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Abstract

Zero-Shot Object Goal Navigation (ZS-OGN) enables robots or agents to navigate
toward objects of unseen categories without object-specific training. Traditional
approaches often leverage categorical semantic information for navigation guidance,
which struggles when only objects are partially observed or detailed and functional
representations of the environment are lacking. To resolve the above two issues,
we propose Geometric-part and Affordance Maps (GAMap), a novel method that
integrates object parts and affordance attributes as navigation guidance. Our method
includes a multi-scale scoring approach to capture geometric-part and affordance
attributes of objects at different scales. Comprehensive experiments conducted on
HM3D and Gibson benchmark datasets demonstrate improvements in Success Rate
and Success weighted by Path Length, underscoring the efficacy of our geometric-
part and affordance-guided navigation approach in enhancing robot autonomy and
versatility, without any additional object-specific training or fine-tuning with the
semantics of unseen objects and/or the locomotions of the robot. Our project is
available at https://shalexyuan.github.io/GAMap/.

1 Introduction

Zero-Shot Object Goal Navigation (ZS-OGN) is a pivotal research domain in embodied AI and
robotics, enabling robots to navigate towards the objects of unseen categories without training or
fine-tuning on these objects [1, 2, 3, 4, 5]. This capability is crucial for real-world robots, such
as home service robots and blind guiding robots, allowing them to interact with diverse objects in
real-world scenarios, thereby enhancing their autonomy and versatility.

Prior works on ZS-OGN either leverage deep neural networks to directly map RGB-D observations to
actions learned from paired training data [6, 7, 8, 9, 10, 11] or utilize map-based navigation methods
[12, 13, 14, 15, 16, 17, 3]. However, deep neural network approaches often struggle due to their
dependence on extensive annotated data, resulting in poor generalization to unseen environments
[18, 16], while map-based navigation methods instead offer an alternative. Map-based navigation
methods track categorical semantics and topological information observed by the agent to select
promising exploration locations [17]. With the advent of foundation models, the studies [3, 17, 19]
have exploited the reasoning capabilities of Large Language Models (LLMs) to strategically select
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Figure 1: The leftmost RGB image shows the same observation for both methods. Our method (top
row) effectively identi�es the geometric part of the chair back, which is missed by the traditional
method (bottom row). Consequently, GAMap successfully guides the agent to the target object, while
the traditional method fails. The red circles highlight the areas where the chair is located, and the GA
score is high, indicating the effectiveness of our approach in localizing relevant regions.

waypoints by analyzing commonsense, such as object co-occurrence relationships, to navigate
robots towards the target. However, LLM-based approaches require converting visual and semantic
information into categorical descriptions, which leads to a loss of spatial and visual information [9].
Vision Language Models (VLMs) enhance semantic reasoning capabilities, but still rely on maps
that encompass only categorical information [16]. The primary limitation of exclusively relying
on categorical information is that such maps treat objects asmonolithicentities, disregardinglocal
geometric features. This becomes particularly problematic when only the target object is partially
observed, leading to incorrect categorical information and potential errors in waypoint selection.

We argue that using a categorical map for robot exploration is suboptimal, as it discards intricate
geometric details and functional representations of the environment, as illustrated in Figure 1.
Drawing inspiration from human cognitive processes — where distinctive geometric parts are
often identi�ed �rst when locating an object in an unfamiliar environment [20, 21] — we propose
Geometric-part and Affordance Maps(GAMap), a zero-shot approach, for the geometric parts and
affordance attribute driven semantic navigation to explore and �nd the target object in an unseen
environment. Speci�cally, given a target object, our proposed method starts by using an LLM to
infer the object's geometric parts and potential affordance attributes, aiming at providing a detailed
understanding of both the object's physical structure and its functional properties. Given depth
observations, GAMap maintains a 2D projection of obstacles and explored areas. Instead of relying
on object detection and prompt engineering of LLMs to select the next area to explore, our approach
employs a pre-trained CLIP [22] to score observations based on their similarity to the reasoned
geometric parts and affordance attributes, guiding the exploration process. To construct the proposed
GAMap, which requires obtaining scores for geometric parts at different scales, we further propose a
Multi-scale Geometric and Affordance score (GA score). Such an integration addresses a notable
limitation in existing approaches that compute similarity at a single scale, which usually results in the
oversight of �ne-grained details of an object, as such details are potentially essential for an accurate
identi�cation of geometric parts or affordance attributes of objects with different sizes.

Our proposed method is evaluated on HM3D [23] and Gibson [24] benchmarks and achieves sig-
ni�cant improvements in Success Rate (SR) of 26.4% on HM3D [23] and 23.7% on Gibson [24]
compared to previous approaches. Additionally, we achieve substantial gains in Success weighted by
Path Length (SPL) of 37% on Gibson, highlighting the ef�ciency and effectiveness of our proposed
geometric parts and affordance guided navigation. The contributions of our method are mainly
summarized as follows:

1. We propose a novel Geometric-part and Affordance Map (GAMap) for ZS-OGN using
object part and affordance attributes as guidance. To the best of our knowledge, this is the
�rst work to study the integration of these attributes in ZS-OGN.
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2. Recognizing that geometric parts and affordance attributes often relate to multiple scales of
an object, we propose a Multi-scale Geometric and Affordance score, which allows GAMap
to be constructed in real-time, better capturing these attributes at different scales.

3. We achieve state-of-the-art performance on two navigation benchmark datasets without any
training or �ne-tuning with the semantics of unseen objects and/or the locomotions of the
robot, which demonstrates the effectiveness of our method in unseen environments.

2 Related Work

Semantic Mapping. In the context of object goal navigation, it is crucial to transform observations
into structured information for effective decision-making. Frontier-based methods [3, 16, 19] utilize
categorical semantic information near frontiers to select exploration areas. Additionally, graph-based
mapping methods [17, 25, 18] predict waypoints from RGB-D images or simpli�ed maps to create
topological representations of the environment. Most of the aforementioned works rely on semantic
segmentation or object detection to build semantic maps, which are constrained by the pre-de�ned
semantic classes and thus fail to capture the full semantic richness of environments [18, 26]. To
overcome these limitations, recent approaches like VLMaps [18] have introduced open-vocabulary
semantic maps, enabling natural language indexing and expanding the scope of semantic mapping.
In addition, previous works [27, 28] attempt to utilize attributes and long descriptions for object
perception. While these methods have advanced the navigation �eld, they often overlook object parts,
treating objects as monolithic entities and leading to errors when these objects are partially observed.
Inspired by human cognitive processes [21, 20], where distinctive geometric parts are identi�ed
�rst in unseen environments, we propose Geometric-part and Affordance Maps (GAMap). Unlike
previous methods focusing solely on categorical information, GAMap integrates geometric parts and
affordance attributes, providing a richer and more functional representation of the environment.

Zero-shot Object Goal Navigation.In the context of object goal navigation, the aim is to ef�ciently
explore a new environment while searching for a target object that is not directly visible. Previous
research relies heavily on visual context via imitation [29, 6] or reinforcement learning [7, 8, 9] to
guide robots. These approaches often require extensive data collection and annotation for training,
which limits their practical application in real-world environments. Thus, the focus in object goal
navigation has been shifting towards zero-shot object navigation, which aims to equip robots with
the ability to adapt to unseen objects and environments without the need for training [12, 30, 13, 14].
Clip-Nav [31] utilizes CLIP [22] to execute vision-and-language navigation in a zero-shot scheme,
whilst CoW [32] employs CLIP for object goal navigation. Recently, Frontier-based Exploration
(FbE) [33] is widely adopted in navigation by moving the robot to the frontier between known and
unknown spaces [32, 34, 35, 36, 37], leading to promising performance compared to learning-based
exploration methods [38, 39]. More recently, ESC [3] leverages the reasoning ability of LLMs
to select frontiers using pre-de�ned rules. Chenet al. [15] explore frontier selection by jointly
considering the shortest path to frontiers and the relevance scoring between objects for exploration.
To enable more robust and reliable exploration and waypoint selection, Wuet al. [17] propose a
Voronoi-based scene graph for waypoint selection. Unlike the above methods that use the reasoning
ability of LLMs to select frontiers, VLFM [16] introduces a value map to score frontiers based on the
categorical similarity between the observation and the target object. In contrast to prior work, for the
�rst time, we explore robot navigation using geometric parts and affordance attributes as guidance.
This approach integrates detailed geometric parts and functional properties of objects, offering a more
comprehensive strategy for navigation.

3 Method

We �rst formalize the ZS-OGN problem in Section 3.1. Then, we detail our method, as shown
in Figure 2, from four phases: attribute generation in Section 3.2, multi-scale attribute scoring in
Section 3.3, GAMap generation in Section 3.4, and exploration policy in Section 3.5. Initially,
our method generates geometric parts and affordance attributes for the target object. During the
exploration, the method computes a multi-scale attribute score from the RGB observations collected
by the agent. These scores are then mapped onto a 2D geometric parts and affordance map, which
is pivotal in guiding the exploration process. Subsequently, the agent selects the location with the
highest score for further exploration.
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Figure 2: Pipeline of the GAMap generation. Geometric parts and affordance attributes are generated
by an LLM. The RGB observation is partitioned into multiple scales, and a CLIP visual encoder
generates multi-scale visual embeddings. GA scores are computed using cosine similarity between
attribute text embeddings from a CLIP text encoder and the multi-scale visual embeddings. These
scores are averaged and projected onto a 2D grid to form the GAMap.

3.1 Problem Formulation

In ZS-OGN, the robot must navigate to a target objectgi that has never been encountered before
in an unseen environmentsi , without any training ongi and si . A navigation episode can be
de�ned asEi = f gi ; si ; p0g, wherep0 denotes the robot's initial location, the subscripti refer to
thei th episode. The robot receives a color imageI t , a depth imageD t , and its pose,i.e., position
(x t ; yt ) and orientation� t , at each exploration stept. We denote these readings as an observation
Ot = f I t ; D t ; x t ; yt ; � t g. The agent accumulates pose readings over time to determine its relative
positionpt . Based on the readings at each step, the robot needs to select an actionat from the action
space. A navigation episode is marked as successful if the robot executes theSTOPaction within a
pre-de�ned distance to the target object. In this work, we approach the navigation task as a sequence
of decisions made by the robot. The process starts at the initial time stept = 0 and ends at the �nal
time stepT. This �nal step is either when the robot executes theSTOPaction or when a pre-de�ned
maximum number of exploration steps is reached.

3.2 Attribute Generation

We focus on two types of attributes essential for object recognition:AffordanceandGeometric-part
attributes. Affordance attributes refer to the potential actions that an object facilitates [40], which are
crucial for understanding how an agent might interact with different objects within an environment.
Geometric-part attributes, on the other hand, describe the shape and spatial characteristics of an
object, aiding in its visual identi�cation and differentiation from other objects.

To extract these attributes, we employ an LLM to reason about the target object's characteristics.
Speci�cally, we utilize GPT-4V [41] for the attributes generation. We initiate this process by setting
the system prompt as:“I ama highly intelligentquestion-answering bot,andI answerquestionsfrom
a humanperspective.” Subsequently, we employ two tailored prompts to extract the desired attributes.
For affordance attributes, we design prompt as:“For thetargetobject <targetobject gi >, please
provide<Na> affordanceattributesthat to themostre�ect its characteristics.” to queryNa number
of affordance attributes. For geometric parts, the prompt is:“Summarize <Ng> geometric part
visualfeaturesof the<targetobjectgi > whichare typically usedto identify whyit is a <targetobject
gi >.” to getNg number of geometric attributes. Once the set of affordances attributesf An gN a

n =1 and

geometric attributesf Gn gN g
n =1 have been identi�ed, the next stage involves coupling these attributes

with the agent's observations by computing Geometric-part and Affordance scores (GA scores)
through multi-scale visual features, as detailed in the following.
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