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Abstract— Advances in open-vocabulary semantic mapping
and object navigation have enabled robots to perform an
informed search of their environment for an arbitrary object.
However, such zero-shot object navigation is typically designed
for simple queries with an object name like “television” or
”blue rug”. Here, we consider more complex free-text queries
with spatial relationships, such as “find the remote on the
table” while still leveraging robustness of a semantic map. We
present DIV-Nav, a real-time navigation system that efficiently
addresses this problem through a series of relaxations: i) De-
composing natural language instructions with complex spatial
constraints into simpler object-level queries on a semantic map,
ii) computing the Intersection of individual semantic belief
maps to identify regions where all objects co-exist, and iii)
Validating the discovered objects against the original, complex
spatial constrains via a LVLM. We further investigate how
to adapt the frontier exploration objectives of online semantic
mapping to such spatial search queries to more effectively
guide the search process. We validate our system through
extensive experiments on the MultiON benchmark and real-
world deployment on a Boston Dynamics Spot robot using a
Jetson Orin AGX. More details and videos are available at
https://anonsub42.github.io/reponame/.

I. INTRODUCTION

Robots operating in human environments must interpret
natural language commands that go beyond simple object
identification. While a command like find a chair” requires
handling simple object classes only, real-world search in-
structions often specify spatial relationships: ”go to the chair
next to the desk,” ’find the towel in the bathroom,” or “get the
book on the nightstand.” These spatially-constrained queries
are intuitive for humans, who naturally decompose them
into constituent objects, reason about their spatial arrange-
ments, and navigate to locations where these relationships
are satisfied. However, enabling robots to perform this same
reasoning remains a significant challenge.

Recent advances in Vision-Language Models (VLMs)
have transformed how robots understand their environments.
These models demonstrate impressive capabilities in seman-
tic understanding, visual reasoning, and natural language
comprehension. However, even large visual-language-models
(LVLMs) like GPTS, that can display impressive image
understanding capabilities, do not yet have a sufficiently
robust understanding of space and motion to steer a robot
alone. Previous work has therefore successfully integrated
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Fig. 1: Overview of the object searching process. From
a spatially-constrained navigation query given in natural
language, our system: (a) employs an LVLM module to
reduce the complex query into simpler spatial proximity
queries, (b) projects these targets into a reusable semantic
belief map to guide the search towards regions in the physical
space where these targets are more likely to co-exist, (c)
detects potential targets through open-set object detection,
and (d) continuously validates candidate objects against the
complex spatial query via visual inference of an LVLM.

lightweight VLMs like CLIP [1] into conventional spa-
tial representations such as frontier maps used for open-
vocabulary single- and multi-object navigation [2][3]. Yet,
existing object navigation methods typically cannot handle
tasks that require explicit reasoning about spatial relation-
ships between objects. As a result, they often fail on queries
such as “the potted plant next to the TV”, where navigation
requires resolving multi-object spatial constraints.

To this end, current zero-shot object navigation methods
face two limitations when handling spatial queries. First,
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they typically construct query-specific representations that
do not capture relationships between multiple objects. For
instance, VLFM [2] builds similarity maps for individual
queries but does not explicitly reason about “next to” or
“inside” relationships using the map. Second, while methods
like OneMap [3] build queryable semantic maps for multi-
object search, they only allow to obtain correlations between
the map and individual objects, and do not offer a straight-
forward way to reason about spatial relationships between
them.

In this work, we present DIV-Nav, a real-time naviga-
tion system that bridges this gap by combining LVLM-
based reasoning with incremental semantic exploration and
mapping. The key insight of DIV-Nav is that LVLMs can
serve as a tool that Decomposes natural language queries
with complex multi-object spatial relationships into simpler,
relaxed object proximity queries, while semantic maps can
provide the spatial grounding necessary to robustly search
in space for candidate regions where such semantic object
beliefs Intersect, and for each such region the LVLM can
again be used to Verify in image space if the original,
complex spatial constraints are satisfied.

The contributions of our work include:

« We propose a method for open-vocabulary object search
with complex spatial constraints that uses a LVLM to
relax the constraints into individual object targets and
proximity constraints that can efficiently be searched
for in space with a spatial-semantic belief map, and the
candidates later verified against the original complex
constraint with the LVLM.

« We introduce a method to combine individual similarity
maps from the decomposed object targets to identify
map regions that likely satisfy the spatial relationships
specified in the original complex query, and further
investigate how to incorporate such spatial constraint
information also into a frontier exploration objective
without overly constraining exploration before the ob-
jects have been seen.

e We demonstrate the system’s effectiveness through
comprehensive evaluation on the MultiON benchmark
as well as a series of real-world deployments with a
Boston Dynamics Spot robot.

II. RELATED WORK
A. Visual-Language Object Navigation

Visual-language navigation approaches [4], [5], [6], [7]
enable agents to follow step-by-step instructions to reach
a target destination. Yokoyama et al. [2] proposed Vision-
Language Frontier Maps (VLEM), a zero-shot framework
that combines occupancy mapping with semantic reason-
ing from a pretrained VLM such as BLIP-2 [8]. Their
approach computes semantic similarity between real-time
RGB observations and text prompts, projects the scores onto
a top-down value map, and uses depth and odometry to
build an occupancy map. Huang et al. [9], [10] introduced
Visual Language Maps (VLMap), which fuses pretrained vi-

sual-language features with 3D reconstructions to create per-
sistent, language-indexable spatial-semantic representations.
While the resulting VLMaps allow for descriptive, spatial
queries, the approach assumes the map to be pre-generated at
navigation time. Shah et al. [11] demonstrated that compos-
ing multiple pre-trained models can enable navigation with-
out language-annotated trajectory datasets. Similarly, Long et
al. [12] proposed InstructNav, a unified framework capable of
handling multiple instruction formats in a zero-shot setting.
InstructNav’s Dynamic Chain-of-Navigation (DCoN) module
translates instructions into action—landmark pairs that are
continuously updated based on new observations

These works collectively illustrate the potential of com-
bining vision-language understanding with spatial mapping
and planning. More recently, Busch et al. [3] presented
OneMap, a real-time, open-vocabulary mapping framework
that constructs a belief map over CLIP-aligned features [1].

Building on these ideas, our method integrates a VLM-
based semantic reasoning module with a real-time spatial-
semantic map to produce grounded, executable navigation
plans. Our work focuses on decomposing complex spatial
queries into simpler subgoals that can be individually queried
against a semantic belief map, while employing VLMs to
validate candidate objects.

B. Policy Learning for Robot Navigation

Learning-based approaches [13], [14], [15], [16] have
made progress in robot navigation by predicting actions
directly from raw sensor data. [17] proposes to decompose
navigation into hierarchical chain-of-thought reasoning steps
and incorporate confidence-aware learning to handle noisy
observations and uncertain semantic associations. However,
it relies on fine-tuning a VLM using human demonstration
trajectories and does not explicitly address spatial reasoning
for object navigation tasks.

Fu et al. [18] introduced Scene-LLM, which integrates
both global scene-level and local egocentric 3D represen-
tations by spatially downsampling point clouds into voxel
grids while preserving fine-grained spatial details. Such
hybrid representations allow agents to interpret both large-
scale layouts and small-scale object arrangements. Another
language-conditioned approach [19], LeLaN, learns object
navigation policies from unlabeled, action-free egocentric
data by leveraging vision-language and robotic foundation
models to autonomously label diverse real-world indoor and
outdoor environments, enabling scalable training of policies
that can follow natural language instructions. [20] proposes
trajectory diffusion for object goal navigation that learns a
distribution over future action sequences conditioned on the
current observation and goal to enable temporally coher-
ent, multi-step planning. PIRLNav [21] introduces a two-
stage object goal navigation method that combines behavior
cloning on human demonstrations with reinforcement learn-
ing finetuning to learn robust navigation policies. [22], [23]
extensively explore learning implicit neural representations
to encode semantic information for object navigation.



III. METHOD

Our proposed approach addresses the problem of guiding
a robot towards a navigation goal that is characterized by
targets with spatial relationships, inferred from a natural
language input. While the traditional ObjectNav problem typ-
ically targets simple object categories, such as ”a chair”, our
method enables inferring objects from abstract descriptions
and searching for distinct object instances by accounting for
spatial relationship constraints.

The proposed pipeline involves leveraging a compact
LVLM like multimodal Phi4 5.6B [24] (capable of running
onboard robots) to decompose the natural language inputs
into multiple navigation targets that can be queried against
online-constructed semantic maps, combining the resulting
similarity maps to identify locations where spatial relation-
ships are likely satisfied, and employing visual validation to
confirm goal achievement. In the following, we will refer
to such models that can both process and produce natural
language, as well as process visual inputs as LVLMs. Note
that this differs from language-aligned vision models such
as CLIP [1] which cannot produce and process language in
the same way.

A. Problem Formulation

The system is provided with a continuous stream of posed
RGB-D observations {I;, D;} where I; € R¥XWx3 are
RGB images and D; € R¥*W contains corresponding depth
information. Furthermore, it is provided with an input in the
form of a natural language target description L. L either
explicitly or implicitly indicates targets as well as inter-
target spatial relationships. The desired output consists of
navigation actions that guide the agent to the primary target
that satisfies both, the target type and the spatial relationships
specified in L.

B. System Overview

An overview of the proposed system is given in Fig.[2| Our
approach involves exploring a previously unseen environ-
ment and incrementally building a semantic representation
(Fig. ] (b)), to guide a robot towards a specified navigation
target. To this end, we use the uncertainty-aware semantic
belief mapping system of OneMap [3]. OneMap leverages
patch-level image embeddings that are produced by encoding
the RGB frames I; using the backbone of a CLIP-aligned
segmentation model [25][1] and grounds them spatially using
depth frames D, and corresponding poses. Querying the
resulting semantic map with a text embedding yields a top-
down grid S of similarity values.

While OneMap provides rich spatial-semantic information,
it can only be queried using relatively simple object classes
that align with CLIP’s feature space, limiting its applica-
bility to complex language instructions that contain spatial
relationships. We bridge this gap by employing LVLMs as an
intermediary reasoning layer that translates natural language
queries into sets of basic object queries () compatible with
the semantic map’s CLIP-based representation (Fig. [2| (a)).
The basic object queries are determined under consideration

of their spatial relationships. Hereby, we focus on proximity
relationships, which allows us to model natural language
descriptions such as “inside”, “on top of”, "near”, etc.
Moreover, this enables us to use the LVLM to infer higher-
level concepts (e.g. "towel” — “bathroom”), readily captur-
ing their relationship as proximity, which can help provide
guidance early on when the environment has only been
sparsely explored.

The similarity maps .S; that result from querying the
semantic map with ¢; € () are combined to produce a
joint similarity map Scomb, incorporating proximity spatial
relationships (Fig. 2] (¢)). High-similarity regions in Scomb
indicate locations where the targets corresponding to g; are
likely located close to each other and are used to guide
OneMap’s integrated navigation module (Fig. [2[ (d)). Upon
reaching such a location, we utilize the LVLM to validate
discovered objects against the original spatial constraint spec-
ifications in L (Fig.[2] (e)). If the validation does not confirm
object presence or spatial relation, the search continues.

Altogether, this method enables to exploit the capabilities
of modern LVLMs to decompose natural language into basic
navigation targets and to robustly assess navigation success.
The queryable semantic representation of the physical en-
vironment allows utilizing previous observations to provide
effective guidance to the robot.

The following sections detail each component of our
approach.

C. Decomposing Natural Language Queries

To make use of our map, we need to extract a set of
relevant objects and locations for which the map can be
queried. To this end, we prompt the LVLM to reason over
the given command and extract the following information:

1) Identify all objects and locations explicitly mentioned
in the instructions, Texp.

2) Infer reasonable higher-level concepts or locations
if not explicitly stated, Tipferred- FOr “a towel”, the
LVLM might infer kitchen” or “bathroom”.

3) Infer possible objects if the prompt is a “demand”
rather than an explicit target T5,,p1. For "The room is
on fire!”, the LVLM extracts “Fire Extinguisher”.

4) Identify the primary target T, and the spatial relation-
ship of all other extracted targets with the primary
target, R(-,T"). For “the blue rug in the bathroom”,
“rug” becomes the primary target, and the relationship
is in”.

As a result, we obtain a primary target T, and a list of other
relevant targets Ty, = TuU Texpl U Tinferred U Timpl. We further
filter this list to retain only targets ¢ € Ty where R(t,T’) can
be understood as a “proximity” relationship. For instance,
relationships like ’in”, ”on top”, ’near”, etc. satisfy this, but
“not in”, “far from”, do not satisfy this. As a result, for ’the
rug not in the bathroom”, we would discard “bathroom” from
the list. We denote the resulting filtered target set ().
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Fig. 2: Overview of DIV-Nav. (1) We Decompose spatially-constrained instructions into object-level queries on a semantic
map (a-b); (2) Compute Intersections across similarity maps to find navigation regions where objects co-exist (c-d); (3)
Validate high-similarity regions by aproaching the region, and via LVLM reasoning to confirm individual objects and their

spatial relationships (e).

D. Querying the Map

The goal of this module is to identify regions in the map
that are likely to contain our extracted set of queries ().

We follow [3] to query the map and start by encoding
each query ¢; € @ using the CLIP [1] text encoder to obtain
an embedding gcrip,; € RS, We then compute the cosine
similarity with the features of each map cell and obtain a
query-specific similarity map S;(z,y) per query i.

To identify regions where all targets are most likely to
be present, we are interested in the intersection of probable
regions for all objects. Inspired by ConceptFusion [26], we
combine the different similarity responses. But different from
[26], we do not threshold the similarity values and choose to
formulate a continuous value intersection score. We compute
it as

Sint = IIllIlSZ(IE,y) (1)

We do this for two reasons: 1) thresholding in 2D-map-space
is difficult to tune; and 2) we are primarily interested in
guidance for search, rather boolean labels.

This resulting map allows to infer regions where all targets
are likely located close to each other (e.g., where both
“the blue rug” and “’the bathroom’” are present). We found
that this operation is sufficient to capture relationships like
“next to”, even though this does not necessarily correspond
to an intersection. We attribute this to the fact that the
mapped features are generally somewhat “blurred” spatially,
in part due to OneMap’s feature blurring procedure, which it
performs during mapping to account for depth sensing noise
and feature extraction uncertainty.

At certain stages of the search, some targets might not have
been observed yet (e.g. we might have seen the bathroom,

but not yet the sink in the bathroom). To still allow for
meaningful guidance, we incorporate a maximum term to
obtain the final similarity map

Scomb(xvy) = Q- Sint(x7y) + (]- - a) : mzax Si(m,y), ()

where the weight « is a parameter. In practice, we select «
to clearly prioritize Siy. An example of the natural language
decomposition and the resulting queried similarity maps is
depicted in Fig. [2]

Note that for simple navigation goals, the list of targets
is simply 7' if the LVLM cannot extract meaningful higher-
level concepts, and the resulting similarity map is thus just
Sip.

E. Navigation and Validation

We use the combined similarity map Scomp to guide the
robot to regions that are most likely to contain the target ob-
ject described by the natural language query. Our navigation
approach builds upon the OneMap navigation approach [3].
We adapt it to work with our combined similarity map
that integrates multiple target queries. Besides the mapped
features, OneMap maintains an estimate of uncertainty, and
natively provides several derived binary maps that track the
robot’s exploration state:

o Observed Map O: Regions that have been observed by
any sensor update

« Semantically Explored Map &: Areas where the map
uncertainty falls below a threshold, indicating suffi-
ciently reliable semantic features.

o Searched Map C: Areas where the uncertainty falls
below a threshold for the current query, reset when a
new query begins.



« Navigable Map N: Obstacle-free regions available for

path planning.

We identify frontiers on the boundary between the seman-
tically explored map £ and the observed map O. However,
instead of scoring these frontiers using single-object simi-
larity maps as in the original OneMap approach, we score
them using our combined similarity map Seomp(,y). For
each frontier, we compute the maximum similarity score
max(Scomb (2, y)) in reachable cells within O — £ (observed
but not semantically explored regions). This guides explo-
ration toward areas where all components of the spatial query
are likely to co-exist.

We also cluster regions with high Scomp (2, y) values within
the semantically explored but not searched map (£ — C).
These represent previously observed areas that warrant revis-
iting under the current query context. Each cluster is scored
by its maximum similarity value.

We greedily select the highest-scoring navigation goal
from either frontier-based or cluster-based candidates. Path
planning uses A* on the navigable map N to compute
collision-free trajectories.

During navigation, we employ object detection with con-
sensus filtering, requiring both detector activation and high
Secomb(Z,y) values (top 5-percentile) for positive identifica-
tion. Upon successful detection, the robot approaches the
target location, which we obtain by projecting the detection
into 3D space using the depth image. Moreover, we extend
the validation step by prompting the LVLM to confirm that
1) the primary target is present and 2) the overall natural
language prompt is satisfied. If the LVLM confirms that the
conditions are satisfied, we approach the object within 0.5 m
and terminate the search. We reset the searched map, and
receive a new natural language query if available.

IV. EXPERIMENTAL SETUP

We evaluate our method for multi-object navigation tasks
given in natural language in the MultiON Challenge 2024
benchmark [27], as well as through real-robot navigation
experiments. We use Phi-4-multimodal-instruct [24] as our
LVLM model. For object detection, see Sec. we follow
OneMap and use YOLOv7 [28] for MS-COCO [29] classes,
and an open-set detector Yolo-World [28] otherwise.

Multi-Object Navigation in HSSD: The MultiON 2024
challenge extends the traditional object navigation frame-
work presented in [30] by including navigation targets de-
scribed by language instructions, such as “Find the red short
pillar candle on the grey nightstand”. Each of these language
instructions may contain fine-grained descriptions of the
target (e.g. "Find the mini spa candle”) or may also contain
spatial relations between objects, such as “The mantel clock
on the chest of drawers”.

The task requires agents to navigate to a sequence of
three objects located within realistic 3D environments from
the Habitat Synthetic Scenes Dataset (HSSD) [31]. Each
episode begins with the agent at a random starting position
and orientation within an unseen environment. The agent
receives a sequence of three natural language descriptions

corresponding to target objects that must be found in se-
quence, but is only informed about the subsequent target
once the previous has been found. Navigation is considered
successful when the agent calls the FOUND action within
0.5m of each target object. The episode terminates either
when all objects are successfully found or when an incorrect
FOUND action is called. We evaluate on the minival split
of the MultiON challenge, which consists of 100 episodes
with a sequence of three target objects in 20 scenes. The
agent has access to RGB-D camera observations, providing
256x256 resolution images with a 79° horizontal field of
view, and a noiseless GPS+Compass sensor that provides
location and orientation of the agent relative to the agent’s
initial position at episode start. The action space consists of
discrete navigation primitives: move forward 0.25m, turn
left/right 15° and the FOUND action to indicate object
discovery.

Multi-Object Navigation in the Real World: We deploy
our DIV-Nav system on a Boston Dynamics Spot quadruped
robot. For observations, the system uses a single front-facing
RealSense D455 stereo depth camera and a Livox Mid 360
lidar running Fast-LIO2 [32] for odometry. For real-world
experiments, we adapt the feature localization parameters of
the mapping to account for depth noise. Except for GPT-40-
mini, we run the entire stack on-board a Jetson Orin AGX,
with the robot following a path-tracking controller publishing
standard velocity commands.

Inspired by the Multi-On challenge episode setup, we
conduct 15 Multi-Object navigation experiments across four
different scenes: an office waiting room, a robotics lab, a
kitchen area, and an office lounge. The targets cover both
simple objects and more complex target descriptions with
spatial relationships. In contrast to the MultiON benchmark,
we do not terminate an episode if the robot incorrectly
identifies a target and allow it to always attempt all three
targets per episode. Note that we report the success rate (SR)
per object.

Metrics: For multi-object navigation, we report Progress
(Pr), the average fraction of found objects from the total
number of targets per episode, as well as Success (SR), the
percentage of episodes where the agent successfully finds
all target objects in the sequence. We further define Success
Rate per Attempted Target (SRAT) as the success rate only
for attempted object goals.

Baselines: We compare against the two MultiON chal-
lenge submissions, i.e. MOPA [33] and IntelliGO Labs [27]
which were trained for the task using RL. Since we utilize
OneMap’s semantic map and large parts of its navigation
framework [3], we include OneMap as an additional baseline
to evaluate our contributions in an isolated manner. Since
OneMap can only handle simple object queries, we couple
it with our VLM reasoning module and provide it with the
primary target only, see [[II-C

V. RESULTS

Our experiments were designed to answer two key ques-
tions: (1) Can our semantic intersection approach handle



spatially-constrained navigation queries better than tradi-
tional zero-shot object-navigation approaches? (2) Can our
method be successfully deployed on a real robot for natural
language command search in real environments?

A. Multi-Object Navigation in HSSD

We evaluate DIV-Nav against several baselines on the
MultiON challenge minival split. Table [[] presents our re-
sults compared to MOPA [33], IntelliGO Labs (the winning
submission from the 2024 challenge) [27], and OneMap [3]
provided with the primary target.

Approach SRATT Prt SRt | FP()) TNF ()
MOPA [33] 005 002 0.0 - -
InteliGO Labs [27] 023 0.10  0.03 . .
OneMap [3] 024 010 003 | 076 0.0
DIV-Nav (Ours) 030 014 004 | 044 0.25

TABLE I: Comparison of navigation performance across
Success Rate per Attempted Target (SRAT), Progress (Pr),
and Success Rate (SR). To further understand different fail-
ure cases, we report the False Positive Rate (FP), where the
agent called the FOUND action on a wrong target, and the
Terminate-Not-Found Rate (TNF) where the agent terminates
the search without calling the found action.

DIV-Nav achieves the best performance across all metrics,
with a 30% improvement in SRAT over the baselines and a
40% improvement in Progress. While absolute performance
remains challenging due to the complexity of the benchmark,
our approach demonstrates advantages in handling spatially-
constrained queries. We further observe that our method
reduces false positives compared to OneMap, which we
attribute to our method being able to reason about spatial
constraints, instead of just searching for the primary target.
In contrast to that, OneMap might call the FOUND action on
a target that matches the primary target, but does not satisfy
the full constraint.

The relatively low absolute performance across all meth-
ods can be attributed to several factors: (1) Low-resolution
observations: The 256x256 RGB-D images limit detailed
object recognition; (2) LVLM performance in simulation: We
observed that Vision-language models show reduced effec-
tiveness on the rather simple graphics used in the benchmark
compared to real-world images and (3) Highly challenging
queries: The benchmark contains numerous highly chal-
lenging queries such as “Find the freestanding bath/shower
mixer” and “’Find the cream chair by Joanna Gaines”. Lastly,
we found that our semantic map struggles with small or
occluded objects in the feature space.

Despite these challenges, our semantic intersection ap-
proach shows consistent improvements over baselines, vali-
dating our core hypothesis that decomposing complex spatial
queries and combining similarity maps leads to better navi-
gation performance.

B. Real World Experiments

We conducted 15 multi-object navigation episodes across
four realistic environments as described in the evaluation

(a) The office waiting room.

(c) The kitchen area. (d) The office lounge.

Fig. 3: Four real-world experiment scenes. We conducted 15
multi-object navigation episodes across these environments.

setup. The environments are shown in Fig. 3] Table [l com-
pares our method against OneMap on real-world navigation
tasks.

Approach SR/# Found (1) | FP (1) TNF (})
OneMap[3] 53%124 40%  6.66%
DIV-Nav (Ours) 88% /40 0% 11.11%

TABLE II: Comparison of real-world performance. Metrics:
Success rate (SR) per object, number of objects found (#
Found), false positive rate (FP), and rate of attempts where
the robot terminates the search without finding the object
(TNF).

Our system achieves an 88% success rate, successfully
finding 40 out of 45 total targets across all experimental
runs. This represents a 66% relative improvement over
the OneMap baseline (and is statistically significant, 95%
Clopper-Pearson bounds). We further report the false positive
rate (FP), which shows that OneMap fails a substantial
number of attempts due to misidentifying wrong objects,
which we attribute to it not accounting for the spatial rela-
tionships. As a consequence, OneMap might call the FOUND
action on objects that match the primary object, but do not
satisfy the spatial constraints, leading to false positives. We
also observe significantly increased performance on real-
world experiments for both methods, which we attribute
to the challenges encountered in the benchmark that are
not present in real-world. Moreover, the performance gap
between OneMap and DIV-Nav is larger in real-world ex-
periments, since the proportion of queries containing spatial
relationships is larger, which requires the system to possess
capabilities to take spatial constraints into account. Lastly, as
a result of the LVLM validation step not confirming object
detections, we note that DIV-Nav still misses some objects



Fig. 4: Data of a real world experiment: (top) RGB frames,
(a) similarity map for query “plant” , (b) similarity map for
query “robot” (c) and the resulting map of value intersection
scores.

entirely and terminates the search, leading to 11.11% of not-
found cases.

For one of the experiments in the environment depicted
in Fig. 3] (d), we provide the system with the query: “Find
me the birthday robot with his Christmas tree”. In the ex-
periment, the system correctly: (1) Decomposes the query:
Identifies “robot,” “Christmas tree,” and their proximity
relationship; (2) Builds combined similarity map: Creates
intersection regions where both objects are likely to co-exist;
and (3) Validates spatially: Confirms both the presence
of individual objects and their spatial relationship through
LVLM reasoning.

To illustrate the capability of our value intersection scoring
module to highlight specific object instances based on spatial
proximity, Fig. [] shows data collected during this experi-
ment. We compute similarity maps for the queries: “plant”
and “robot”, (Fig. E (a) and (b)) and the corresponding value
intersection score (Fig. F_fl (©)).

We identified two primary failure modes in our real-world
experiments. First, small or hidden objects: Objects like a
volleyball hidden in the waiting room or an electric kettle on
a shelf failed to be detected due to limited visibility or small
size in the semantic map’s feature space. Second, LVLM
validation failures: In some cases, objects with high sim-
ilarity scores in the semantic map failed LVLM validation.
For example, the red car in the robotics lab (Fig. Bp) was
correctly mapped but incorrectly rejected during the visual
validation step.

VI. CONCLUSION

In this work, we presented DIV-Nav, a multi-object naviga-
tion method that extends zero-shot navigation frameworks to
handle spatially-constrained targets specified through natural
language commands. By leveraging LVLMs to decompose
spatial queries into simpler semantic components, relate them
to the semantic map, and combining the resulting similarity
maps, our approach enables robots to navigate to objects
defined not just by what they are, but by where they should
be found relative to other objects.

When evaluated on tasks that require spatial relationship
reasoning, our system achieves a 30% success rate per
attempted target on the MultiON benchmark, outperforming
existing methods (23%) that lack this spatial reasoning
capability. This performance difference demonstrates that our
proposed semantic intersection approach effectively helps
when searching for targets with spatial relationships. In real-
world deployments on a Boston Dynamics Spot robot, our
system successfully completes 88% of multi-object naviga-
tion tasks with spatial constraints, compared to 53% for the
baseline without spatial reasoning.

However, we find several limitations that point to possible
future research directions. First, the semantic mapping on
which we rely struggles with small or heavily occluded ob-
jects due to limitations in the CLIP feature space and limited
map resolution, which potentially could be addressed by
incorporating other additional representations. Second, VLM
validation occasionally fails even when the semantic map
correctly identifies target locations, indicating opportunities
for more robust visual verification methods or confidence-
calibrated validation strategies. Third, our current approach
primarily handles proximity-based spatial relationships, gen-
eralizing to more complex spatial reasoning (e.g., ’far from,”
“between,” directional relationships) would broaden the sys-
tem’s applicability.
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