names Metric PQ AP mIoU PQ AP mIoU

ODISE

Original
Standard 21.88 13.94 29.16 39.72 27.73 49.60
Open 26.31 14.49 34.39 44.09 27.91 58.20

OpenSeg
Standard 21.63 13.95 28.88 43.26 28.45 54.53
Open 28.02 15.32 38.86 46.66 28.88 58.61

RENOVATE
Standard 23.69 14.38 31.64 43.61 28.38 57.42
Open 42.32 50.11 44.65 53.10 34.52 65.05

MasQCLIP

Original
Standard 23.46 12.80 30.32 33.78 18.11 45.35
Open 26.53 13.01 36.33 37.94 18.35 55.75

OpenSeg
Standard 23.70 12.84 31.17 35.05 17.79 46.46
Open 28.04 13.89 39.40 38.83 18.62 52.11

RENOVATE
Standard 25.00 12.93 32.30 35.63 18.19 50.07
Open 47.59 67.01 42.75 49.30 37.25 61.44

FC-CLIP

Original
Standard 24.30 16.79 32.14 39.42 22.76 53.08
Open 27.04 16.52 36.59 42.57 26.54 62.69

OpenSeg
Standard 25.35 17.30 33.06 43.68 26.93 56.15
Open 29.03 17.52 41.03 45.92 27.09 60.21

RENOVATE
Standard 27.90 17.88 37.05 45.90 29.79 62.55
Open 58.25 66.99 48.31 58.63 38.91 70.60

Table 4.7: Open-vocabulary segmentation on using both standard and open metrics
across different pre-trained models using different name sets.

In Table 4.7, we present the full evaluation results of the experiments described in Sec-
tion 4.5.3. Across ADE20K and Cityscapes, evaluated with PQ, AP, and mIoU, we observe
the same pattern: the performance gap between standard and open metrics is significantly
larger when evaluating with RENOVATE names, confirming that many misclassification
cases are indeed “benign”—the misclassified names are semantically close to the ground-
truth names.

We also provide more examples of fine-grained misclassification analysis in Fig. 4.12.

4.5.7 More name examples

In Table 4.8, we show examples of original names, context names, candidate names, and
RENOVATE names. For RENOVATE, the names for each class are the set of unique names
for all the instances in that class after renaming. The context names are important for under-
standing vague class names such as “earth” and “field” and are helpful for providing more
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Figure 4.12: More examples of fine-grained misclassification analysis.

context to names with multiple potential meanings like “counter” and “bar”. RENOVATE
names provide more comprehensive descriptions of the corresponding classes.

In Fig. 4.13 and Fig. 4.14, we present more examples of RENOVATE names along with
the original names of segments from ADE20K and COCO. RENOVATE refines the original
names by being more precise and closer to natural language.

4.6 Conclusion and Limitations

In this work, we addressed the naming issues and showed that renaming improves both
model training and evaluation of open-vocabulary segmentation. While RENOVATE un-
covers model biases, it could inadvertently propagate biases from the foundational models
into the new names. To mitigate potential negative societal impacts, we advocate for ver-
ification of names in critical applications, as exemplified by our verification of names in
evaluation sets. As the first attempt to propose a generalized renaming framework, we ac-
knowledge that our exploration remains incomplete. In the future, we aim to further refine
our method, exploring more design choices such as other model backbones [236], and scale
it up to the publicly available large-scale datasets [183, 21].

An important assumption underlying our approach deserves explicit acknowledgment:
RENOVATE assumes that a single best name exists for each segment, but naming con-
ventions vary across cultures, languages, and professional domains. The vision-language
alignment we exploit reflects predominantly English-language, Western internet data, and
may not generalize to all naming contexts. What counts as the “right” name depends on
the audience, task, and cultural setting—a limitation inherited from the foundation models
that define the semantic bridge.

Post-publication developments. Since the publication of RENOVATE at NeurIPS 2024,
the open-vocabulary segmentation landscape has continued to evolve. Stronger vision-
language backbones such as SigLIP-2 [202] and DINOv3 [188] have emerged, offering
improved vision-language alignment that could both strengthen the renaming pipeline (via
better candidate name evaluation) and reduce the naming gap itself (as models become
more robust to name variation). Whether stronger VLMs diminish the need for renaming
or amplify its benefits remains an open empirical question: even if future VLMs are more
tolerant of imprecise names, the data efficiency gains from training with better-aligned
names may persist. The RENOVATE framework is model-agnostic and could incorporate

58



Original name Context names Candidate names Renovated names

earth,
ground

building, tree, stand,
water, person, floor,
sky, road, snow, car

ground cover,earth floor,ground cover,
ground,earth surface,snow ground,
land,natural ground,outdoor ground,terrain,
earth,dirt ground,terrestrial terrain

ground cover, terrestrial terrain,
natural ground, snow ground,
dirt ground, ground, grass

field
lush, field, sky, green,
grass, tree, road,
hillside, grassy, rural

rural field, roadside field, green field,
crop field, sports field, grassland,
grassy hillside,

rural field, roadside field, grassland,
crop field, sports field

rock,
stone

stone, water, tree,
lush, sea, sky, shoreline,
coast, creek, stand

rock,stone,standing stone,beach pebble,
shoreline rock,national park boulders,
river stone,stones,lush stone,rocks

river stone, stones, beach pebble
rock, national park boulders,
shoreline rock

fountain
city, fountain, building,
garden, square, park, water,
hotel, place, design

garden fountains,fountain,urban fountains,
square fountains,park fountains,
water feature designs,hotel water features

hotel water features,
urban fountains,park fountains

counter

room, area, lobby,
reception, shop, store,
hotel, design, office,
interior

checkout counter,reception desk,
office counter area,countertop,hotel lobby counter,
cashier counter,counter,retail store counter,
service desk,storefront counter,information kiosk

information kiosk, reception desk,
cashier counter, counter,
office counter area, checkout counter

stairway,
staircase

building, stair, floor, room,
ceiling, lead to, pillar,
balustrade, stairwell, rail

balustrade staircase,ceiling stairwell,stairway,
building stairs,staircase,pillar-supported stairs,
room stairway,railing stairway,floor staircase

pillar-supported stairs,railing stairway,
room stairway, floor staircase

bar
bar, restaurant, room, area,
hotel, interior, pub,
table, house, counter

bar table,bar area,restaurant bar,hotel bar,
home bar,bar counter,bar interior,bar,pub bar

bar area, bar table
bar counter

canopy
room, bed, bedroom,
house, idea, design, palace,
garden, home, royal

home canopy,canopy,house canopy,
garden canopy,royal palace canopy,patio canopy,
bedroom canopy,room canopy

bedroom canopy,
patio canopy, garden canopy

grandstand,
covered stand

stadium, game, field, arena,
world, park, football,
school, sport, high

high-capacity grandstand, park bleachers,
covered game stand, world-class viewing area,
spectator stand, football field seating,grandstand,
sports arena stand,stadium grandstand,
school spectator seats

sports venue grandstand,
sports arena stands,
park bleachers, spectator stand
football field seating

swimming pool,
swimming bath,
natatorium

pool, swimming, house, hotel,
villa, resort, beach,
indoor, luxury, apartment

luxury resort pool,swimming bath,villa pool,
apartment complex pool,hotel swimming pool,
home swimming pool,swimming pool,
beachfront swimming pool,indoor swimming bath

hotel swimming pool,
beachfront swimming pool,
villa pool,
indoor swimming pool

Table 4.8: Examples of context names, candidate names, and RENOVATE names for
classes from ADE20K.

59



these newer VLMs as drop-in replacements for CLIP and CaSED.
The semantic bridge demonstrates that correcting the interface between model and

benchmark can unlock generalization that was always latent in the vision-language rep-
resentation. However, the renaming process inherits the biases of its foundation model car-
riers: GPT-4’s world model and CLIP’s visual-linguistic alignment are neither culturally
neutral nor taxonomically complete, and these biases propagate into the renovated names.
The bridge carries the assumptions of its source—a limitation we examine more broadly in
the thesis conclusion. In the next chapter, we turn from what models can recognize to how
precisely they can operate, addressing the spatial gap between low-resolution foundation
model features and the requirements of dense prediction tasks.

4.7 Reflection: The Semantic Bridge in Retrospect

The semantic bridge proved remarkably effective—name quality can matter as much as
data quantity—but it inherits the biases of its carriers: CLIP and CaSED reflect internet-
scale, Western-centric image-text data, and the pipeline assumes segmentation masks are
correct without questioning their boundaries. These limitations, and the broader princi-
ple that every bridge imports the biases of its source, are analyzed systematically in the
Conclusion (Chapter 7).
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Figure 4.13: More examples of renovated names on segments from the validation set of
ADE20K. For each segment, we show the original name below the image and the renovated
name in the text box.
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Figure 4.14: More examples of renovated names on segments from the validation set of
COCO. For each segment, we show the original name below the image and the renovated
name in the text box.
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5 LoftUp: Learning a Coordinate-Based
Feature Upsampler for Vision Foundation
Models

Chapters 3 and 4 addressed gaps in what models can recognize—novel object categories
and misaligned semantic interfaces. This chapter addresses a gap in how precisely they
can operate: the spatial gap between the low-resolution features produced by Vision Foun-
dation Models and the high-resolution demands of dense prediction tasks. The bridging
invariant is boundary and region structure—object boundaries and region membership are
resolution-independent properties of the visual scene, holding whether features are com-
puted at 16× downsampled or at full resolution. We exploit this invariant by constructing
pseudo-groundtruth high-resolution features guided by class-agnostic masks from segmen-
tation foundation models.

5.1 Introduction

High-quality pretrained representations from Vision Foundation Models (VFMs) have be-
come standard for a wide range of computer vision tasks [45, 157, 231, 80, 145, 203, 160,
97, 162, 236, 202]. However, patchification and aggressive pooling operations in VFMs
produce output features that are typically 16× or more smaller in spatial resolution than
the input images. This resolution gap limits their utility for tasks that require fine-grained,
pixel-level understanding.

To address the challenge of limited feature resolution in VFMs, one straightforward ap-
proach is to use larger image inputs to obtain higher-resolution features. However, process-
ing high-resolution inputs incurs a quadratic increase in computational cost. Additionally,
VFMs not trained at such resolutions can introduce severe artifacts. Moreover, training or
fine-tuning VFMs on high-resolution images demands substantial computational resources
and meticulous tuning [145, 160, 162, 202]. An alternative strategy is to train task-specific
decoders that leverage multi-layer intermediate features to upsample VFM outputs [120,
27, 231, 80, 113]. Yet, this approach often comes with significant training costs and ne-
cessitates retraining the decoder for each new application. In addition, many downstream
tasks lack sufficient data needed to fine-tune a high-quality decoder.

More recently, FeatUp [52] and LiFT [196] have independently introduced task-agnostic
feature upsamplers trained with general reconstruction losses, demonstrating that such
methods can substantially enhance VFM performance across a variety of tasks. By up-
sampling VFM features and pairing them with a lightweight task-specific decoder, these
approaches provide a promising alternative that avoids heavy, task-specific training while
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Figure 5.1: LoftUp improves significantly across various tasks over the VFM backbone
(DINOv2-S [145]) and current SoTA feature upsampling performance (FeatUp [52] and
LiFT [196]). See experiment details in Section 5.5.

achieving a more generalizable solution. Nonetheless, as shown in Fig. 5.1, current feature
upsamplers still fall short of reaching optimal performance.

Here, we systematically explore the design space of feature upsamplers and identify two
critical components: the upsampler architecture and the training objective. The architecture
determines the capacity of the upsampler to learn effectively, while the training objective
defines the upper performance limit. By optimizing both elements, our approach achieves
substantially stronger results than previous state-of-the-art methods.

Regarding the upsampler architecture, to capture high-resolution details while avoid-
ing the cumulative artifacts from multiple layers of interpolation or deconvolution, we pro-
pose a simple coordinate-based transformer that directly predicts high-resolution features
for each pixel. Specifically, our model takes image coordinates and RGB values as inputs
and performs cross-attention with the low-resolution VFM feature map. This facilitates a
fine-grained, content-aware mapping from coordinates to high-resolution features, effec-
tively bypassing the constraints imposed by fixed local kernels and standard upsampling
layers. Moreover, unlike the implicit approach in FeatUp [52], which requires test-time
optimization, our method learns feature upsampling directly from the training dataset and
generalizes to diverse scenes without additional test-time adjustments.

For the training objective, the primary challenge is the absence of groundtruth high-
resolution feature annotations. Although downstream task labels such as depth or masks
can be used, this approach risks compromising the task-agnostic nature of the upsampler
and hinders its ability to generalize to unseen tasks. Due to this challenge, previous task-
agnostic feature upsampling works, FeatUp [52] and LiFT [196], both compute the training
loss at a low resolution. Our approach addresses these limitations by constructing pseudo-
groundtruth (pseudo-GT) features directly at the input image resolution. Specifically, we
leverage class-agnostic masks generated by off-the-shelf segmentation foundation mod-
els [97, 162] to ensure that the pseudo-GT accurately reflects the underlying geometry
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and delineates object boundaries. We further refine the pseudo-GT using a self-distillation
strategy that reduces noise and artifacts. This high-resolution pseudo-GT enables loss com-
putation at a high resolution, empowering the upsampler to learn fine-grained details.

We qualitatively show that LoftUp yields markedly sharper and more detailed features
than alternative upsampling methods (see Fig. 5.2). To further demonstrate the versatility
and effectiveness of our approach, we evaluate it on a range of downstream tasks such
as semantic segmentation, depth estimation, and video object segmentation. Fig. 5.1 sum-
marizes these gains: our approach leads to performance improvements of 10–20% over
previous SoTA upsamplers for most tasks. On video object segmentation [153], the im-
provement exceeds 35%. Furthermore, thanks to its coordinate-based design, our upsam-
pler adapts seamlessly to various input and feature resolutions, catering to the diverse
requirements of downstream applications. Overall, with less than a 20% increase in pa-
rameters compared to the original foundation models, our feature upsampler offers a task-
agnostic, lightweight, and plug-and-play enhancement that significantly boosts VFM back-
bones across multiple tasks.

5.2 Related Work

Feature upsampling refers to increasing the spatial resolution of a feature map. Our goal
is to increase the feature resolution to the original image resolution, that is, full resolu-
tion. Traditional non-learnable methods include various ways of interpolation [134, 41]
and image-adaptive filtering such as joint bilateral filtering (JBU) [100] and guided image
filtering [69]. In modern deep learning, previous work has proposed various architecture-
and downstream-task-specific feature upsamplers. More recently, with the success of vision
foundation models such as DINOv2 [145] and CLIP [157], there is a trend for feature up-
samplers to be downstream-task-agnostic so that they can be used with the VFM backbone
together in various applications [52, 196]. Our work falls into this category.

Architecture for Feature Upsamplers. Inspired by coordinate-based methods in 3D re-
construction [229, 116, 227, 197], we adopt a coordinate-based approach and view feature
upsampling as a mapping from high-resolution coordinates to high-resolution features. Our
method requires no test-time optimization and enables global interactions between image
inputs and low-resolution features through a cross-attention mechanism. This combination
of coordinate-based design and global attention yields stronger upsampling performance
than prior architectures.

Task-agnostic Training Objective. FeatUp [52] and LiFT [196] were the first two works
to propose a task-agnostic training pipeline for feature upsamplers. However, their training
is at a low resolution, leaving the high-resolution features severely under-constrained. In
this chapter, we propose a self-distillation approach to generate full-resolution pseudo-GT,
which is then used to supervise feature upsampling training at full resolution.
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Figure 5.2: Comparison of features from upsamplers. Backbone is DINOv2-S/14 [145].

5.3 Coordinate-Based Feature Representation

Prior works typically address feature upsampling as a gradual resolution enhancement pro-
cess, where features are progressively lifted to a higher resolution. We adopt a coordinate-
based representation of the high-resolution features and view feature upsampling as a map-
ping from a pixel coordinate (x,y) to the high-resolution features at that pixel. Specifically,
we propose a cross-attention mechanism to effectively incorporate the low-resolution fea-
tures and the high-resolution image inputs with coordinates.

As shown in Fig. 5.3, following prior work on 3D coordinate-based reconstruction [229,
136], our model encodes full-resolution coordinates with sinusoidal positional embeddings
and concatenates them with RGB values. A convolutional layer then projects this combined
input into the feature dimension. Next, an L-block cross-attention transformer uses these
high-resolution features as queries and low-resolution VFM features as keys and values,
producing the final high-resolution feature map.

Our cross-attention design enables high-frequency details to interact globally with se-
mantically rich representations, facilitating global-content-aware upsampling. This over-
comes the limitations of fixed or locally predicted kernels in prior feature upsamplers. As il-
lustrated in Fig. 5.2, multi-layer upsamplers such as resize-conv [142], LiFT (U-Net) [196],
and FeatUp (a modified JBU) [52] tend to produce blurry outputs with artifacts. Addition-
ally, LIIF [26] employs a coordinate-based design but relies on local interactions, which
limits its upsampling quality. Our LoftUp leverages global cross-attention to accurately
capture object boundaries and produce fine-grained feature maps with minimal artifacts.

Furthermore, our coordinate-based approach allows flexible generation of feature maps
at arbitrary resolutions by adjusting the input coordinate resolution—unlike traditional up-
sampling methods, which are restricted to fixed scaling factors due to their multi-layer
structures. Finally, we note that while attention mechanisms can be computationally expen-
sive, our cross-attention remains relatively efficient because it processes a much smaller set
of low-resolution tokens as keys and values, rather than the progressively higher-resolution
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Figure 5.3: Architecture of LoftUp. Our coordinate-based network with cross-attention
mechanism effectively integrates the fine-grained details from image RGB values and
semantically-rich low-res features to produce high-resolution feature maps.

feature maps as in multi-layer upsampler architectures. In fact, as our experiments (Ta-
ble 5.7) later show, our upsampler’s inference speed is comparable to bilinear upsampling.

5.4 Training Objective

While the architecture of the upsampler establishes its capacity, the training objective ul-
timately sets the performance ceiling. A central challenge for training a task-agnostic fea-
ture upsampler is the absence of full-resolution groundtruth features. As a result, previ-
ous work has either relied on proxy tasks or constructed pseudo-GT at lower resolutions.
For instance, FeatUp [52] employs a multi-view reconstruction task: the predicted high-
resolution features, F̂HR, are first transformed via an affine mapping t, then downsampled,
and finally compared against the low-resolution features extracted from images that go
through the same transformation. Here, D denotes a generic discrepancy measure between
feature maps (the specific choice varies across methods):

LFeatUp =D
(︂

f
(︁
t(I)

)︁
, σ↓

(︁
t(F̂HR)

)︁)︂
.

LiFT [196] takes a different approach, directly using features from 2× larger images I2×
as pseudo-GT, constraining the upsampler to predict 2× upsampled features F̂2× via

LLiFT =D
(︁
F̂2×, f (I2×)

)︁
.

However, since both LFeatUp and LLiFT are at relatively low resolutions (only 1/16 or 1/8
of the target resolution), they provide only weak supervisory signals for capturing fine-
grained details inherent in high-resolution outputs, potentially leaving the upsampled fea-
tures under-constrained.
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Figure 5.4: Our two-stage LoftUp training approach. Stage 1 trains an upsampler
with class-agnostic masks to refine bicubic-upsampled features. Stage 2 employs self-
distillation, initializing teacher and student upsamplers from Stage 1’s pre-trained model.
All VFM image inputs share the resolution (H ×W). For visual clarity, the VFM block is
omitted from Stage 2’s teacher branch.

We employ a self-distillation strategy to generate high-quality pseudo-GT for super-
vising full-resolution features, as shown in Fig. 3.3. First, we train an upsampler using
high-resolution class-agnostic masks, which emphasize sharp boundaries and geometric
awareness. In the second stage, we enhance training through self-distillation. Specifically,
we first initialize a teacher and a student upsampler both from the trained upsampler in
Stage 1. Then, the teacher processes high-resolution image crops, and its outputs serve as
supervision for the corresponding student upsampler outputs. By distilling more detailed
and accurate feature maps from the teacher, Stage 2 further reduces noise and enhances
sharpness in the student’s outputs. Overall, by constructing high-quality pseudo-GT fea-
ture maps at full-resolution, our approach enables the upsampler to capture more detailed
structures and boundaries, ultimately pushing the limits of feature upsampling.

5.4.1 Stage 1: Training with class-agnostic masks

Low-resolution features and their upsampled features using existing upsamplers are often
too blurry and noisy to be used as pseudo-GT. Segment Anything Model (SAM) [97] offers
a stronger alternative: it produces full-resolution, class-agnostic masks that capture fine-
grained details such as small object parts and boundaries. In the terminology of this thesis,
the bridging invariant is boundary structure: object boundaries are resolution-independent
properties that hold whether features are coarse or fine. Previous work has shown that
training with these masks leads to strong task generalization [97, 162, 161, 165]. These
qualities make them well suited for refining feature maps to reduce artifacts and noise
while promoting smoothness in homogeneous regions.

To leverage these masks, we first upsample a low-resolution feature map to full
resolution via bicubic interpolation, yielding FBicubic. Then, for each mask m ∈ M =
{m1,m2, ...,mN}, we compute the mean feature, FBicubic[m], and blend it with the original
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(c) 2x features
(LiFT)

(d) Mask-Bicubic
(Stage 1)
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(Stage 2)

Figure 5.5: Visualization of different pseudo-GT. Both Mask-Bicubic and Self-Distilled
are proposed by our work. We set α = 0.8 (in Eq. (5.1)) to balance sharp boundaries from
masks and fine-grained details from high-res features.

features, yielding a mask-refined feature map at pixels within mask m:

FMask-Bicubic[m] = α ∗FBicubic[m]+ (1−α)∗FBicubic[m], (5.1)

where α ∈ [0,1] controls the degree of mask refinement.
We then supervise the upsampler using the loss:

LMask-Bicubic = ||F̂HR −FMask-Bicubic||2, (5.2)

which encourages high-resolution outputs with homogeneous features within each mask
region, thereby leveraging the rich structural information from the class-agnostic masks.
Note while these masks can also refine features from more complicated upsampling meth-
ods such as FeatUp [52] or JBU [100], we observe that simple bicubic upsampling already
yields strong results, making it the preferred choice for Stage 1 training.
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High-Res Loss ✓ ✓ ✗ ✓ ✓

Task-Agnostic ✗ ✓ ✓ ✓ ✓

Geometry Fidelity ✓ ✓ ✗ ✓ ✓

Free of Noise/Artifacts ✓ ✗ ✗ ✗ ✓

Scalability ✓ ✗ ✓ ✓ ✓

COCO Seg. (IoU) 56.02 59.08 52.90 59.87 61.11
Cityscapes Seg. (IoU) 44.82 46.05 35.85 50.43 53.10

Table 5.1: Comparison of different pseudo-GT choices.

5.4.2 Stage 2: Training with self-distillation

We further enhance our upsampler training using self-distillation. To distill high-quality
features, we adopt a teacher-student dual-branch design. Both the teacher and student up-
samplers are initialized with the upsampler trained in Stage 1. The teacher is updated via an
Exponential Moving Average (EMA) during training, ensuring a stable and progressively
improving target.

For the student branch, each image is resized to a fixed resolution I ∈ RH×W (224px
or 336px), matching the VFM’s input requirements. For the teacher branch, the original
image is resized to a larger size IHR ∈ RtH×tW with t ∈ [2,4]. The models then process
on a crop from IHR that also matches the VFM’s resolution, i.e., crop(IHR) ∈ RH×W . Note
our original images, sourced from the SA1B dataset [97], have a minimum resolution of
1500px on the shortest side and are thus larger than tH × tW . While a higher t yields
more fine-grained teacher outputs, it also lowers the supervision resolution on the student
(H/t ×W/t), reducing supervision effectiveness. In practice, we find t ∈ [2,4] strikes a
good balance. The teacher’s output on this crop, fteacher

(︁
crop(IHR)

)︁
∈ RH×W , is subse-

quently downsampled via σ↓(·) to match the resolution of the corresponding student out-
put, crop

(︁
fstudent(I)

)︁
∈ RH/t×W/t , and used as pseudo GT for the student. Formally, the

self-distillation loss is defined as:

LSelf-Distilled =D
(︂

σ↓
(︁

fteacher
(︁
crop(IHR)

)︁)︁
, crop

(︁
fstudent(I)

)︁)︂
,

where D denotes a discrepancy function between features. In our experiments, we adopt
the affinity matrix loss [213, 156, 210], which consistently outperforms the standard
L2 loss. This self-distillation strategy leverages the teacher’s ability to handle an easier
task—generating high-quality features for cropped regions—thus providing a more reli-
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(a) Original
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Figure 5.6: Visualization of prediction examples on semantic segmentation on COCO-
Stuff [17] and depth estimation on NAVI [86].

able pseudo-GT to guide the student. Furthermore, to capitalize on the sharp boundary
priors provided by the class-agnostic masks, we apply the same mask refinement described
in Eq. (5.1) to the teacher’s features. For simplicity, we denote this refined output as
FSelf-Distilled. As shown in Fig. 5.5, FSelf-Distilled reduces the blurry artifacts in FMask-Bicubic
and captures the underlying geometry much better.

Further Discussion on Pseudo-GT Choices. Earlier in this section, we identified low-
resolution loss as a bottleneck in prior training objectives. Here, we expand on that discus-
sion by addressing additional key factors uncovered during our pseudo-GT exploration. In
particular, Table 5.1 compares our approach with three alternative pseudo-GT choices: (1)
depth maps, (2) per-image optimized high-resolution features from FeatUp-Implicit [52],
and (3) features from 2× larger inputs, as in LiFT [196]. First, pseudo-GT should be task-
agnostic to ensure generalizability across downstream tasks. For example, although depth
maps contain fine-grained geometric details, they lack semantic information, potentially
limiting the upsampler’s ability to maintain global semantic consistency. Furthermore,
pseudo-GT must capture image geometry accurately, maintain sharp boundaries and
clear color transitions, and minimize artifacts and noise. As shown in Fig. 5.5, per-image
optimized features exhibit halo artifacts around objects and speckle noise in smooth re-
gions, while 2× features introduces significant mosaic artifacts. FMask-Bicubic still suffers
from blurriness and blobby artifacts inherited from bicubic upsampling. Among these,
only FSelf-Distilled meets these requirements, demonstrating the effectiveness of our self-
distillation framework. Finally, scalability is another crucial factor. Per-image optimiza-
tion is computationally expensive, requiring 1 minute per HR feature map on an A100
GPU and 74MB for storage —equating to 35 GPU days and 3.5TB storage for just 50K
images. The remaining methods generate pseudo-GT in real time with a single forward
pass, taking less than 0.1 seconds per image. Overall, we find that FSelf-Distilled best satisfies
these requirements and delivers the strongest performance.
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Semantic Seg. Depth Estimation Normal Estimation

Method COCO mIoU ↑ CS mIoU ↑ RMSE ↓ Recall ↑ RMSE ↓ Recall ↑
Low-res 51.21 36.54 0.1071 89.08 32.29 69.56
Bilinear 56.15 44.79 0.1132 87.68 32.27 70.03
LiFT 53.35 35.80 0.1078 88.71 32.31 69.78
FeatUp 56.30 44.19 0.1092 88.57 32.25 69.83
LoftUp 61.11 53.10 0.0921 91.35 30.79 72.76

Table 5.2: Comparison of feature upsamplers across tasks of semantics segmentation,
depth estimation, and normal estimation. For each metric, we boldface the best perfor-
mance and underline the second best.

Video Obj. Seg. Open-Voc Seg. Interactive Seg.

Method J Mean F Mean Avg COCO∗ CS∗ ADE∗ GrabCut∗ Berkeley∗ DAVIS∗

Low-res 42.05 31.27 36.66 25.70 34.48 19.50 64.90 55.77 52.82
Bilinear 42.62 33.90 38.26 25.78 34.56 19.53 65.04 55.83 54.26
LiFT 47.68 36.78 42.23 25.96 35.39 19.50 29.66 31.99 41.14
FeatUp 45.70 42.90 44.30 26.61 35.01 19.99 65.89 56.67 55.03
LoftUp 58.72 61.79 60.25 27.82 38.82 21.29 78.49 65.24 67.31

∗ Dataset references: COCO [117], Cityscapes [33], ADE [241], GrabCut [173], Berkeley [131],

DAVIS [150].

Table 5.3: Comparison of feature upsamplers across tasks of video object segmentation,
zero-shot open-vocabulary segmentation, and interactive segmentation. Following previ-
ous works [105, 80, 120, 97, 84, 196], we report J Mean, F Mean, and their average for
video object segmentation, mIoU for open-vocabulary segmentation, and IoU@1 Click for
interactive segmentation.

5.5 Experiments

In this section, we compare LoftUp with other upsampling approaches on various tasks
and conduct in-depth analysis on the strengths of LoftUp. By default, we use the DINOv2-
S/14 model [145] as VFM. Experiments with CLIP [157] and RADIO [160] show that
DINOv2 produces the best downstream performance. Following previous works [52, 196],
we resize input images to a resolution of 224 and upsample the VFM features to match
the input resolution (14× for DINOv2-S/14). All upsamplers are trained for 1 epoch on
a 1M-image subset of the SA1B dataset [97]. Our LoftUp upsampler is a 2-block cross-
attention transformer trained with AdamW [124] (learning rate 10−3 in Stage 1, 10−4 in
Stage 2; batch size 8). In Stage 2, we take 2 random crops per image and update the teacher
upsampler’s weights every 10 steps using EMA with a decay factor of 0.99. We use α = 0.8
for mask refinement when constructing pseudo-GT.
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Architecture COCO Cityscapes Depth Rec. Normal Rec.

Low-res 51.21 36.54 89.08 69.56
Resize-conv 56.05 45.94 88.38 65.59
LIIF 52.24 40.36 79.85 46.06
FeatUp-JBU 57.90 44.83 89.38 68.83
LoftUp 61.11 53.10 91.35 72.61

Table 5.4: Architecture comparison on semantic segmentation and depth and normal es-
timation. All upsamplers are trained using LoftUp training objective.

5.5.1 Cross-Task Comparison

We compare LoftUp with two most recent task-agnostic feature upsamplers: FeatUp
(JBU) [52] and LiFT [196], along with bilinear upsampling as a baseline. As demonstrated
in Table 5.2 and Table 5.3, LoftUp consistently outperforms all alternatives on six down-
stream tasks.

Since we expect high-resolution features to enhance fine-grained scene understanding,
we first evaluate them on semantic segmentation following [52, 67]. We train a lin-
ear projection on upsampled features to predict coarse classes in COCO-Stuff [17] and
Cityscapes [33]. LoftUp achieves 7.3% and 15.6% relative improvements over previous
best methods. As expected, Cityscapes benefits more from feature upsampling due to its
high number of small objects.

To assess the upsamplers’ generalizability to geometry prediction, we follow [45] and
evaluate depth and normal estimation using a lightweight DPT decoder head [158] on the
NAVI dataset [86]. Among the compared methods, LoftUp is the only upsampling method
that significantly outperforms the low-res baseline, achieving 2.5% and 4.4% relative im-
provements in recall.

We further evaluate the temporal consistency of upsampled features through video ob-
ject segmentation on DAVIS2017 [153], which requires consistent object tracking across
video frames. Following prior works [196, 84], we use feature affinity maps to track ob-
jects across frames and report J Mean (mIoU, reflecting region similarity), F Mean (mean
F-score, reflecting contour accuracy) and their average. LoftUp achieves significant perfor-
mance improvements, with a 39.6% increase in J Mean and a 97.6% increase in F Mean
over the low-resolution baseline, demonstrating a strong ability to identify object bound-
aries. We visualize qualitative tracking results in Fig. 5.9.

Finally, to assess the flexibility of usage across modalities like text and click embeddings,
we evaluate on zero-shot open-vocabulary segmentation with ProxyCLIP [105] where
DINOv2 features adjust CLIP features spatially for better vision-language alignment, and
on interactive segmentation using a modified SimpleClick [120] where visual features
are incorporated with click embeddings for segmentation. Results show that LoftUp is the
only method to achieve consistent, significant improvements over the low-res and bilinear
baselines, demonstrating its adaptability to multimodal alignment.
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Figure 5.7: LoftUp pseudo-GT improves different upsamplers. Here we report semantic
segmentation results on COCO.

5.5.2 More Analysis of LoftUp Design

Our pseudo-GT provides strong training signal. In Fig. 5.5 and Table 5.1, we already
discuss and compare different pseudo-GT choices both qualitatively and quantitatively by
training LoftUp architecture using different pseudo-GTs. In Fig. 5.7, we further show that
our pseudo-GT can be used to enhance other upsamplers such as resize-conv and FeatUp
(JBU), demonstrating broad applicability of the strong, full-resolution supervision signal
of our pseudo-GT alone.

Our architecture significantly outperforms other alternatives. when training under the
same LoftUp training objective as in Section 5.4. As shown in Table 5.4, we compare
LoftUp with resize-conv, LIIF, and FeatUp-JBU. We demonstrate that while other methods
may bias towards certain tasks, LoftUp achieves the strongest performance across all of the
tasks, indicating its stronger capacity to leverage the high-quality pseudo-GT. We further
provide ablation studies of our architecture in Table 5.5.
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Feat PE Image conv # blocks # Train data COCO Cityscapes

(a)

no 1x1 2 50k 56.46 43.13
learnable 1x1 2 50k 57.89 46.06
learnable 3x3 2 50k 58.40 47.35

Sine 1x1 2 50k 58.10 47.24
Sine 3x3 2 50k 58.65 48.63

RoPE 3x3 2 50k 58.56 48.50

(b)
Sine 3x3 1 50k 57.94 48.13
Sine 3x3 2 50k 58.65 48.63
Sine 3x3 3 50k 58.35 48.32

(c)
Sine 3x3 2 50k 58.65 48.63
Sine 3x3 2 200k 59.40 49.84
Sine 3x3 2 1M 59.87 50.43

Table 5.5: Ablation of architecture and training data size choices. Upsamplers are trained
using only Stage 1 loss for convenience.

LoftUp benefits from the long-range, content-aware image-feature interaction thanks
to the cross-attention mechanism. Instead of using a local kernel as in most previous fea-
ture upsampling works, our cross-attention mechanism effectively allows global attention
and content-aware upsampling. In Fig. 5.8, we visualize the attended region of a pixel in
high-res coordinate (in cross) in the corresponding low-resolution features (in dots) where
the density of dots reflects the values of attention maps. As shown, the attended regions
often exhibit semantically similar patterns across the image. Consequently, our upsampler
leverages relevant information from the entire image, enhancing global semantic consis-
tency and refining details at object boundaries.

LoftUp supports arbitrary upsampling scales via its coordinate-based design. As
shown in Table 5.6, LoftUp maintains strong performance across varying input and fea-
ture resolutions. Here, “input res” refers to the image resolution fed into the VFM, while
“feature res” denotes the final feature map size generated by LoftUp. Notably, LoftUp
outperforms the original VFM backbone even when the latter processes images at 2× res-
olution—an approach that incurs nearly 4× the computational and memory cost. This high-
lights LoftUp’s efficiency and adaptability, making it well-suited for diverse scaling needs
in downstream tasks.

LoftUp also enjoys relatively high efficiency. In Table 5.7, we compare the parameter
size and inference time of each model. LoftUp has slightly more parameters than most
alternatives, though still less than 20% of the VFM. Despite this, it is the second fastest up-
sampler after LiFT, which only performs 2× upsampling. This efficiency arises because
LoftUp directly maps coordinates to features, bypassing multiple intermediate upsam-
pling layers used by other methods. Moreover, compared to the coordinate-based FeatUp-
Implicit that requires per-image optimization, LoftUp is both significantly faster and more
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Figure 5.8: Visualization of attended regions (shown as dots) in the low-resolution fea-
tures corresponding to a high-resolution pixel (marked as a cross). The density of dots
represents the values in the attention map. LoftUp leverages relevant information from the
global feature map to upsample features at each pixel.

effective.
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Method Input res Feature res COCO Cityscapes

Low-res 224 16 51.21 36.54
2x-large input 448 32 55.42 50.29
4x-large input 896 64 56.79 58.45

LoftUp

224

56 59.87 48.20
112 60.75 51.04
224 61.11 53.10
448 60.61 52.29

448

56 60.16 51.57
112 61.50 56.46
224 61.78 58.55
448 62.26 61.24

Table 5.6: LoftUp maintains strong per-
formance with diverse input sizes and up-
sampling scales.

Architecture COCO Cityscapes Params (M) Infer time (s/img)

Bilinear 56.15 44.79 22.1 0.0604

Resize-conv 56.05 45.94 27.5 (+5.4) 0.0922
LIIF 52.24 40.36 24.0 (+1.9) 0.1757
LiFT 53.35 35.80 23.3 (+1.2) 0.0773
FeatUp-JBU 57.90 44.83 22.3 (+0.2) 0.1213
FeatUp-Implicit 51.12 44.81 22.5 (+0.4) 54.302
LoftUp 61.11 53.10 26.4 (+4.3) 0.0893

Table 5.7: Comparison of efficiency for
different upsampler architectures. Infer-
ence time is computed on a single A100
GPU.

5.5.3 Generalization to Other VFM Backbones

To demonstrate that LoftUp generalizes beyond DINOv2, we evaluate with CLIP [157]
and RADIO [160] as VFM backbones. The upsamplers are trained following the same
procedure and evaluated at resolutions 224 and 448.

As shown in Table 5.8 and Table 5.9, LoftUp consistently outperforms all baselines
when using CLIP and RADIO as VFM backbone, demonstrating the general applicability
of our approach across different VFMs.
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Resolution Upsampler COCO Cityscapes

224

NA 40.30 30.79
Bilinear 47.12 39.84
FeatUp 52.08 33.50
LoftUp 52.58 44.66

448

NA 42.14 37.36
Bilinear 48.32 45.58
FeatUp 52.55 40.00
LoftUp 53.87 50.14

Table 5.8: Feature upsampler comparison
with CLIP-B/16 [157] backbone.

Resolution Upsampler COCO Cityscapes

224

NA 51.00 34.42
Bilinear 56.77 43.09
FeatUp 56.59 42.23
LoftUp 58.36 46.98

448

NA 58.94 49.30
Bilinear 62.29 57.42
FeatUp 62.18 56.58
LoftUp 63.55 60.83

Table 5.9: Feature upsampler comparison
with RADIOv2.5-B [160] backbone.

5.5.4 Task-Specific Implementation Details

Semantic segmentation. Following [52, 67], we perform semantic segmentation on coarse
classes in COCO-Stuff [17] (27 classes) and Cityscapes [33] (19 classes) and report mean
Intersection-over-Union (mIoU) for each dataset. We train a linear decoder layer on up-
sampled features with a batch size of 8 and AdamW optimizer [124] with a learning rate
of 1e-4 for 10 epochs.

Depth and normal estimation. Following [45], we evaluate depth and normal estimation
using NAVI dataset [86] and train a DPT decoder head with 7 convolutional layers on top
of the VFM features. We use a batch size of 8 and AdamW optimizer [124] with a learning
rate of 5e-4 for 10 epochs.

Video object segmentation. This task involves propagating an object segmentation mask
across video frames, given the ground truth mask for the first frame. Following prior evalu-
ation protocols [196, 84], we compute dense feature affinity maps between frames to track
objects. We evaluate on the DAVIS validation set [153], a popular benchmark for video
object segmentation comprising 30 videos of varying lengths, each containing between 1
and 4 objects.

Zero-shot open-vocabulary segmentation. We incorporate upsampled VFM features into
ProxyCLIP [105]. Due to the high computational cost of proxy attention, we perform up-
sampling to 8× for all upsampling methods. We use CLIP ViT-B/16 [157] as the CLIP
backbone, DINOv2-S/14 [145] as the proxy VFM, and set the input resolution to 336px,
matching the resolution of the CLIP backbone.

Interactive segmentation. We adapt the SimpleClick [120] architecture to evaluate up-
sampled features. Specifically, we use a frozen VFM backbone and train a single-layer
click encoder that directly adds to the image patch embedding, along with a three-layer
convolutional decoder head on top of the upsampled features for interactive segmentation.
For evaluation, following common practice [120, 191, 97], we sample the first click point
as the farthest point from the object boundary, and report the mean IoU of the predicted
segmentation masks with the groundtruth, denoted as IoU@1 Click.
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(a) Original
image (b) Bilinear (c) LiFT (d) FeatUp (e) LoftUp (f) Groundtruth

Figure 5.9: Visualization of prediction examples of video object segmentation on the
DAVIS 2017 dataset [153]. Each image displays its corresponding frame number in the top
right corner. The groundtruth segmentation for the 0-th frame is provided, and dense fea-
ture affinity maps are employed to propagate its segmentation labels to subsequent frames.
We can see that LoftUp outperforms all the other baselines in accurately tracking the ob-
jects across the frames.

5.5.5 Additional Visualizations

This subsection collects extended visualizations that complement the quantitative evalua-
tions above.

5.6 Conclusion

In this work, we systematically explored upsampler architectures and training objectives
for feature upsampling and introduced LoftUp, a coordinate-based cross-attention trans-
former upsampler trained with our proposed self-distilled high-resolution pseudo-GT. Our
experiments demonstrate that LoftUp generates sharp, fine-grained feature maps, enables
global content-aware image-feature interaction, supports arbitrary upsampling scales, and
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(a) Original
image

(b) Bilinear (c) LiFT (d) FeatUp (e) LoftUp (f) Groundtruth

Figure 5.10: More visualization of predictions examples on semantic segmentation on
COCO-Stuff [17] and depth estimation on NAVI [86].

achieves fast inference. Notably, LoftUp outperforms existing methods across six diverse
downstream tasks. We hope our work inspires further research in feature upsampling and
contributes to the vision community by enhancing VFMs for a wide range of downstream
applications.

5.7 Reflection: The Spatial Bridge in Retrospect

The spatial bridge demonstrates that boundary-aware pseudo-features provide an effective
invariant for transferring dense structure from coarse to fine resolution, achieving large
gains with modest parameter overhead. The bridge’s strength derives from SAM’s class-
agnostic mask quality; its weakness emerges where SAM itself struggles—ambiguous
boundaries, out-of-domain textures, or tasks where sharp boundaries may not be the rele-
vant invariant (e.g., smooth depth gradients). When masks are poor, the pseudo-groundtruth
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features are corrupted, and the upsampler inherits these errors.
More fundamentally, boundary structure is the right invariant for edge-sensitive tasks but

may be suboptimal for tasks requiring smooth spatial variation. This pattern—that every
bridge has a domain of validity—recurs across all three technical chapters and is analyzed
systematically in the Conclusion (Chapter 7). This chapter completes the trilogy of bridg-
ing invariants: geometric, semantic, and spatial. In each case, the invariant enabled gen-
eralization, but also introduced the biases of its carrier. The next chapter steps back from
constructing bridges to ask a more fundamental question: how do we identify the gaps that
need bridging in the first place?
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(a) Original image (b) Per-image op-
timized

(c) 2x features
(LiFT)

(d) Mask-Bicubic (e) Self-Distilled

Figure 5.11: More visualization of different pseudo-GT.
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(a) Image (b) Low
res

(c) Bilin-
ear

(d)
Resize-
conv

(e) LIIF (f) LiFT (g) Fea-
tUp

(h)
LoftUp

Figure 5.12: More visualization of features from various upsamplers. Backbone is
DINOv2-S/14 [145].
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Figure 5.13: More examples of attended regions (in dots) in the low-res features of a
high-res pixel (in cross). The density of dots reflects the value of the attention map. LoftUp
uses relevant information across the global feature map for upsampling features at each
pixel.
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6 Beyond Known Unknowns — Discussion
and Outlook

The preceding three chapters constructed a trilogy of bridges across known distributional
gaps: geometric invariance for novel-category detection (Chapter 3), semantic invariance
for vocabulary alignment (Chapter 4), and spatial invariance for dense prediction (Chap-
ter 5). In every case, the gap was identified by a human researcher who understood where
the model fails and why a particular invariant would help. This chapter steps back from
bridge construction to examine that upstream step: the identification of the gap itself.

We advance two claims, each supported by a distinct strand of evidence developed be-
low.

Claim 1: Gap discovery is under-systematized. Gap discovery—recognizing distribu-
tional shifts and defining what successful generalization across them looks like—is
a necessary component of the full ∆→H→M pipeline (introduced in Section 6.1),
yet it remains the least systematized. This thesis contributed to the hypothesis (H)
and method (M) stages through bridging invariants (Chapters 3–5); this chapter ex-
amines the gap identification stage (∆) as the remaining piece needed to complete
the stack. It is routinely treated as an exogenous precondition rather than a research
contribution. Section 6.1 establishes this claim by analyzing the structure of OOD
research and showing how the field’s publication norms relegate ∆ to a background
assumption. Section 6.2 reinforces it by showing that foundation models expand the
frontier of implicit coverage but leave the epistemic problem—knowing where that
frontier lies—entirely unsolved.

Claim 2: More developed methodology exists elsewhere and can be adapted. Adjacent
communities—including NLP behavioural testing [168], LLM safety [151], au-
tonomous systems [51, 50], and data management [31, 47]—have developed failure-
discovery methodology substantially more mature than what the OOD community
currently employs. This methodology can be adapted, though not directly trans-
planted, to serve as infrastructure for systematic gap discovery. Section 6.3 surveys
that methodology, organizes it along a continuum from human-led to fully au-
tonomous, and identifies the representational limits that constrain each mode of
discovery. Section 6.4 tests this claim empirically through a human–AI collaborative
experiment that applies two off-the-shelf tools from the survey to the thesis’s own
work, demonstrating both their diagnostic power and their dependence on a human-
specified search space. Section 6.5 distils the open problems that remain even after
adopting these methods, arguing that the OOD community’s theoretical apparatus is
uniquely positioned to address them.
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∆: Gap Identification
Recognizing a

distributional shift

H: Hypothesis
Naming a

bridging invariant

M: Method Design
Building the

solution

informs guides

Novel categories lack
geometric cues

Vocabulary misalignment
in VLMs

Scale–resolution
trade-off

Geometric invariance
(Ch. 3)

Semantic invariance
(Ch. 4)

Spatial invariance
(Ch. 5)

GOOD

(Ch. 3)

RENOVATE

(Ch. 4)

LOFTUP

(Ch. 5)

Chapters 3–5 contribute hereThis chapter examines

Figure 6.1: The gap–discovery pipeline from distributional gap (∆) through hypothesis (H)
to method (M). Each thesis chapter instantiates this pipeline: Chapters 3–5 contributed at
the H and M stages; this chapter examines the ∆ stage.

Together, these two claims motivate the chapter’s central argument: that gap discovery
should become a first-class research concern for the OOD community, and should integrate
and extend methodology that already exists but remains fragmented across disciplinary
boundaries.

6.1 The Gap Identification Problem

6.1.1 The structure of OOD research

Every OOD generalization effort follows a three-step pipeline:

(1) Gap identification (∆): A human recognizes a distributional shift and defines what
success looks like.

(2) Hypothesis formation (H): The researcher identifies why a particular bridging invari-
ant could close the gap.

(3) Method design (M): The concrete implementation that realizes the hypothesis.

To illustrate: in GOOD, ∆ was the observation that appearance-based detectors fail on
novel categories; H was the hypothesis that geometric structure bridges the semantic gap;
M was the pseudo-labeling pipeline. In RENOVATE, ∆ was the naming misalignment;
H was that vision-language alignment provides the right invariant; M was the renaming
model. The pattern is the same across all three chapters. Figure 6.1 illustrates this pipeline.

This thesis exemplifies the gap-as-given framing it critiques. In each technical chapter,
the distributional gap was identified through artisanal domain expertise and manual error
analysis—exactly the process this chapter argues needs systematization. The geometric,
semantic, and spatial gaps were noticed because a researcher happened to examine the
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right failure mode at the right time; a more systematic process might have identified them
earlier, or surfaced additional gaps that remain unaddressed.

Despite its primacy, ∆ receives the least attention. The field’s publication norms treat H
and M as the claimed contribution; ∆ is treated as a precondition. Yet the asymmetry is
informational: ∆ determines what problem is being solved. H and M determine how well it
is solved. A suboptimal method (M) applied to a correctly identified gap still produces use-
ful information—the gap is understood, and better methods can follow. A correct method
applied to a misidentified or unconceptualized gap produces misleading results—it opti-
mizes for the wrong problem and may conceal the actual failure mode. In short, a wrong ∆

corrupts the entire research trajectory; a wrong M is a local setback.
This asymmetry is visible in the field’s history. Some of the most impactful OOD

contributions—ImageNet-C [72], DomainBed [66], WILDS [98]—were primarily ∆ con-
tributions that reshaped entire research agendas, whereas individual method contributions,
however innovative, rarely had comparable downstream influence. This thesis illustrates
the same pattern: in GOOD (Chapter 3), we observed that appearance-based detectors sys-
tematically fail on novel categories and defined what “novel categories” meant; in REN-
OVATE (Chapter 4), we noticed that benchmark names are semantically misaligned with
visual content; in LoftUp (Chapter 5), we recognized that VFM features lack spatial res-
olution for dense prediction. In each case, the gap identification came first; the bridging
invariant and method were downstream.

The pattern generalizes beyond this thesis: domain adaptation [12, 55] assumes some-
one identified the source–target gap; domain generalization [66, 244] assumes someone
enumerated the relevant domains; robustness benchmarks [72, 199] assume someone spec-
ified the perturbation types. This framing may seem to contradict how many researchers
think about their work—most begin with a general goal (“detect any object”) rather than a
specific named gap. But between any general goal and any specific improvement, someone
must understand where and how the model fails. That understanding is gap identification,
and it remains necessary even when the goal is general. The ∆→H→M pipeline captures
this intermediate step—the process by which a general aspiration becomes a specific, ad-
dressable problem. We argue that the process of discovering where one falls short of a
general goal should become a systematic discipline.

6.1.2 Known unknowns, unknown unknowns, and the open world

A useful distinction separates distributional shifts we can name—known unknowns such
as novel categories, domain gaps, and covariate shifts of specified types—from those we
have not conceptualized at all: unknown unknowns. Unknown unknowns can arise along
many dimensions: new visual domains (satellite imagery for a model trained on natural
photos), new semantic categories (object types absent from any training taxonomy), new
compositional rules (unusual object-context combinations), or new environmental condi-
tions (sensor degradation, extreme weather, adversarial lighting). The distinction concerns
whether the failure lies within the hypothesis space that the system’s designers prepared
for, regardless of severity. A self-driving car encountering fog, where fog was a recog-
nized challenge, faces a known unknown. The same car encountering systematic reflec-
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tions from wet-road/low-sunlight interactions that mimic lane markings faces an unknown
unknown—because no one had conceptualized it as a category of shift, regardless of how
often it occurs. Because no one conceptualized it, it appears in no benchmark, no method
targets it, no training data is curated for it, and no evaluation measures robustness to it.
Every OOD benchmark tests known unknowns; deployment exposes unknown unknowns.

Industry has long recognized this asymmetry. In autonomous driving, companies oper-
ate what is known as a closed-loop data engine [111]—deploy, log failures, replay error
scenarios, retrain, redeploy—that constitutes gap discovery in its most primitive form. The
closed-loop data engine works, but it is purely reactive, instance-level, and silent on struc-
tural gaps. Kalra and Paddock [92] demonstrated mathematically that billions of miles of
real-world driving would be needed to statistically validate safety through naturalistic test-
ing alone, motivating the proactive testing approaches discussed in Section 6.3.

6.1.3 The field’s uneven progress

The OOD generalization community has made substantial progress on H→M: given
a known gap, the progression from hand-crafted domain adaptation to foundation-
model-based bridging invariants (including this thesis) is dramatic. But progress on ∆—
identifying which gaps exist—tells a more complex story.

For most of its history, the OOD community treated gap identification as artisanal: a re-
searcher examines failures, has an insight, names a problem, constructs a benchmark. The
core methodological apparatus—DomainBed [66], WILDS [98], and their successors—
still begins with “given domains. . . ” or “given a known spurious correlation. . . ” We call
this the gap-as-given framing: the distributional shift is posited as an exogenous input to
the research pipeline, and the contribution is judged entirely on the quality of the hypothe-
sis (H) and method (M) that follow. The framing is epistemically limiting because it treats
the hardest step—recognizing what the gap is—as a precondition rather than a problem
to be solved, and thereby discourages the community from building methodology for it.
One might argue that treating the distributional shift as given is simply normal science:
every field starts from problem definitions. The distinction we draw is that most fields also
develop systematic methodology for identifying which problems to solve—epidemiology
has surveillance systems, software engineering has fuzz testing—whereas the OOD com-
munity’s problem-identification step remains informal.

A structured analysis of 573 recent OOD-related papers across eight top venues
(NeurIPS, ICML, ICLR, CVPR, ICCV, ECCV, ACL, EMNLP; 2022–2025) quantifies this
asymmetry (Fig. 6.2).

Survey methodology. Papers were collected via the DBLP [108] and OpenAlex [155]
APIs using 12 topical query templates (e.g., [Venue Year] domain generalization,
[Venue Year] out-of-distribution detection) across all venue–year combina-
tions, yielding a corpus of 573 papers after deduplication and relevance filtering.1 Each
paper was classified along three dimensions—gap origin (∆ inherited vs. new), novelty

1Survey code and data: https://github.com/andrehuang/ood-gap-survey
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type (∆/H/M), and presence of systematic gap methodology—using a structured coding
rubric applied to the paper’s title and abstract. To ensure reliability, two independent LLM
coders (Claude Sonnet [2] and GPT-4o [144]) classified each paper using the same rubric;
inter-rater agreement was substantial (Cohen’s κ = 0.71 for gap origin, κ = 0.75 for nov-
elty type, κ = 0.62 for systematic methodology). Of the 573 papers, 467 received full con-
sensus; the remaining 106 were adjudicated by the author. A title-based keyword heuristic
served as a comparison baseline, showing substantially lower agreement with the LLM
consensus (κ = 0.25), confirming the value of abstract-based classification. Two limita-
tions merit attention: classification was based on titles and abstracts rather than full-text
analysis, and LLM coders may share biases from overlapping training data, so both fac-
tors could systematically misattribute novelty type. Despite these caveats, the magnitude
of the asymmetry—over 85% of papers inheriting their gap—is large enough that even
substantial classification noise would not alter the qualitative conclusion.

Findings. The analysis reveals a pronounced asymmetry between method innovation and
gap innovation: 85.9% of papers (95% CI: 82.4–88.7%) inherit their distributional shift
from existing benchmarks rather than identifying a new one, and a similar 85.9% locate
their novelty contribution in the method (M), while only 7.9% contribute primarily at the
hypothesis level (H) and 6.2% at gap identification (∆). Systematic methodology for dis-
covering gaps is rarer still, appearing in just 2.6% of the corpus. This asymmetry likely
reflects the field’s incentive structure: proposing a new method on an established bench-
mark yields a clear experimental comparison, whereas proposing a new gap requires jus-
tifying both the gap’s existence and its relevance—a higher argumentative burden with
less standardized evaluation. Standard benchmarks such as PACS [109], VLCS [48], and
OfficeHome [205] account for the largest share of inherited shifts, indicating that the com-
munity overwhelmingly optimizes methods for a small, fixed set of known gaps rather than
expanding the frontier of what gaps are known.

Critiquing the framing, however, is not the same as dismissing the benchmarks. Do-
mainBed [66] and WILDS [98] are invaluable precisely because they crystallised distribu-
tional shifts clearly enough for controlled experimentation; the question is what the bench-
mark’s design reveals about implicit discovery methodology. Under a diagnostic reading—
asking how gaps were identified rather than which algorithm wins—the same benchmarks
become instruments for studying the gap-identification process itself. The continuum of
discovery approaches surveyed in Section 6.3 organizes existing methodology precisely
around this shift in perspective.

There are, moreover, early signs that researchers within the OOD community are arriving
at questions adjacent to gap discovery from within the evaluative tradition. Yu et al. [230]
explicitly reframe OOD evaluation as not only “whether” a model generalizes but “where”
it generalizes well or poorly. Salaudeen et al. [176] demonstrated with OODSelect that
aggregate OOD metrics can mask critical failure modes. SubpopBench [225] similarly
examines subpopulation-level failures. These efforts remain evaluation-oriented—they ask
whether current benchmarks measure the right thing, not how to systematically discover
unconceptualised distributional shifts—but they represent genuine movement toward the
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Figure 6.2: Structured analysis of 573 OOD-related papers across eight venues (NeurIPS,
ICML, ICLR, CVPR, ICCV, ECCV, ACL, EMNLP; 2022–2025), classified by two indepen-
dent LLM coders (Cohen’s κ = 0.71–0.75). Error bars show Wilson 95% CIs. (a) 85.9% of
papers inherit their distributional shift (∆) from existing benchmarks; only 14.1% introduce
a new one. (b) 85.9% focus novelty on the method (M), 7.9% on the hypothesis (H), and
only 6.2% on gap identification (∆). Only 2.6% describe systematic methodology for gap
discovery. (c) Standard domain-generalization benchmarks (PACS, VLCS, OfficeHome) ac-
count for the largest share of inherited shifts.

epistemic questions this chapter foregrounds.
Meanwhile, outside the OOD community, more mature methodology exists, including

automated slice discovery [31, 47], behavioural testing [168], automated red-teaming [151,
177], hidden stratification analysis [141], and proactive scenario generation [50]. The OOD
community has begun to recognize the problem; what remains is connecting this recogni-
tion with the more developed methodology already available in adjacent fields. The re-
mainder of this chapter traces that connection: Section 6.2 examines the epistemic limits
of foundation-model coverage, Section 6.3 surveys the failure discovery methodology, Sec-
tion 6.4 tests it on the thesis’s own work, and Section 6.5 distils the open problems.

6.2 Foundation Models and the Limits of Coverage

6.2.1 Implicit coverage through scale

Foundation models [157, 145]—trained on diverse, internet-scale data—demonstrate sur-
prising robustness to distributional shifts no one specifically trained them for. Their power
comes from scale: large datasets, large parameter counts, and pretraining objectives that
serve as proxies for many downstream tasks. This scaling is what makes them effective
carriers of bridging invariants but also determines the boundaries of what they can carry—
their coverage extends only as far as the structural regularities present in their training data.
In this thesis, foundation models served as sources of bridging invariants that made GOOD,
RENOVATE, and LoftUp possible: they generalized to our target domains despite no one
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designing them to, because their representations were rich enough to cover our gaps inci-
dentally. The Platonic Representation Hypothesis [81]—that representations across modal-
ities and architectures are converging toward a shared statistical model of reality—suggests
this implicit coverage may be far broader than any human could explicitly enumerate.

6.2.2 Structural limits

Despite its power, the coverage strategy has structural limitations that no amount of scaling
can fully resolve. Several are well characterized: novel combinations of individually-seen
factors occupy an exponentially growing interaction space that no training set can exhaus-
tively cover [7]; genuinely novel phenomena (emerging sensor modalities, unprecedented
environmental conditions) remain outside the implicit boundary because foundation mod-
els interpolate rather than extrapolate [72]; and shortcut learning persists at scale [58], be-
cause larger models find subtler shortcuts but the dynamic is structural, not a consequence
of limited data.

A less recognized but more consequential limitation is epistemic: foundation models
have made the OOD boundary far broader—yet tools for knowing where that boundary is
remain absent. Coverage has expanded, but the epistemic problem persists. The question
for the OOD community is not only how to make coverage broader but how to map what
lies beyond it. Figure 6.3 illustrates this relationship: foundation models may expand the
frontier of implicit coverage (shown as potential rather than guaranteed), but the vast region
of unknown unknowns—by definition unmapped—persists beyond the epistemic frontier
and remains the domain where deployment failures occur.
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Figure 6.3: The coverage frontier. The training distribution (orange) is surrounded by
known, benchmarked gaps (green) that bridging invariants (Chapters 3–5) are designed to
cross. Foundation models may expand coverage further (blue, dashed to indicate potential
rather than guaranteed coverage), but the vast region of unknown unknowns (red) persists
beyond the epistemic frontier. Gap discovery methodology is needed to map this unmapped
territory.

6.3 Failure Discovery Across Communities

If foundation models expand coverage but leave the epistemic problem unsolved, where
should the OOD community look for methodology to address it? Across data manage-
ment, NLP, LLM safety, medical AI, and autonomous systems, researchers have built
methodology for systematically finding model failures. This section synthesizes that work
through the lens of the bridging invariant framework: just as the field transitioned from
hand-crafted to foundation-model-based invariants, the transition from artisanal to system-
atic gap discovery is underway. The analogy to learned features is instructive: the shift
from SIFT [125]/HOG [36] to CNNs [102] changed how features were obtained—from
artisanal craft to systematic methodology—while the underlying need persisted.

6.3.1 Failure discovery vs. gap discovery

Before surveying specific methods, a key distinction is needed. Most work surveyed here
is more precisely described as failure discovery: finding where an existing model under-
performs on data that is already available or can be generated. This overlaps with, but is
narrower than, gap discovery: identifying distributional shifts between training and de-
ployment that have not yet been conceptualized.

Failure discovery asks: given a model and evaluation data, where does performance
break down? Gap discovery asks: what distributional shifts exist in the deployment world
that are not represented in any existing dataset or ontology? A discovered failure often
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implies a distributional gap, and the methods for the former are among the best tools for
approaching the latter. But they are not the same. Failure discovery is bounded by available
data and representations; gap discovery, at its hardest, requires going beyond both.

6.3.2 A continuum of discovery approaches

We organize existing work into three groups by degree of human involvement: human-led
systematic discovery, which provides the baseline methodology; fully automated discovery,
which offers the highest scalability and represents the frontier with the greatest potential;
and human–AI collaborative discovery, which currently achieves the strongest empirical
results by combining automated coverage with human ontological richness. The progres-
sion is not strictly linear—collaborative methods build on automated ones and currently
compensate for their limitations, which is why we discuss them last.

Human-led systematic discovery

Human-led systematic discovery provides the baseline methodology but is bounded by
what experts can articulate. CheckList [168] adapted software engineering testing princi-
ples to NLP; practitioners with CheckList found three times more bugs than those without
it. ImageNet-C [72] demonstrated that standard models are systematically brittle to 75
human-enumerated visual corruptions. In both cases, gap identification was the contribu-
tion; everything downstream was method work. Yet human-led discovery scales poorly to
combinatorial interactions among shift types, and it is fundamentally a methodology for
known unknowns—powerful for structuring what experts suspect but cannot yet measure,
insufficient for what no one has yet imagined.

The three technical chapters of this thesis exemplify human-led gap discovery: the ge-
ometric, semantic, and spatial gaps were identified through manual error analysis and do-
main knowledge. The question is whether that process could have been accelerated or made
more reliable.

Fully automated discovery

Fully automated methods represent the scalable frontier of failure discovery. We organize
them into four sub-topics reflecting distinct strategies for removing human involvement
from the discovery loop.

Automated slice discovery. Slice discovery methods find coherent, semantically mean-
ingful data subgroups where models underperform. Domino [47] established the paradigm:
embed inputs using CLIP, cluster errors via a mixture model, and generate natural language
descriptions. It also introduced DCBench, the first quantitative evaluation framework for
slice discovery. Subsequent methods include PRIME [166], which reverses the paradigm
by first obtaining interpretable concept tags and then analyzing model behavior condi-
tioned on tag combinations, and LADDER [61], which uses LLMs to generate testable
hypotheses about model biases without clustering.
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Automated adversarial and proactive testing. The LLM safety and autonomous driv-
ing communities have developed complementary methods for discovering model vulner-
abilities at scale. In the safety domain, the central challenge—mode collapse, where RL-
trained attackers converge on few strategies—has driven the most important work. Rain-
bow Teaming [177] reframes adversarial discovery as quality-diversity optimization us-
ing MAP-Elites, mapping the topology of the vulnerability landscape. GFlowNet Red
Teaming [107] trains attackers to sample from the full distribution over strategies. In the
autonomous driving domain, Feng et al. [50] demonstrated 1,000–10,000× acceleration
in safety testing by training adversarial background agents (published in Nature), while
Scenic [51, 206] provides a probabilistic programming language for scenario specification
with formal guarantees. Across both domains, the unifying progression is from finding in-
dividual failures to mapping vulnerability landscapes—understanding the structure of the
failure space rather than cataloguing isolated examples.

LLM-driven algorithmic discovery. AlphaEvolve [140] and subsequent work [114]
demonstrate that LLMs can serve as generators of structured hypotheses in combinatorial
search spaces. While gap discovery lacks the clean fitness functions that algorithmic dis-
covery enjoys, the underlying capability—LLMs as generators of testable hypotheses—is
directly relevant to the gap discovery problem.

Autonomous model diagnosis. At the far end, systems such as AutoDetect [28] aim for
fully autonomous discovery. In vision, LANCE [154] chains captioning, LLM perturba-
tion, and text-to-image diffusion to surface class-level biases. These approaches face the
ontological barrier: a model cannot discover failures along dimensions absent from its
representations. This ontological constraint applies broadly across all automated methods:
slice discovery operates on existing data manifolds, red-teaming generates inputs within
the model’s operational domain, and even LLM-driven algorithmic search explores within
human-defined fitness landscapes.

Human–AI collaborative discovery

Collaborative methods currently represent the practical sweet spot, compensating for the
limitations of fully automated approaches by injecting human judgment into the discovery
loop. AdaVision [56] allows users to describe hypotheses in natural language and itera-
tively hill-climbs toward high-error regions using CLIP embeddings. User-discovered fail-
ure groups have 2–3× higher failure rates than automatic clustering alone. AdaTest [167]
uses GPT-3 to generate test cases with humans steering, making practitioners 5–10× more
effective. Dynabench [95] provides infrastructure for continuous adversarial benchmark-
ing.

Collaborative methods currently outperform some fully automated approaches—notably
automated clustering—because human ontological richness names failure dimensions the
model lacks representations for. As automated representations improve and the ontological
barrier recedes, this advantage may narrow, but for now the human contribution remains
essential for gap discovery in its fullest sense. Both partners bring constraints, however:
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human priors shape the search direction so that discovered failures cluster around concepts
humans find salient, while the AI component operates within fixed embedding spaces. Col-
laborative discovery also requires skilled users; Johnson et al. [89] found that practitioners
construct inconsistent descriptions of the same discovered groups, suggesting that the hu-
man contribution is itself a source of noise, not only of signal.

The progression from human-led to collaborative discovery mirrors the progression
within this thesis: from artisanal gap discovery (the researcher notices errors and has an
insight) toward a more systematic process where automated tools surface patterns and hu-
mans provide interpretive structure.

Across this continuum, a consistent trade-off emerges: as the locus of discovery migrates
from human to machine, throughput increases while justificatory depth decreases. Human-
led methods yield richly warranted but costly gap descriptions; fully automated methods
achieve the highest coverage but reduce the gap to a performance delta stripped of ex-
planatory structure; collaborative methods occupy a middle ground that currently yields
the largest empirical gains by retaining human-mediated coherence checks. The appropri-
ate validation regime must therefore be calibrated to the autonomy level: human-led dis-
covery can rely on peer-review norms, automated discovery demands formal verification
layers, and collaborative discovery requires audit of the generative partner’s blind spots.
Table 6.1 summarises the surveyed methods along these dimensions.
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Table 6.1: Summary of failure discovery methods organised along the human–autonomous
continuum. Throughput estimates relative speed of the discovery loop; justificatory depth
indicates how richly warranted the resulting gap descriptions are.

Method Mode Key mechanism Throughput Justification

CheckList [168] Human Software-testing templates
for NLP

Low High

ImageNet-C [72] Human Expert-enumerated visual
corruptions

Low High

Domino [47] Auto CLIP embedding clustering
+ NL descriptions

High Low

PRIME [166] Auto Concept-tag conditioning High Medium
LADDER [61] Auto LLM-generated bias hy-

potheses
High Medium

Rainbow Teaming [177] Auto Quality-diversity adversarial
search

High Low

Feng et al. [50] Auto Adversarial agent training
(AV)

High Low

AlphaEvolve [140] Auto LLM-driven evolutionary
code search

High Low

LANCE [154] Auto Caption→LLM→diffusion
pipeline

Medium Low

AdaVision [56] Collab NL hypothesis + CLIP hill-
climbing

Medium High

AdaTest [167] Collab LLM generation + human
filtering

Medium High

Dynabench [95] Collab Continuous adversarial
benchmarking

Medium Medium
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These methods can surface individual failures, but a deeper question remains: when has
the discovery process found enough failures? Without a definition of completeness—a cri-
terion for when testing against distributional shifts is done—gap discovery remains open-
ended. A model can always be tested against one more perturbation, one more domain, one
more compositional rule. The question of when a model has been tested against sufficiently
many gaps to warrant a claim of generalization is fundamentally a question about what
“sufficiently generalized” means under specified conditions. We return to this complete-
ness problem in Section 6.5, where it connects to the broader challenge of evaluating gap
discovery.

Could these methods have surfaced the gaps addressed in this thesis? The naming mis-
alignment identified in RENOVATE (Chapter 4) is particularly amenable to the human–AI
collaborative approach, as we demonstrate in the following section.

6.4 Case Study: Retroactive Gap Discovery for RENOVATE

The previous section surveyed failure discovery methodology along a continuum from
human-led to fully automated. This section instantiates the collaborative approach that Sec-
tion 6.3 argued is the practical sweet spot: a human researcher provides the hypothesis—
that the semantic interface may be misaligned—and automated tools validate and quantify
the gap. Using the thesis’s own work as a test bed, we ask whether the naming misalign-
ment that motivated RENOVATE (Chapter 4) could have been detected and measured using
only off-the-shelf tools available at the time of its development.

This collaborative framing is central to the experiment’s design, not a caveat. The cre-
ative insight “the semantic interface may be misaligned” is itself a ∆-level contribution
that precedes any automated analysis. Our tools validate this hypothesis—they compress
what might otherwise require weeks of manual error analysis into minutes, with the cre-
ative hypothesis still coming from the researcher. The experiment thus demonstrates the
power of human–AI collaboration in gap discovery: the human defines the search space,
and automated tools provide rapid, quantitative answers within it.

Three additional clarifications frame the experiment.

1. In RENOVATE (Chapter 4), we identified the naming gap through manual error analysis
and domain expertise. The question is whether automated tools could have accelerated
identification, particularly for researchers without the specific domain intuition.

2. Detection and resolution require different kinds of insight: even if automated tools flag
problematic names, RENOVATE’s instance-level renaming pipeline remains necessary
for the solution.

3. We use no information from RENOVATE: the experiment operates on the original
ADE20K names and off-the-shelf tools, making it a genuinely prospective diagnostic
applied retroactively.
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6.4.1 Layer 1: CLIP text-space diagnostic

Following the automated slice discovery paradigm surveyed in Section 6.3—embed in-
puts in a foundation model’s representation space and analyze the resulting structure—
we embed the 150 class names of the ADE20K panoptic benchmark [241] in the text-
embedding space of CLIP [157] (ViT-B/32, laion2b s34b b79k) using the prompt tem-
plate “a photo of a {name},” compute the 150×150 pairwise cosine similarity matrix,
and rank all

(︁150
2

)︁
= 11,175 pairs by similarity. Unlike Domino [47], which clusters image

embeddings to find failure slices, we operate entirely in CLIP’s text space—requiring only
a single forward pass through the text encoder, no images.

Figure 6.4 shows the 20 most similar pairs. The top results—stairs/stairway (cos =
0.973), chair/armchair (0.956), cushion/pillow (0.954)—are near-synonyms that a vision-
language model cannot reliably distinguish in text space. Of all pairs, 62 exceed a cosine
similarity of 0.85 and 321 exceed 0.80. These are precisely the cases most likely to produce
what we termed “benign misclassifications” in Chapter 4: predictions that are semantically
reasonable but penalized by the benchmark’s rigid category boundaries. Names with the
highest mean similarity to all other names—screen, chair, computer, bed, monitor—are
the overly broad categories that cover multiple visually distinct sub-types.

6.4.2 Layer 2: LLM-based diagnostic

Text-space geometry captures structural proximity but misses semantic issues that require
world knowledge—precisely the kind of issue that the LLM-driven diagnosis approaches
surveyed in Section 6.3 are designed to surface. We therefore query a large language model
(Claude Sonnet 4 [2]; May 2025) with the 150 ADE20K class names and ask it to pre-
dict which names would be problematic for an open-vocabulary segmentation model using
CLIP-based text-image matching. The LLM receives no images, no model outputs, and no
information about RENOVATE—only the list of names.

The LLM identifies three categories of issues, each largely non-overlapping with the
CLIP analysis:

• Context-dependent ambiguity: screen (computer screen, window screen, room di-
vider), hood (kitchen range, car, clothing), case (suitcase, display case, phone case),
tank (water, fish, military). These are names whose referent shifts with scene context—
an issue invisible to pairwise text similarity.

• Functional overlaps: countertop/counter (part vs. whole), floor/earth (indoor/outdoor
ground), windowpane/glass (object vs. material). These require reasoning about the re-
lationship between categories, not just their distance.

• Over-generic categories: apparel, plaything, animal, food—hypernyms whose visual
diversity is far too broad for a single text prompt to capture.

The LLM flags 24 names as problematic, while the CLIP analysis (at a threshold of cos >
0.90) flags 19. Only 4 names appear in both sets (Fig. 6.5), confirming that the two methods
surface largely complementary aspects of the naming gap. Together they cover a wider
diagnostic range than either alone.
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Figure 6.4: Top 20 most confusable ADE20K-150 class-name pairs in CLIP text space.
Red bars indicate pairs where at least one category has RENOVATE sub-names; grey bars
are pairs where neither category was renamed. Nearly all top pairs involve synonym or
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Figure 6.5: CLIP vs. LLM diagnostic overlap. Of 39 names flagged as problematic across
both methods, only 4 appear in both sets, confirming that embedding-based and reasoning-
based diagnostics surface complementary aspects of the naming gap.
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6.4.3 Layer 3: Validation against RENOVATE

Detecting confusable names is suggestive; validating that RENOVATE’s solution addresses
the detected issues is more convincing. We embed the RENOVATE sub-names for 116
ADE20K classes—a total of 369 alternative names—in the same CLIP text space, and
measure whether renaming reduces inter-class confusability.

Figure 6.6 shows the result as a scatter plot: each point is one category, with original con-
fusability on the horizontal axis and RENOVATE confusability on the vertical axis; points
below the diagonal indicate improvement. For 79 of 116 categories (68%), RENOVATE’s
more specific names reduce the maximum cosine similarity to any other original class.
Bus (−0.084), basket (−0.079), computer (−0.072), and toilet (−0.071) show the clear-
est improvements—cases where the original name was highly generic and RENOVATE’s
context-specific alternatives are better separated in CLIP’s text space.
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Figure 6.6: Text-space confusability before and after RENOVATE. Each point is one of
116 ADE20K classes with RENOVATE sub-names. The horizontal axis shows confusability
of the original name (max cosine similarity to any other class); the vertical axis shows the
average confusability across RENOVATE sub-names. Points below the diagonal (green)
indicate improvement; points above (red) indicate degradation. Renaming reduces confus-
ability for 79 of 116 categories, with a mean reduction of 0.010.

However, for 37 categories (32%) the confusability increases. The most pronounced

100



cases—blind (+0.169), escalator (+0.096), and step (+0.059)—reveal a systematic pat-
tern: RENOVATE replaces an ambiguous name with a more descriptive alternative that
happens to overlap textually with a related category. For example, “window screen” (REN-
OVATE’s name for “blind”) is closer to “glass” and “windowpane” in CLIP’s text space;
“moving stairway” (for “escalator”) is closer to “stairway” and “stairs.” The pattern reveals
a limitation of text-space confusability as a diagnostic metric. These renamings trade inter-
class separation in text space for improved alignment between names and actual visual
content—a subtler objective that requires the image-level analysis that RENOVATE’s full
pipeline provides.

6.4.4 What the case study shows

This experiment yields three findings relevant to the chapter’s argument.
Finding 1: Given a human-specified hypothesis, automated tools can rapidly vali-

date and quantify the gap. Both tools operated within a human-specified search space:
“analyze these category names.” The prior insight that names are worth examining—rather
than, say, the backbone architecture or the augmentation pipeline—is itself the most conse-
quential part of the gap discovery process and was not automated here. Once a researcher
formulates the right question (“is the semantic interface problematic?”), automated tools
can provide a rapid, quantitative answer, compressing weeks of manual error analysis
into minutes. This positions automated validation as a screening tool that can be applied
systematically across multiple hypothesized gap dimensions. The broader completeness
question—when has the discovery process tested enough dimensions of shift?—is dis-
cussed in Section 6.5.

Finding 2: Different tools catch different aspects. The near-zero overlap between
CLIP-flagged and LLM-flagged names confirms that embedding-based and reasoning-
based diagnostics surface complementary failure dimensions. This complementarity mir-
rors the collaborative discovery paradigm discussed in Section 6.3 and suggests that a prin-
cipled mapping from gap types to diagnostic tools (Section 6.5) would have direct practical
value.

Finding 3: Detection and resolution require different kinds of insight. Text-space
confusability is a valid diagnostic for identifying the naming gap but does not fully charac-
terize what a good solution looks like—RENOVATE sometimes increases text-space con-
fusability while improving downstream performance by aligning names with actual visual
content. This gap between detection and remediation is a concrete instance of the gap-to-
invariant pipeline problem discussed in Section 6.5: discovering that a problem exists and
understanding the right fix require different kinds of insight, and the connection between
them is non-trivial.

Scope and limitations. This case study demonstrates that, given a human-specified hy-
pothesis, off-the-shelf tools can detect and quantify the semantic gap addressed by RENO-
VATE, which is particularly amenable to text-space analysis because RENOVATE operates
within CLIP’s text-image matching framework. The geometric gap (GOOD) and the spatial
gap (LoftUp) would require fundamentally different diagnostics—image-level analysis for
geometric structure, feature-level analysis for spatial resolution—confirming that different
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gap types demand different discovery tools. The before/after comparison covers all 116
ADE20K classes for which RENOVATE provides alternative names, making it compre-
hensive. More fundamentally, the entire experiment presupposes that someone identified
“naming” as the dimension worth examining. This is a concrete instance of the ontolog-
ical barrier (Section 6.5): automated tools can discover gaps along dimensions they are
directed to examine, but the choice of which dimensions to examine remains a human
contribution—and it is often the most consequential one.

6.5 What Remains Hard

The failure discovery methods surveyed in Section 6.3 and tested in Section 6.4 reveal that
the hard problems concern understanding what the tools can and cannot reach, and what it
means to have reached enough.

Four questions structure the remainder of this discussion, each depending on the pre-
vious one. First, what can we find? Every discovery system operates within represen-
tational and ontological limits; understanding these limits determines which gaps remain
structurally invisible to which methods (Section 6.5.1). Given these limits, which gaps
matter? The space of discoverable gaps is enormous, and the challenge of distinguishing
meaningful from trivial gaps constrains both what we should look for and when we can
stop looking (Section 6.5.2). With meaningfulness defined, when have we found enough?
Even with perfect tools, gap discovery is open-ended without a criterion for completeness
that specifies when testing against distributional shifts is sufficient (Section 6.5.3). Finally,
what do we do about it? Discovered gaps must be connected to remediation—the gap-to-
invariant pipeline that closes the practical loop (Section 6.5.4).

6.5.1 What can we find: The limits of discovery

The most fundamental constraint on any gap discovery system is the ontological barrier: a
model cannot discover failures along dimensions absent from its representations. A model
without temporal context cannot discover temporally-correlated failures. A model without
social reasoning cannot discover failures caused by misunderstood social intent. The case
study (Section 6.4) illustrated a related but distinct limitation: the automated tools had
no difficulty analyzing names once directed to do so, but the prior hypothesis that names
are the relevant dimension to examine had to come from a human researcher. This is less
an ontological barrier—the tools’ representations covered names perfectly well—than a
search-direction problem: the space of possible diagnostic dimensions is vast, and selecting
which dimension to probe remains a human contribution.

The barrier has been observed empirically throughout the failure discovery literature.
LADDER [61] discovers biases that embedding-based methods miss, precisely because it
uses LLM-generated hypotheses that can transcend the vision model’s ontology. AdaVi-
sion [56] and AdaTest [167] show human-AI collaborative methods outperforming fully
automated ones, because human ontological richness can name failure dimensions the
model has no representation for. AlphaEvolve [140] pushes further by using LLMs as gen-
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erators of novel algorithmic structures—but even here, the search remains bounded by the
human-specified problem formulation. The Platonic Representation Hypothesis [81] sug-
gests the ontological horizon is expanding as representations converge, but convergence
to the “statistical structure of reality as captured by internet-scale data” still has limits—
reality contains causal, social, and physical structure not fully captured by co-occurrence
statistics. Formalizing the ontological barrier would allow the community to characterize,
for any given representational paradigm, which classes of gaps remain structurally invisi-
ble.

The ontological barrier sets an outer boundary on discovery, but within that boundary
different tools have different blind spots. Most existing methods perform failure discovery
rather than gap discovery in the full sense. The progression from one to the other requires
extrapolation: using observed failure patterns to hypothesize about structurally similar fail-
ures in unobserved distributional regions. Given that “the model confuses transparent ob-
jects with empty space,” can we systematically predict deployment scenarios where struc-
turally analogous failures occur? The deeper question is whether there is a science of gap
structure: a taxonomy of ways distributional shifts go wrong, analogous to how software
engineering has taxonomies of bug types. The failure discovery literature already hints at
structure: shortcut learning [58] is a recurring class of failure; combinatorial interactions—
where individually-seen factors combine in untested ways [7]—constitute another; miss-
ing representational capabilities—where the model lacks an entire modality or reasoning
faculty, such as temporal context or 3D spatial understanding [182]—a third. Each has
different signatures and different discoverable-by-whom properties.

No Free Lunch theorems tell us that no universal gap discoverer exists. The central ques-
tion is therefore “what inductive biases should a gap discovery system have, and what
determines which biases are appropriate for a given deployment context?” The case
study (Section 6.4) provides a concrete instance of this principle: CLIP text embeddings
and LLM reasoning surface largely non-overlapping naming issues—only 4 of their com-
bined 39 flagged names overlap—suggesting that a principled mapping from gap types
to diagnostic tools, rather than ad hoc tool selection, would have direct practical value.
Embedding analysis provides breadth while LLM reasoning provides depth, and the com-
plementarity mirrors the collaborative discovery paradigm discussed in Section 6.3. The
OOD community’s theoretical apparatus—distributional shift formalization, representation
learning, causal modeling—is uniquely positioned to develop such a theory of gap-type-
to-tool correspondence.

Even within what discovery systems can reach, however, the space of discoverable gaps
is enormous—and most are trivial. The question of which gaps are worth bridging is the
subject of the next subsection.

6.5.2 Which gaps matter: The meaningfulness problem

Not all discoverable gaps are worth bridging. Adversarial OOD generators such as Rain-
bow Teaming [177] and GFlowNet Red Teaming [107] can produce a large volume of
distributional shifts, but most are trivial—they demonstrate that a model breaks under ad-
versarial perturbation without revealing a structural limitation or suggesting a remedy. The
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challenge is designing gap discovery methods that find meaningful gaps: those whose iden-
tification yields genuine insight rather than mere volume.

We propose three criteria for meaningfulness. First, ecological validity: the gap should
correspond to conditions that actually arise in deployment. A model that fails on impercep-
tibly perturbed images reveals an interesting mathematical property but not a deployment
risk. Second, structural insight: the gap should expose a representational limitation of
the model—one that reveals which features it relies on. A texture-bias gap [59] is mean-
ingful because it reveals that the model relies on the wrong features; a random-noise gap
lacks structural insight because it says nothing about which features the model uses. Third,
actionability: knowing about the gap should suggest a remediation strategy—ideally, a
bridging invariant that would close it. Trivial gaps fail on this criterion because they sug-
gest no remedy beyond adversarial training on the specific perturbation that caused them.

These criteria provide a practical test: a gap is meaningful if one can name a bridg-
ing invariant that would close it. The geometric gap addressed by GOOD is meaningful
because geometric structure is the invariant; the naming gap addressed by RENOVATE
is meaningful because vision-language alignment is the invariant. A gap discovered by
random perturbation typically fails this test—there is no structural property that “bridges”
random noise. Several directions for operationalizing meaningfulness have appeared across
the surveyed literature, though no unified framework exists. Quality-diversity optimization
(MAP-Elites [177]) can be steered toward ecologically valid regions of the perturbation
space. Frequency-weighted scoring, where gaps are weighted by their estimated deploy-
ment probability, draws on the operational testing literature in autonomous driving [92,
50]. Semantic coherence constraints, where discovered gaps are required to be describ-
able in natural language, serve as a proxy for structural insight and underlie methods such
as CheckList [168] and LADDER [61]. These are illustrative rather than exhaustive; other
operationalizations—such as causal-graph-based criteria [182] or coverage metrics adapted
from software testing—may prove equally valuable.

The meaningfulness criteria define what we are trying to be complete over, which en-
ables the next subsection’s question of when we have found enough.

6.5.3 When have we found enough: Completeness and evaluation

Existing evaluation frameworks for failure discovery—DCBench [47] for slice discovery,
HarmBench [132] for red-teaming—evaluate methods against known ground-truth failures.
This creates a fundamental circularity: the purpose of gap discovery is finding failures that
are not yet known, but evaluation assumes that the set of failures is known in advance.

This circularity raises several open questions about recall. How should one measure re-
call when the full set of gaps is unknown? The case study (Section 6.4) illustrates this
in miniature: the CLIP and LLM diagnostics each flagged naming issues, but without
RENOVATE’s ground truth there would be no way to know what fraction of real prob-
lems was caught—and RENOVATE’s ground truth covers 116 of 150 classes. Possible
approaches include planted-failure protocols, where known failures are hidden in evalua-
tion data and discovery rates are measured, and coverage estimation techniques analogous
to species-richness estimation in ecology. Inter-rater reliability compounds the difficulty:
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Johnson et al. [89] found that only about 60% of practitioner-generated hypotheses about
discovered failure groups were correct, questioning whether current methods actually help
practitioners form correct mental models of model behaviour. More broadly, evaluating
gap discovery may be more like evaluating scientific insight than measuring benchmark
accuracy—the field may need methodology evaluation (does this process reliably produce
valid hypotheses?) rather than purely outcome evaluation (did this method find the ground-
truth failures?).

With the meaningfulness criteria of the preceding subsection in hand, the completeness
problem—colloquially, the “definition of DONE”—can be stated precisely. A model can
be considered “sufficiently generalized under specified conditions” when it has been tested
against all meaningful gaps within a defined scope—where meaningfulness is judged by
ecological validity, structural insight, and actionability. OOD generalization is ill-defined
without both gap discovery and a notion of completeness: finding gaps is necessary, but
without a criterion for when the discovery process has covered sufficiently many dimen-
sions of shift, one can neither claim that a model generalizes nor that it does not. Adver-
sarial methods can surface failures mechanically; the hard question is knowing when to
stop. Completeness is thus not a fixed threshold but a function of the deployment context:
what counts as sufficient generalization for a medical imaging system differs from what
counts for a photo-tagging application. Formalizing this context-dependent completeness
criterion—rather than leaving it implicit in benchmark selection—is among the deepest
open questions for the field.

6.5.4 What do we do about it: From gaps to invariants

Finally, discovering a gap is necessary but not sufficient—it must be connected to reme-
diation. For data-distributional gaps (the model has not seen this kind of input), the fix
often follows from discovery: collect data, retrain. For structural gaps (missing capabil-
ities such as temporal reasoning or social modeling), more data of the same kind does
not help. Current failure discovery methods cannot reliably distinguish between these two
cases, though interpretability-first approaches such as PRIME [166] and LADDER [61]
are beginning to provide richer diagnoses.

The strongest empirical finding across the failure discovery literature is that human-
AI collaborative methods consistently outperform fully automated ones. Human judgment
provides ontological richness (naming dimensions absent from the model’s representa-
tion), value alignment (judging which failures matter), and analogical reasoning (predicting
where similar failures occur in different domains). The human role may shift from speci-
fying distributions to specifying objectives, but remains essential. Near-term, the realistic
loop is: system finds the gap, human defines the bridging invariant, method is designed
accordingly. This already improves on the status quo where humans must also find the gap.
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6.6 Concluding Remarks

OOD generalization requires a full stack: discovering gaps, identifying invariants, and
building bridges. This thesis contributed primarily to the bridge-construction half of that
stack—identifying and exploiting bridging invariants through Chapters 3–5. This chapter
mapped out the gap-discovery half as the complementary piece needed to complete the pic-
ture. The retrospective case study (Section 6.4) demonstrated that human–AI collaboration
can validate a hypothesized gap rapidly and cheaply, but also that the most consequential
step—choosing which dimension to examine—remains a human contribution.

Four open problems define the research frontier. They form a logical chain in which each
depends on the resolution of the previous one. First, the limits of discovery: understand-
ing what each representational paradigm can and cannot discover determines which gaps
remain structurally invisible—and therefore which dimensions of shift no tool can cur-
rently reach. Given these limits, the meaningfulness problem asks which of the discov-
erable gaps are worth bridging; without criteria for ecological validity, structural insight,
and actionability, gap discovery produces volume rather than understanding. With mean-
ingfulness defined, completeness (colloquially, the “definition of DONE”) can be stated
precisely: when has a model been tested against sufficiently many meaningful gaps to war-
rant a claim of generalization under specified conditions? Finally, the gap-to-invariant
pipeline closes the practical loop: connecting a discovered, meaningful, and sufficiently
validated gap to the bridging invariant that would close it—demanding richer diagnoses
that distinguish data-distributional from structural gaps and that inform the design of tar-
geted remediation.

The shift from hand-crafted to learned features transformed computer vision by turning
feature design from artisanal craft into systematic methodology. An analogous transfor-
mation is underway for gap discovery. This thesis contributed to the current paradigm of
crossing known gaps with bridging invariants; this chapter charted the remaining territory
needed for a complete OOD methodology.
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7 Conclusion

7.1 Summary of Contributions

This thesis addressed the challenge of Out-of-Distribution generalization in visual percep-
tion by identifying and exploiting bridging invariants—structural properties that hold on
both sides of a distributional gap and enable the transfer of knowledge from familiar to
novel conditions.

In Chapter 3, we tackled the gap between known and novel object categories in open-
world detection. The bridging invariant was geometric structure: depth and surface normals
capture the shape and spatial extent of objects independently of their semantic class. We
introduced GOOD, a pseudo-labeling pipeline that trains an object proposal network on
geometric cues from monocular estimators to discover unannotated novel objects in the
training set. These pseudo-labels augment RGB-based detector training, enabling detec-
tion of objects that appearance-based methods systematically miss. Training with only a
single “person” class, GOOD surpassed state-of-the-art methods by 5.0% AR@100 on
non-person classes, demonstrating that geometric invariants provide a powerful foundation
for open-world generalization.

In Chapter 4, we addressed the misalignment between category names in segmentation
benchmarks and the actual visual content they describe. The bridging invariant was vision-
language alignment: the shared structure between human visual categorization and the
representations learned by vision-language models, which holds when objects are named
according to common perceptual norms. RENOVATE uses image captioning models to
generate contextually relevant candidate names and trains a specialized renaming model to
select the best match for each segmentation mask. Training with renovated names yielded
up to 15% relative improvement in open-vocabulary segmentation. Models trained on 104

images with renovated names matched those trained on 5×104 images with original names,
showing that the quality of the semantic interface can matter as much as the quantity of
training data.

In Chapter 5, we bridged the spatial gap between the low-resolution features of Vi-
sion Foundation Models and the requirements of dense prediction tasks. The bridg-
ing invariant was boundary and region structure: object boundaries and region mem-
bership are resolution-independent properties of the visual scene. LoftUp constructs
pseudo-groundtruth high-resolution features using class-agnostic SAM masks, then trains
a coordinate-based cross-attention transformer to upsample features while respecting these
boundaries. With less than 20% additional parameters, LoftUp outperformed existing fea-
ture upsamplers by 10–20% on most downstream tasks and achieved over 35% improve-
ment on video object segmentation.

Across all three chapters, the pattern was the same: identify the invariant, extract it using
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a foundation model, convert it into pseudo-labels, and use those pseudo-labels to guide
the task-specific model. Foundation models served as carriers of bridging invariants—
practical tools for accessing structural regularities that hold across distributional shifts—
but the conceptual contribution in each case was in recognizing which invariant bridges the
gap.

7.2 The Bias of the Bridge

Every bridging invariant is a hypothesis about what is shared across a distributional gap.
When that hypothesis is correct, the bridge enables generalization. When it is wrong—
when the “invariant” actually does shift, or when its source introduces its own distortions—
the bridge fails. As introduced in Section 1.3, three conditions can cause a bridging invari-
ant to fail: (i) the structural property assumed to be shared actually shifts between training
and deployment; (ii) the foundation model that provides the invariant introduces its own
distortions; (iii) the invariant is task-relevant for only a subset of the test distribution. Each
of the three bridges in this thesis exhibits these failure modes in concrete, predictable ways.

Geometric bias (GOOD). The geometric bridge relies on the quality of monocular depth
and normal estimators. These estimators are trained on diverse but finite 3D scene data, and
their predictions can fail on textureless surfaces, unusual materials, extreme viewpoints,
or adversarial lighting conditions. When the geometric signal is weak or inaccurate, the
pseudo-labels degrade—and with them, the bridge. Furthermore, geometric structure is
not equally informative for all object categories: objects defined primarily by appearance
rather than shape (e.g., flat road signs, printed patterns) may not benefit from geometric
cues. The invariant “all objects have geometric structure” is approximately true, but the
approximation breaks in predictable ways.

Semantic bias (RENOVATE). The semantic bridge inherits the biases of the founda-
tion models that generate and evaluate candidate names. GPT-4’s world model reflects
the distribution of its training data, which is neither culturally neutral nor taxonomi-
cally complete—object naming conventions vary across cultures, languages, and domains.
CLIP’s visual-linguistic alignment similarly reflects internet-scale image-text pairs, which
overrepresent certain visual concepts and underrepresent others. These biases propagate
into the renovated names: the bridge assumes that “correct” naming has a stable, universal
definition, but in practice, what counts as the right name depends on context, audience, and
purpose. The bridge is only as unbiased as its carrier.

Spatial bias (LoftUp). The spatial bridge depends on SAM’s class-agnostic mask qual-
ity. When SAM produces poor masks—on out-of-domain images, ambiguous textures, or
scenes where “object” is not well-defined—the pseudo-groundtruth features are corrupted,
and the upsampler learns incorrect boundary patterns. More fundamentally, the bridge as-
sumes that boundary structure is the right invariant for all dense prediction tasks. This
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Table 7.1: Summary of bridge biases. Each bridging invariant introduces predictable fail-
ure modes inherited from its source.

Bridge Bias source When it fails Example

Geometric (Ch. 3) Monocular estimator Textureless surfaces, un-
usual materials

Road signs, thin struc-
tures

Semantic (Ch. 4) CLIP training data Culturally specific or rare
concepts

Non-Western categories

Spatial (Ch. 5) SAM mask quality Ambiguous boundaries,
out-of-domain images

Smooth gradients, fog

assumption is well-supported for tasks like segmentation and object tracking, where bound-
aries are directly relevant. But for tasks where the relevant structure is smooth rather than
edge-aligned—depth estimation in gradually varying scenes, or optical flow in textureless
regions—crisp boundary priors may introduce artifacts rather than help.

A general principle. These per-chapter limitations share a deeper structure: a bridging
invariant imports the biases of the source from which it is extracted. A monocular depth es-
timator trained on indoor scenes may produce poor geometric bridges for aerial imagery. A
vision-language model trained on English web data may produce biased semantic bridges
for non-Western visual cultures. A segmentation model trained on natural images may pro-
duce unreliable spatial bridges for medical or satellite imagery.

This is not a flaw specific to our approach—it is an inherent property of any method
that uses external knowledge to guide generalization. The external source provides invari-
ance over a broad but finite range of conditions, and beyond that range, the invariance
assumption breaks. The honest response is to characterize the biases of external invari-
ants: to understand when and where each bridge is likely to fail. This connects directly to
the argument of Chapter 6: systematic gap discovery is needed not only to identify the pri-
mary distributional gaps that motivate bridges, but also to identify the secondary gaps—the
biases—that bridges themselves introduce.

7.3 From Bridging to Discovery

This thesis contributed to the bridge-construction half of OOD generalization; Chapter 6
mapped out the gap-discovery half that completes the stack. The biases that bridging invari-
ants introduce (discussed above) reinforce the need for systematic gap discovery: these bi-
ases are themselves distributional gaps—secondary mismatches that require the same kind
of methodology to identify. Chapter 6 poses four cascading questions—what can we find,
which gaps matter, when have we found enough, and what do we do about it—and demon-
strates through a retrospective case study that structurally different diagnostic tools surface
complementary failure dimensions, providing an empirical foundation for that analysis.
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7.4 Final Thoughts

A full stack of OOD generalization requires both building bridges and knowing where
to build them. This thesis contributed primarily to bridge construction—identifying and
exploiting bridging invariants—while also charting the landscape of gap discovery as the
complementary upstream challenge. Geometric structure, semantic alignment, and bound-
ary structure each provided a foundation for a specific gap, enabling substantial improve-
ments in open-world detection, open-vocabulary segmentation, and dense feature upsam-
pling.

Bridging invariants make explicit the structural assumptions that underlie OOD methods.
The quality of generalization depends on the quality of these assumptions: a bridge built
on a correct invariant enables robust transfer; a bridge built on a shifting property fails in
predictable ways. Making these assumptions explicit—rather than leaving them implicit in
architecture choices or training procedures—is itself a contribution to the field’s clarity.

As foundation model capabilities expand and gap discovery methodology matures, the
field moves toward systematic OOD generalization. The deepest open question is the “defi-
nition of DONE”: when has a model been tested against enough distributional shifts, across
enough dimensions of variation, to warrant a claim of sufficient generalization? This ques-
tion connects meaningfulness, evaluation, and the ontological barrier into a single chal-
lenge. Until the field can answer it, OOD generalization remains an open-ended aspiration
rather than a verifiable property.
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