LIEREx: Language-Image Embeddings for Robotic Exploration

Felix Igelbrink!™, Lennart Niecksch?'f, Marian Renz®!, Martin Giinther!,
Martin Atzmueller®!

!German Research Center for Artificial Intelligence (DFKI), Research Department
Cooperative and Autonomous Systems (CAS), Osnabriick, Germany.
2Qsnabriick University, Semantic Information Systems Group, Osnabriick, Germany.

*Corresponding author(s). E-mail(s): felix.igelbrink@dfki.de;
Contributing authors: lennart.niecksch@dfki.de; marian.renz@dfki.de;
martin.guenther@dfki.de; martin.atzmueller@uos.de;

TThese authors contributed equally to this work.

Abstract

Semantic maps allow a robot to reason about its surroundings to fulfill tasks such as navigating
known environments, finding specific objects, and exploring unmapped areas. Traditional mapping
approaches provide accurate geometric representations but are often constrained by pre-designed
symbolic vocabularies. The reliance on fixed object classes makes it impractical to handle out-of-
distribution knowledge not defined at design time. Recent advances in Vision-Language Foundation
Models, such as CLIP, enable open-set mapping, where objects are encoded as high-dimensional
embeddings rather than fixed labels. In LIEREx, we integrate these VLFMs with established 3D
Semantic Scene Graphs to enable target-directed exploration by an autonomous agent in partially

unknown environments.
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1 Introduction

Autonomous mobile robotic agents operating
within partially or entirely unknown environments
require a high degree of scene understanding to
ensure effective and safe operation. This funda-
mental capability relies primarily on the con-
struction of a semantic map from sensor data,
combining information about the geometry of
the environment with details about the objects
contained therein, such as their classes and prop-
erties [1]. Traditional semantic mapping systems
predominantly rely upon rigid, closed symbolic
vocabularies, typically defined by a fixed set of

object classes. This limitation restricts the sys-
tem’s flexibility and scalability, making it imprac-
tical to handle generic knowledge or concepts not
explicitly predefined at design time.

A significant methodological advancement has
emerged through the development of Vision-
Language Foundation Models (VLFMs), enabling
the effective combination of open vocabularies
with multimodal visual data. The Contrastive
Language-Image Pretraining (CLIP) model [2] is a
prominent example of such VLFMs. These models
are trained on vast datasets of image-text pairs,
allowing them to learn rich multimodal features
and map visual concepts and natural language



into a joint feature space. Consequently, this capa-
bility enables open-set semantic mapping, where
objects are represented not by fixed labels, but by
high-dimensional feature embeddings.

The integration of these VLFMs into seman-
tic mapping architectures introduces sophisti-
cated querying capabilities that significantly sur-
pass the limitations of conventional, vocabulary-
constrained methods. This fosters novel applica-
tions, particularly in target-directed exploration
and persistent surveillance within dynamically
changing or partially explored environments. Uti-
lizing open-set semantic queries, robotic agents
gain the capacity to interpret and search for arbi-
trary objects and abstract concepts using natural
language.

Within the LIEREx! project (Language-
Image Embeddings for Robotic Exploration),
we are investigating the integration of these
VLFM advancements with hybrid machine learn-
ing methods to advance semantic mapping
and autonomous exploration in mobile robotics.
LIEREx leverages the advantages of open-set map
representations alongside the existing spatial rea-
soning capabilities of popular 3D Semantic Scene
Graph (3DSSG)-based semantics. Specifically, the
project focuses on dynamically generating explo-
ration strategies and deriving optimal observation
poses using a neural network-based estimation
system. This approach facilitates the efficient veri-
fication of search and exploration results, allowing
the system to move beyond relying solely on the
language query itself.

This endeavor is closely coupled with the
ExPrIS project (Knowledge-Level Expectations
as Priors for Object Interpretation from Sen-
sor Data), sharing infrastructure and the critical
adoption of the 3DSSG as the foundational envi-
ronment representation.

The remainder of this report is organized as
follows: Section 2 presents the open-set mapping
approach as the foundation of the architecture,
followed by the exploration planning system in
Section 3. Section 4 describes the robotic demon-
strator. Finally, we conclude with a discussion of
key technical insights in Section 5.

Yhttps://www.dfki.de/en/web /research/
projects-and-publications/project/lierex

2 Open Set Semantic Mapping

Both LIEREx and ExPrIS contribute towards
a common, unified semantic framework. While
ExPrIS focuses on deriving a structured repre-
sentation for integration with existing structured
knowledge, LIEREx extends and generalizes this
goal by incorporating modern VLMs. This allows
the system to exploit common sense knowledge
already embedded within language concepts in
a semantic map. Specifically, LIEREx aims to
enhance object retrieval capabilities by not only
providing the location or geometry corresponding
to a query but also directly generating suitable
observation poses where the queried object is
likely to be encountered. These poses can then
be utilized by a robotic agent to search for the
requested object or location. The basic pipeline of
LIEREx is shown in Fig. 1. Both projects share
the 3DSSG as their foundational representation
and are designed to be interoperable, combining
symbolic knowledge (ExPrIS) with multimodal
open-set perception (LIEREx).

The structure of our 3DSSG representation
is inspired by other popular approaches in the
robotics field [3, 4]. It is implemented as a hetero-
geneous graph organized as a dynamic hierarchy
of multiple layers. These layers represent different
levels of semantic concepts, ranging from low-level
concepts (e.g., individual objects) to higher-level
concepts (e.g., rooms). A core contribution of
LIEREXx is the extension of this 3DSSG structure
to incorporate vision-language features inferred
from a VLFM.

These models, most notably the pioneering
CLIP model [2], learn rich multimodal feature
spaces combining natural language with visual
concepts. The initial CLIP model already showed
remarkable performance in zero-shot image clas-
sification tasks, even matching supervised mod-
els trained on benchmark datasets [5, 6]. This,
along with the model’s comparative simplicity
and straightforward integration into downstream
tasks, has led to the growing popularity of VLFMs
for many computer vision tasks. Recently, Large
Language Models (LLMs) have also emerged as
a promising complementary tool in these appli-
cations [7]. Empowered by the integration of
VLFMs, the new family of Large Multimodal Mod-
els (LMMs) also allows visual input from images
or videos to be processed directly [8].
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Fig. 1: Overview of the LIEREx pipeline. A textual query retrieves the best matching instances from the
3DSSG, taking into account both the scene context provided by the graph and proximity in the Vision-
Language Model (VLM) embedding space. Candidate view poses are then sampled from the 3DSSG and

scored by the estimation module based on their semantic similarity to the query.

However, CLIP and similar models, e.g.,
SigLIP [9], BLIP [10], and BLIPv2 [11] only
produce feature vectors for the entire image.
This prevents their direct applicability in seman-
tic and instance segmentation tasks required for
semantic mapping, as these require fine-grained
features to localize detected objects within an
image. Pixel- and region-based approaches [12—
15] address this shortcoming by implementing 2D
open-vocabulary semantic segmentation for each
pixel or larger regions. Using baseline VLFMs and
recent instance-agnostic segmentation models [16]
as foundations, these approaches learn to gener-
ate individual feature vectors for pixels or regions,
albeit at the cost of significantly higher run times
compared to image-based VLFMs and traditional
models [17].

Unlike traditional segmentation models, these
methods do not generate a segmentation mask
associated with a specific label unless requested at
run-time. Instead, they produce high-dimensional
feature maps that encode semantic informa-
tion directly into the visual representation. This
enables a flexible mapping process where visual
features are preserved in a latent space and can
be retrieved flexibly.

In LIEREx, we extend our hybrid 3DSSG
structure with additional CLIP feature vectors to
allow for open-set semantic queries and language-
driven reasoning atop the spatial reasoning capa-
bilities provided by the graph. Rather than relying
on distilled models that project CLIP features
onto dense pixels or 3D points, we infer feature
vectors using a two-step approach aligned with

other popular methods [18-21]. First, potential
object candidates are segmented from the incom-
ing RGB-D frames using a class-agnostic segmen-
tation model [16, 22, 23]. Individual CLIP feature
vectors are then inferred using the obtained masks
and systematically integrated into the correspond-
ing 3DSSG nodes, preferring views where the
object of interest is clearly visible [20]. The final
3DSSG can be queried using arbitrary text by
comparing the query feature vector with the nodes
using cosine similarity and returning all matching
objects (see Figure 2).

Additionally, we integrate the spatial structure
of the environment with these open-set semantic
capabilities. Unlike existing methods that often
treat scene graphs as flat collections of objects
or a strict hierarchy, our approach aims at infer-
ring the inherent hierarchy of indoor environments
automatically. By aligning the multi-scale feature
maps from the vision-language model with the
3DSSG structure [18, 21|, we ensure that seman-
tic embeddings are not only grounded in visual
appearance but also in their spatial context and
low-level objects can be clustered dynamically
into higher-level objects. This hierarchical archi-
tecture transcends static categorization, facilitat-
ing complex reasoning for abstract queries that
typically exceed the capacity of standard VLFMs.
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Fig. 2: Example queries in the VL map. (a) and (b) show the top 2 results for the text query chair, includ-
ing cropped regions of the surroundings. (¢) depicts a query for the higher-order concept kitchenette,

which comprises multiple object instances.

3 Exploration Planning
System

In the domain of open-vocabulary exploration,
recent approaches predominantly focus on aug-
menting classical frontier-based strategies with
semantic guidance derived from VLFMs or VLMs.
These methods typically maintain the fundamen-
tal logic of exploring boundaries between known
and unknown space but weight these frontiers
based on semantic relevance.

In CoW [24], the authors enhance standard
frontier selection by integrating CLIP-based rel-
evancy maps to prioritize regions of interest.
Similarly, GOAT [25] employs an image-based
object instance memory coupled with a global
2D semantic map to navigate towards target
object locations. To further guide this process,
approaches such as Ren et al. [26] project current
RGB frames into 3D voxel maps, utilizing VLMs
to score potential exploration directions based on
the identified free space.

A significant limitation common to the major-
ity of these works is their reliance on 2D map
representations or 2D projections for planning.
A notable exception is the work by Laina et al.
[19], which operates directly in 3D space by lever-
aging CLIP-based cosine similarity to modulate
sampling near frontiers. However, to estimate the
information gain of candidate poses, this method
relies on ray-casting over TSDF submaps—a pro-
cess that is computationally expensive and diffi-
cult to scale on resource-constrained platforms.

In LIEREx, we address these limitations by
moving away from purely geometric evaluations
of candidate views. Instead of performing costly

online ray-casting for every potential observation
pose, we propose a learned view quality estimation
system. By training a model to predict the quality
of a view relative to a semantic query—based on
partially mapped objects and their context—we
can efficiently predict quality scores for candi-
date poses directly from the 3DSSG structure.
This allows the agent to verify search results and
explore likely object locations with significantly
reduced computational overhead. We integrate
this targeted view estimation with a semanti-
cally guided frontier-based exploration strategy:
the system prioritizes learned view proposals for
resolving known or hypothesized semantic targets,
while reverting to weighted frontier exploration to
uncover the unknown parts of the environment.

3.1 View Quality Estimation

To enable object-goal navigation, observation
poses and trajectories have to be provided in the
map’s coordinate system. Traditionally, this has
been done using heuristic sampling (e.g., FLAP
for CAOS [27]) or handcrafted cost functions
(e.g., OK-Robot [28]).

The high computational costs for ray-casting
and rendering of all poses (compare, e.g., Linok
et al. [21]) often makes this infeasible on resource-
constrained systems. A data-driven approach can
be much more efficient, but requires appropriate
training data.

To the best of our knowledge, there is no public
dataset available for the task of view pose esti-
mation in cluttered scenes. One insight is that a

ground truth best observation pose is often very
hard to define.
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Fig. 3: The self-supervised training pipeline for the View Quality Estimation (VQE) module. The model
learns to predict quality scores by comparing CLIP embeddings of rendered views against the query
embedding.

In LIEREx, we propose a semi-supervised
approach based on the evaluation of view quality
instead. Inspired by previous works in grasp-
ing [29, 30], we propose an approach that esti-
mates the view quality of uniformly sampled poses
around potential targets rather than directly
regressing poses. Instead of focusing on the visibil-
ity of single instances, poses are rendered during
training and the inferred CLIP embedding of the
rendering is compared to the embedding of the
query (see Fig. 3). The core idea is that the model
should learn to prefer observation poses that
clearly distinguish the queried object or concept
in the CLIP feature space.

3.2 Data Generation

To facilitate the necessary large-scale training
and evaluation of the view quality estimation
models, we employ the Habitat simulator [31].
In combination with the Matterport3D [32] and
Matterport-Habitat (HM3D) [33] datasets this
provides a large and diverse set of realistic indoor
environments created from high-resolution 3D
photogrammetry.

Unlike traditional robotic simulation environ-
ments such as Gazebo, Habitat is optimized for
efficient testing of perception and planning algo-
rithms without the overhead of simulating full
robot dynamics. This setup enables rapid itera-
tion and large-scale data generation for the self-
supervised training of our view pose models. We
utilize the HM3D dataset and generate seman-
tic maps based on ground truth trajectories and
semantic annotations using our vision-language
mapping pipeline.

3.3 Training

During training, query-map pairs are randomly
sampled from the set of maps and an expected
vocabulary, and the top-k regions are extracted
based on cosine similarity of the CLIP embeddings
(see Fig. 2). The views at the evaluated poses are
then rendered using the ground truth meshes from
the dataset. CLIP features of the renderings are
computed using a frozen version of the same CLIP
model used in the VL mapping pipeline. Finally,
a variant of a cosine loss between the renderings
and the query is computed and back-propagated
to the model. Fig. 3 provides a high-level overview
of the proposed data flow.

4 Indoor Demonstrator

Since our focus is on the development of spatio-
semantic environment representations rather than
a full SLAM system, we integrated the MICP-
L approach [34] on the TIAGo? platform. This
enables us to utilize high-resolution pre-recorded
maps (e. g., from terrestrial LIDARs or CAD mod-
els) to obtain ground-truth-like pose estimations
without requiring an external tracking system or
running full SLAM. This allows for the controlled
transfer of our approach from simulated into real-
world environments and enables the evaluation
of the system with respect to noisy sensor and
perception data. The robot is equipped with an
Ouster OS0 LiDAR for localization and a Femto
Bolt ToF RGB-D camera. Extrinsic calibration
was performed by aligning the camera’s point
cloud to the 3D LiDAR reference frame via ICP

registration.

Zhttps://pal-robotics.com /es/robot /tiago/
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Fig. 4: Localization of the TIAGo robot in a
large-scale environment. The bottom image shows
the pre-recorded polygonal map of the building
(excluding furniture) overlaid with LiDAR points
that were not associated with the map geometry
during registration.

Additionally, associating measurements with
the known map geometry allows for the effec-
tive filtering of common panoptic classes (e.g.,
walls, ceilings) that do not necessarily have to
be tracked as separate instances in the semantic
map. This prunes unnecessary instances from the
map and reduces uncertainty, thereby increasing
overall efficiency (see Fig. 4).

The robotic platform will be used to evaluate
the full mapping and exploration pipeline, includ-
ing 3DSSG construction, view quality estimation,
semantic querying, and spatial reasoning in future
work.

5 Discussion & Outlook

The development of LIEREx yielded several crit-
ical insights regarding the integration of VLFMs
into 3D exploration.

We observed that generating good observation
poses is rarely a function of geometry alone. Sim-
ple geometric heuristics (e.g., viewing angle or

distance to centroid) fail in cluttered scenes where
occlusion and semantic orientation (e. g., the front
of an object) are crucial. Consequently, 2D map
representations are insufficient; dense 3D informa-
tion is essential to evaluate visibility and semantic
relevance effectively.

Additionally, our initial experiments revealed
that directly regressing optimal view poses, e. g.,
via differentiable rendering, is impractical. The
non-convex nature of the optimization landscape
frequently leads to convergence in local minima
where views are geometrically valid but seman-
tically meaningless. This necessitated a pivot to
a View Quality Estimation approach, where the
system regresses quality scores for sampled can-
didates rather than optimizing pose parameters
directly.

Finally, we note a significant tension between
instance-based and unified map representations.
While our 3DSSG facilitates complex symbolic
reasoning and open-set queries, maintaining geo-
metric consistency for individual instances under
sensor noise is significantly harder than in uni-
fied voxel-based representations (e.g., TSDFs).
While unified maps offer superior efficiency for
ray-casting and visibility checks, they often lack
the flexibility required for the high-level semantic
manipulation afforded by the graph structure.

In future work, we aim to address these
trade-offs by integrating the learned view qual-
ity estimation into a hybrid, semantically guided
frontier-based exploration planner. This complete
pipeline will be evaluated on the TIAGo demon-
strator to validate the efficacy of open-set 3DSSG
reasoning in real-world scenarios.
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