
HEVEN: Small Object Search and Navigation on
VLM-Based Autonomous Mobile Systems

ABSTRACT
Autonomous mobile systems such as service robots are in-
creasingly deployed across homes, offices, and healthcare
facilities for diverse service tasks. A particularly important
yet challenging capability is helping users search for and
navigate to small daily objects such as keys and medications,
which are numerous, frequently relocated, and difficult to
detect in cluttered environments. An emerging paradigm
leverages cloud-based vision-language models (VLMs) for
this task, but existing approaches suffer significant perfor-
mance degradation when the target shifts from large, station-
ary furniture to small movable objects. We propose HEVEN,
the first VLM-based autonomous mobile system that enables
accurate and efficient small object search and navigation.
In particular, the key idea of HEVEN is to organize scene
memory hierarchically based on spatial containment and
support relationships. HEVEN constructs a spatial semantic
tree (SST) that organizes navigation targets into three spa-
tial levels based on containment and support relationships.
To locate and navigate to the target, HEVEN queries the
cloud-based VLM hierarchically on the SST to narrow the
search space, and guides the mobile system to verify candi-
dates while accounting for travel cost. Moreover, HEVEN
pipelines VLM reasoning with physical control, keeping the
mobile system in continuousmovement as navigation targets
are progressively refined. Extensive experiments on two new
datasets we collect, spanning 10 real-world and 100 synthetic
scenes with over 3, 100 episodes, show that HEVEN achieves
over 74% success rate, outperforming state-of-the-art (SOTA)
baselines by over 40% with 4× higher path efficiency. HEVEN
also reduces the memory footprint by 8.7× and the VLM in-
ference overhead by 4.4× compared to the SOTA baselines.

1 INTRODUCTION
Autonomous mobile systems, such as service robots [26, 56,
16, 9] and autonomous vehicles [50, 11, 66], are experiencing
rapid adoption across homes, offices, healthcare facilities,
and public venues, with the global service robotics market
projected to exceed 100 billion by 2030 [18]. While these
systems support diverse tasks ranging from delivery [59, 21]
to inventory management [10], a particularly high-demand
capability is helping users search for and retrieve small daily
objects [6, 30] such as keys, eyeglasses, and medications.
Studies estimate that people spend approximately 10 min-
utes per day searching for misplaced items [39]. This burden
is particularly acute for elderly individuals and those with

(a)Without memory. (b) Flat memory. (c)HEVEN (ours).

Figure 1: VLM-based object search and navigation
methods: (a) non-memory approaches resort to blind
search; (b) existing memory-based approaches present
an unstructured flat memory to the VLM, resulting
in high reasoning errors; (c) HEVEN organizes scene
memory hierarchically based on spatial containment
and support relationships.

cognitive impairments, for whom misplacing belongings is
far more frequent and unassisted searching can lead to dis-
tress and injuries [1, 40]. However, small object search and
navigation presents unique challenges compared to large,
stationary furniture (e.g., sofas or refrigerators) whose posi-
tions are stable and can be pre-mapped. A typical household
contains thousands of small movable items [3], many of
which are relocated multiple times daily. Their small physi-
cal size makes them difficult to detect and easily occluded in
cluttered environments, rendering both visual recognition
and spatial reasoning particularly challenging. Traditional
navigation approaches [51, 33, 20, 4] that rely on static geo-
metric maps (e.g., occupancy grids built via SLAM) cannot
accommodate such dynamic, semantics-driven search tasks.

Recent research suggests to leverage vision-language mod-
els (VLMs) [70, 32, 29, 62, 61], which combine visual percep-
tion with semantic reasoning, to search for and navigate
to objects without requiring pre-built geometric maps or
known target coordinates. Some works [64, 68] fine-tune
VLMs on navigation-specific datasets to allow direct outputs
of navigation actions, but collecting sufficient training data
for diverse environments is costly and the fine-tuned models
often generalize poorly to unseen scenes [49, 62]. In contrast,
a better alternative is zero-shot VLM-based navigation, which
uses pre-trained VLMs without task-specific fine-tuning. A
naive method is to query a cloud-based VLM with a tar-
get description or reference image [62, 61], together with
real-time sensor observations, to make navigation decisions.
However, without having memory of the environment, these
methods resort to blind search and are prone to redundant
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exploration (see Fig. 1a). Other methods [60, 58] construct
a flat scene memory as an unstructured collection of geo-
tagged images or detected objects with depth information,
and present it to the VLM to identify possible target loca-
tions (see Fig. 1b). While these methods enable more targeted
navigation, their performance degrades sharply as the target
object becomes smaller. Our case study (Sec. 2) shows that
for small movable targets (e.g., a watch), the success rates of
SOTA non-memory and memory-based navigation methods
drop by up to 55% and 70% respectively, compared to their
performance on large targets (e.g., a sofa).
From these observations, our key insight is that scene

memory in the form of spatially-structured visual inputs with
depth information, is critical for VLM-based autonomous
mobile systems to locate small movable objects. However, or-
ganizing and querying the memory as a flat and unstructured
collection of images or detection results is neither effective
nor efficient. In this paper, we instead propose to organize
scene memory hierarchically based on spatial containment
and support relationships (see Fig. 1c). This rationale stems
from how humans remember object locations: rather than
memorizing exact coordinates, they associate objects with
the spaces and entities that contain or support them (e.g.,
a cup is on the dining table, which is in the kitchen). By
encoding these relationships, a hierarchical memory natu-
rally decomposes the object search into progressive levels,
guiding the VLM to reason from broad regions (e.g., which
room) to specific destinations (e.g., which table). This coarse-
to-fine reasoning enables the VLM to more effectively infer
possible locations of small movable objects through their
spatial context, while efficiently narrowing the candidate
set at each level to reduce inference cost. In Sec. 2, we use
a simple case study to show that, even a naive implemen-
tation of hierarchical memory outperforms its flat-memory
counterpart in both success rate and search time, and the
improvement is particularly significant for small targets (i.e.,
20% improvement on success rate).
Based on this idea, we present HEVEN, the first Hierar-

chical mEmory for VLM-Enhanced Navigation system that
enables the autonomous mobile system to collaborate with
the cloud-based VLM for accurate and efficient small ob-
ject search and navigation. HEVEN consists of the following
three key components. First, it constructs and maintains a
spatial semantic tree (SST) as the hierarchical scene memory,
which organizes navigation targets into three spatial levels
based on containment and support relationships. In partic-
ular, we introduce the pillar abstraction to anchor a group
of small objects to the entity that supports them, forming
a compact navigable unit. Second, the tree-of-thought (ToT)
reasoning engine operates on the SST in two coordinated
phases during object search and navigation: a logical prun-
ing phase that queries the cloud-based VLM to hierarchically

narrow down the search space, and a physical traversal phase
that guides the mobile system to verify the remaining candi-
date targets. Lastly, the asynchronous speculative execution
module progressively refines navigation targets as each level
of pruning completes, with a decoupled planner-controller
architecture that prevents the mobile system’s navigation
actions from being delayed by longhaul VLM reasoning.

HEVEN offers several key advantages: (1) The hierarchical
structure of SST enables the VLM to reason over a small set of
candidate targets at each spatial level rather than the entire
memory, hence significantly reduces the reasoning errors
and inference cost. (2) The pillar abstraction anchors small
movable objects to stable entities, so that navigation targets
become robust structural landmarks rather than individual
items. (3) The ToT reasoning engine jointly optimizes seman-
tic relevance and physical-world motion cost in navigation,
hence largely reduces the path length. (4) The asynchro-
nous speculative execution pipelines cloud VLM inference
with mobile system control, enabling the system to navigate
toward coarse destinations while finer-grained targets are
being resolved by the VLM, effectively masking the cloud’s
compute latency behind the mobile system’s movement.
Since existing navigation benchmarks [12] primarily tar-

get large, static furniture, we collect two new datasets for
small daily object search and navigation evaluation: a real-
world dataset of 600 episodes across 10 scenes using a Uni-
tree Go2 quadruped [53], and a synthetic dataset of 2,500
episodes across 100 procedurally generated scenes using In-
finigen [42] and NVIDIA IsaacSim [36]. Our extensive exper-
iments show that HEVEN achieves 77.17% and 73.86% object
search and navigation success rate on the real-world and syn-
thetic datasets, respectively, over 40% higher than the SOTA
baselines. HEVEN also exhibits 4× higher path efficiency
with 22% less end-to-end search time. HEVEN requires only
15.8MB for SST storage, an 8.7× reduction compared to flat
memory methods. Moreover, HEVEN consumes 7.22𝑘 tokens
and 16.4 𝑠 of VLM inference time per reasoning task, reduc-
ing the inference overhead by 2.4× and 4.4× compared to
the non-memory and memory-based baselines, respectively.

2 MOTIVATION STUDY
We conduct a measurement study of the existing VLM-based
navigation approaches (Sec. 2.1 and Sec. 2.2) to get the key
insights into the advantages of hierarchically organizing the
scene memory for navigation (Sec. 2.3).
Measurement Setup.We conduct the measurement study
using a scene generated by Infinigen [42], which is widely
used for procedural 3D scene generation. Specifically, we
generate a 20𝑚 × 20𝑚 apartment with 7 rooms and various
objects ranging from large furniture such as beds, sofas, and
tables to small everyday items such as bags, watches, and
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Figure 2: A motivation case study. (a) The simulated apartment scene and the target objects; (b) Success rate
comparison; (c) End-to-end search time comparison; (d) Traversal efficiency comparison, which is denoted by the
ratio of the shortest path to the actual traversal path in successful cases.

cups (see Fig. 2a). We import it into NVIDIA Isaac Sim [36] to
conduct navigation experiments. We implement three meth-
ods for comparison: a state-of-the-art non-memory naviga-
tion method [62], a state-of-the-art memory-based naviga-
tion method [60], and a naive hierarchical-memory-based
navigation method. We measure each method on three tar-
get objects of decreasing size (sofa, bag, and watch), with 20
trials per object starting from different initial positions.

2.1 Navigation without Memory
Non-memory navigation approaches [62] leverage the cloud-
based VLM to make navigation decisions with detailed target
descriptions or a reference image as the query and real-time
observations from the onboard sensors. As shown in Fig. 2a
and Fig. 2b, the success rate of the non-memory method re-
mains below 70% for all targets and degrades sharply as the
object size decreases (e.g., for watch, the success rate drops
below 10%, with the majority of trials failing due to timeout).
This is because the mobile system relies on real-time onboard
perception, and smaller objects are harder to spot in clut-
tered environments. Without a knowledge memory of the
environment, the mobile system has no prior understanding
of the scene layout or its contents, rendering a near-blind
search. Even in successful cases, the traversal efficiency re-
mains below 0.4 across all targets (Fig. 2c), indicating that
the mobile system travels a path significantly longer than the
shortest route. These results demonstrate that the absence of
environmental memory leads to an inefficient and unreliable
search process, particularly for small objects.

2.2 Navigation with Memory
Memory-based navigation approaches [60] construct a mem-
ory of the scene and leverage the world knowledge of the
cloud-based VLM to reason about the likely location of the
target object. As shown in Fig. 2b and Fig. 2c, compared to the
non-memory approach, the memory-based method achieves
higher success rates and shorter search times, indicating that

scene memory enables more targeted navigation. However,
its performance still degrades significantly as the object size
decreases. A key factor behind this degradation is shown in
Fig. 2c: the proportion of time that memory-based method
spends for VLM reasoning grows substantially for smaller
targets. This is because existing memory-based methods typ-
ically organize scene memory as a flat structure, such as a
list of geotagged scene images or detected objects [58, 60],
and present the entire memory to the VLM in a single query.
As the object becomes smaller and harder to distinguish, the
VLM has to reason over a large number of candidate targets,
which not only inflates inference cost but also increases the
risk of hallucination, degrading both efficiency and accuracy.
In addition, Fig. 2d shows that the traversal efficiency of the
memory-based method remains below 0.5 across all targets.
Although the memory enables more targeted navigation, the
search strategy does not account for physical travel cost, i.e.,
the mobile system may strictly follow the VLM’s ranking
of destinations and traverse back and forth between distant
regions, resulting in paths longer than necessary.

2.3 Hierarchical Memory
As discussed in Sec. 2.1 and Sec. 2.2, non-memory navigation
resorts to inefficient blind search for small movable objects,
while existing memory-based methods, though more tar-
geted, still suffers from VLM hallucination and unnecessary
travel due to their flat memory structure. Our key idea to
address these limitations is to organize scene memory hierar-
chically based on spatial containment and support relation-
ships, which stems from how humans naturally understand
and recall environments at progressively finer spatial granu-
larity. To validate this idea, we develop a naive hierarchical
variant on top of the memory-based method [60]. Specif-
ically, we manually group its scene memory (i.e., a set of
geotagged images) by room and select the most representa-
tive image for each room. During navigation, the VLM first
reasons over the room-level representatives to identify the
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most probable room, then reasons over all images within
that room to determine the final destination.

As shown in Fig. 2b and Fig. 2c, this naive hierarchical vari-
ant consistently improves success rate and reduces search
time compared to the existing memory-based method, with
the gains more significant for smaller objects. Notably, the
time spent on VLM reasoning decreases substantially, as
the coarse-to-fine reasoning narrows the candidate set at
each level rather than presenting the entire memory at once,
reducing both inference cost and hallucination risk. In addi-
tion, the hierarchical approach also exhibits higher traversal
efficiency (Fig. 2d), as the room-level grouping directs the
mobile system to search within a single room before mov-
ing to the next, reducing unnecessary back-and-forth travel
across distant regions.

Takeaway. The measurement study demonstrates that scene
memory is essential for small object navigation, and how it
is organized fundamentally affects both navigation accuracy
and efficiency. Hierarchical memory based on spatial con-
tainment and support relationships enables coarse-to-fine
reasoning that reduces VLM inference cost and hallucination
risk, while spatially grouping destinations to avoid unneces-
sary back-and-forth traversal.

3 SYSTEM DESIGN
3.1 System Overview
We propose HEVEN, a novel system that enables the au-
tonomous mobile system to leverage the cloud-based VLM
for accurate and efficient small object navigation. Our key
idea is to hierarchically organize the environmental memory
into a tree structure, where nodes at successive levels rep-
resent navigation targets at different spatial scales. HEVEN
exploits this hierarchy to efficiently narrow down candidate
targets with the VLM and reduce unnecessary travel during
navigation. Moreover, this coarse-to-fine decision process
allows the mobile system to start navigating toward a coarse
destination while the VLM continues refining finer-grained
targets, pipelining VLM inference on the cloud with physical
control on the mobile system to reduce idle waiting.
As shown in Fig. 3, HEVEN consists of three key compo-

nents. Firstly, the spatial semantic tree (Sec.3.2) is hierarchi-
cally constructed and serves as the environmental memory,
structuring navigation targets into three spatial levels (i.e.,
rooms, areas, and pillars) according to their containment
and support relationships. In particular, we design a pillar
abstraction to anchors a group of small objects to the ob-
ject that supports them, forming a compact navigable unit
that simplifies both VLM reasoning and physical navigation.
Then, the tree-of-thought reasoning engine (Sec.3.3) operates
on the spatial semantic tree in two coordinated phases: a
logical pruning phase that queries the cloud-based VLM at

each tree level to efficiently narrow the search space, and
a physical traversal phase that guides the mobile system
to verify remaining candidates while accounting for travel
cost. Lastly, the asynchronous speculative execution module
(Sec. 3.4) addresses the latency mismatch between cloud
inference and physical control by progressively refining nav-
igation targets as each level of pruning completes, with a
decoupled planner-controller architecture that allows the
mobile system to navigate continuously without halting.

3.2 Spatial Semantic Tree
We design the Spatial Semantic Tree (SST) as the knowledge
memory for the autonomous mobile system. Unlike existing
approaches that typically maintain a flat list of all navigation
targets and treat them independently regardless of their spa-
tial scale or physical context, our SST organizes targets of
different scales into a hierarchical tree based on real-world
containment and support relationships. This tree structure
inherently encodes spatial connectivity and traversal cost
between targets, enabling efficient navigation with minimal
redundant travel. In particular, we group small objects with
their vertical supporting entity (e.g., a table and the items on
it) into a single minimumnavigable unit, which is maintained
with a gradual-decay online update strategy to mitigate the
impact of small objects’ position changes.

3.2.1 SST Architecture. We formalize the SST as a hybrid
graph G = (V, Eℎ𝑖𝑒𝑟 ∪ E𝑟𝑒𝑎𝑐ℎ). The node set V represents
navigation targets at three spatial scales: V = V𝑟𝑜𝑜𝑚 ∪
V𝑎𝑟𝑒𝑎 ∪V𝑝𝑖𝑙𝑙𝑎𝑟 , where hierarchy edges Eℎ𝑖𝑒𝑟 connect parent
and child nodes across adjacent levels to form the backbone,
reflecting spatial containment and support relationships.
At the top level, room nodes (V𝑟𝑜𝑜𝑚) represent topologi-

cally connected regions (e.g., a kitchen or a living room) and
serve as the roots of the tree. Area nodes (V𝑎𝑟𝑒𝑎) partition
each room into functional sub-regions based on semantic co-
herence and physical proximity. Each area node 𝑣𝑎 ∈ V𝑎𝑟𝑒𝑎

and room node 𝑣𝑟 ∈ V𝑟𝑜𝑜𝑚 stores a semantic caption 𝜙𝑣

generated by the VLM to summarize the contents of its child
nodes. At the leaf level, we introduce pillar nodes (V𝑝𝑖𝑙𝑙𝑎𝑟 )
as the minimum navigable units of the SST. A key challenge
in target search is granularity overload: when every small
object is treated as an independent navigation target, the
large number of candidates inflates VLM reasoning cost and
increases the risk of hallucination. The pillar addresses this
by grouping co-located objects under a shared entity an-
chor. Specifically, we define each pillar node 𝑣𝑝 ∈ V𝑝𝑖𝑙𝑙𝑎𝑟

as a tuple (𝑒𝑘𝑒𝑦,O𝑚𝑒𝑚), where 𝑒𝑘𝑒𝑦 is the key entity (i.e., a
stationary piece of furniture such as a table or a shelf) and
O𝑚𝑒𝑚 is the set of member objects physically supported by
or contained within it. Each member 𝑜 ∈ O𝑚𝑒𝑚 records an
open-vocabulary label 𝑙 , a 3D bounding box b3𝐷 , and a visual
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Figure 3: System architecture of HEVEN.

feature embedding [41] f𝑐𝑙𝑖𝑝 . This grouping reduces the num-
ber of targets the mobile system and the VLM need to reason
about, while the stable entity anchor keeps the navigable
unit robust to the scale and positional changes of objects.
Moreover, we add reachability edges E𝑟𝑒𝑎𝑐ℎ between sib-

ling nodes at the room and area levels to encode spatial
connectivity and traversal cost. Each edge 𝑒𝑖 𝑗 ∈ E𝑟𝑒𝑎𝑐ℎ is
weighted by the geodesic distance𝑤𝑔𝑒𝑜 (𝑣𝑖 , 𝑣 𝑗 ) on the global
map. We omit reachability edges at the pillar level, as pil-
lars within the same area are close enough for the mobile
system to assess their geodesic distance and traversability
during navigation, and these local metrics may occasionally
change (e.g., due to furniture rearrangement). The two types
of edges (i.e., Eℎ𝑖𝑒𝑟 and E𝑟𝑒𝑎𝑐ℎ) play complementary roles in
the navigation (Sec. 3.3): the hierarchical tree decomposes
the search into level-wise steps, allowing the cloud-based
VLM to prune candidates progressively rather than reason-
ing over the entire flat target set at once; the reachability
edges provide traversal cost for path planning, enabling the
mobile system to prioritize nearby high-probability targets.
The coarse-to-fine structure of SST also naturally supports
asynchronous execution between the mobile system and the
cloud VLM, as detailed in Sec. 3.4.

3.2.2 Bottom-Up SST Construction. The mobile system ex-
plores the environment using a standard frontier-based pol-
icy when it first enters an unfamiliar scene[69, 57]. The SST
is constructed bottom-up from the sensor data collected dur-
ing this exploration phase. We employ Grounding SAM [45,
27, 31] as an open-vocabulary detector to process multi-view
RGB-D frames and extract the 3D bounding box with a visual
feature embedding for each detected object. Observations of
the same object from multiple viewpoints are fused based
on spatiotemporal consistency, yielding a flat set of distinct
detected objects. These objects are then hierarchically assem-
bled into the tree through a two-stage aggregation process.

In the first stage, detected objects 𝑜 ∈ O are grouped into
pillars based on physical support relationships. A support
relationship 𝑜𝑖 → 𝑜 𝑗 is identified if 𝑜𝑖 physically supports
𝑜 𝑗 , determined by whether 𝑜 𝑗 ’s centroid lies above 𝑜𝑖 ’s top
surface within a specified margin and its bird’s-eye-view pro-
jection falls within 𝑜𝑖 ’s footprint. Objects connected through
such relationships are grouped into a pillar 𝑣𝑝 , where the root
object (i.e., the bottommost supporter, selected by largest
base area when ambiguous) becomes the key entity 𝑒𝑘𝑒𝑦 , and
all objects it supports become its members O𝑚𝑒𝑚 .

In the second stage, pillar nodes V𝑝𝑖𝑙𝑙𝑎𝑟 are clustered into
areas and assigned to rooms. The system computes a pair-
wise distance between pillars using a metric that combines
geodesic proximity and semantic similarity:

𝑑𝑙𝑖𝑛𝑘 (𝑣𝑖 , 𝑣 𝑗 ) = 𝛼 · 𝑑𝑔𝑒𝑜 (𝑣𝑖 , 𝑣 𝑗 ) + (1 − 𝛼) · (1 − cos(f𝑖 , f𝑗 )), (1)

where 𝛼 is the balance factor. We cluster nearby pillars into
area nodesV𝑎𝑟𝑒𝑎 based on this distance metric, and gener-
ate a semantic caption 𝜙𝑣 for each area by prompting the
VLM to summarize its child pillar contents. Room nodes
V𝑟𝑜𝑜𝑚 are generated via flood-fill segmentation on the global
traversability map. Areas are then assigned to the rooms ac-
cording to the spatial containment, and a caption is similarly
generated for each room by summarizing its area captions.
Finally, we establish reachability edges E𝑟𝑒𝑎𝑐ℎ weighted by
geodesic distance between sibling nodes at the room and
area levels to complete the full SST graph G.

3.2.3 Continuous SST Update. As small objects in the envi-
ronment can be frequently added, moved, or taken away, the
SST is required to update its memory according to the sen-
sor observations from the mobile system. HEVEN addresses
this through a gradual-decay update mechanism. As the mo-
bile system perceives the environment, it compares detected
objects against the stored members of nearby pillars. If an ob-
ject 𝑜 ∈ O𝑚𝑒𝑚 is no longer observed at its recorded position,
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the system gradually lowers its confidence score 𝑠𝑜 rather
than removing it immediately. The object is removed only
when 𝑠𝑜 falls below a reliability threshold, preventing false
deletions caused by temporary sensor occlusion or noise.
Beyond updating small objects in pillars, changes in the

environment may require restructuring the tree hierarchy.
For instance, when furniture is rearranged across a room, the
original area partitioning may no longer reflect the spatial
grouping of pillars. However, reconstructing the entire SST
at every observation is computationally prohibitive. HEVEN
instead triggers local reconstruction only when significant
physical changes occur, i.e., when the cumulative displace-
ment of pillar centroids exceeds a distance threshold or
the number of pillars changes by a specified percentage.
This event-driven approach maintains structural consistency
while avoiding unnecessary computation.

3.3 Tree-of-Thought Reasoning Engine
With the SST constructed, the autonomous mobile system
has a structured memory of the environment. It is required
to determine which of the pillars to visit and in what or-
der during navigation. We design the Tree-of-Thought (ToT)
reasoning engine to drive this decision by exploiting the
hierarchical structure of the SST and the world knowledge
of the cloud-based VLM. As shown in Fig. 4, the engine pro-
ceeds in two coordinated phases: (1) a logical pruning phase
that queries the VLM level by level to efficiently score and
eliminate low-probability rooms, areas, and pillars; and (2) a
physical traversal phase that organizes the remaining candi-
date pillars into an execution order adapted to the current
position and situation of the mobile system.

3.3.1 Logical Breadth-First Pruning. The cloud-based VLM
has the world knowledge to reason about where a target
object is likely to be found (e.g., a mug is more probably
on a kitchen counter than in a hallway). However, directly
querying the VLM over all candidate pillars at once is im-
practical as the large number of unstructured candidates can
inflate inference cost and degrade reasoning quality. The
hierarchical structure of our SST is well-suited to address
this. Rather than presenting the full candidate set, the ToT
reasoning engine queries the VLM level by level, i.e., starting
from rooms, narrowing to areas, and finally to pillars. At each
level, the VLM evaluates only the small set of nodes at that
level and prunes low-probability branches before expand-
ing to the next level. This progressive breadth-first pruning
keeps each VLM query compact and focused, reducing the
search space from the entire environment down to a small
set of high-probability candidate pillars.

Specifically, upon receiving a navigation query𝑄 , the ToT
reasoning engine extracts the target category 𝑐𝑡𝑎𝑟𝑔𝑒𝑡 and
visual attributes A𝑣𝑖𝑠 . It then searches top-down through
the three levels of the SST, i.e., V𝑟𝑜𝑜𝑚 , V𝑎𝑟𝑒𝑎 , and V𝑝𝑖𝑙𝑙𝑎𝑟 . At
the room and area levels, the engine provides the captions
𝜙𝑣 of all candidate nodes to the cloud-based VLM, which
computes a relevance score 𝑠𝑣 = 𝑃VLM (𝑐𝑡𝑎𝑟𝑔𝑒𝑡 ∈ 𝑣 | 𝑄,𝜙𝑣)
for each node reflecting the probability of finding 𝑐𝑡𝑎𝑟𝑔𝑒𝑡
there. For each selected parent node, the engine retains the
top-𝑘 scoring children and expands them as candidates for
the next level. At the pillar level, each pillar is provided as
the tuple (𝑒𝑘𝑒𝑦,O𝑚𝑒𝑚) and scored by the VLM rather than
listing each member object individually, keeping the VLM
input compact and grounded in the physical structure of
the SST (Sec. 3.2). The pruning terminates at the pillar level
as once the mobile system physically reaches a pillar, its
onboard sensors can verify the presence of the target within
it. This phase outputs a pruned sub-tree retaining up to 𝑘

children per node. Unlike a flat candidate list, this sub-tree
preserves the spatial grouping of candidates where pillars
within the same area remain clustered under a parent node.

3.3.2 Physical Depth-First Traversal. Given the pruned sub-
tree, our ToT engine first selects the pillar with the highest
relevance score (i.e., argmax𝑣 𝑠𝑣) as the initial destination. In
most scenarios, this high score indicates that the target object
was previously detected and recorded in the SST, making the
recalled location the most probable place to check first. The
mobile system then navigates to this pillar for physical verifi-
cation. If the target is found, the search concludes. Otherwise,
the engine determines subsequent destinations through a
hierarchical depth-first process on the pruned sub-tree.
Specifically, when the mobile system verifies a pillar and

fails to find the target, the ToT engine sets its relevance
score to zero and evaluates the remaining candidate pillars
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within the same area. For each unvisited sibling pillar node 𝑣 ,
the engine computes a utility score that balances semantic
confidence with physical travel cost:

𝑈 (𝑣) = 𝑠𝑣

1 + 𝜆 · 𝑑𝑔𝑒𝑜 (𝑝𝑐𝑢𝑟𝑟 , 𝑣)
, (2)

where 𝑠𝑣 is the relevance score from the logical pruning
phase, 𝑑𝑔𝑒𝑜 (𝑝𝑐𝑢𝑟𝑟 , 𝑣) is the geodesic distance from the current
pose of the mobile system to pillar 𝑣 , and 𝜆 is a weighting
factor. Since the SST does not maintain reachability edges at
the pillar level (as mentioned in Sec. 3.2.1), the mobile system
estimates 𝑑𝑔𝑒𝑜 locally based on its current observation of the
surrounding area. If any remaining pillar has a utility score
higher than a threshold (i.e., 𝑈 (𝑣) > 𝜏𝑢 ), the engine selects
the one with the highest utility score as the next destination.
When no remaining pillar within the current area has a
utility score exceeding the threshold, the engine backtracks
to the area level and applies the similar utility-based selection
(i.e., Eqn. 2) among sibling areas within the current room,
where 𝑑𝑔𝑒𝑜 in the utility computation is obtained from the
reachability edges stored in the SST. If a qualifying area
is selected, the engine assigns the pillar with the highest
relevance score 𝑠𝑣 within that area as the next destination. If
no area qualifies either (i.e., the utility scores of all sibling
areas are lower than 𝜏𝑢 ), the process continues backward to
the room level. The hierarchical structure of the pruned sub-
tree naturally supports this recursive backtracking as a depth-
first traversal: the ToT engine exhausts spatially proximate,
high-probability candidates under the same parent node before
incurring the cost of cross-area or cross-room travel. If the
target is not found after traversing the current sub-tree, the
engine prunes the visited pillars from the SST and re-initiates
the logical breadth-first pruning (Sec. 3.3.1) to produce a new
candidate sub-tree for the physical traversal.
In addition, throughout the entire physical traversal, the

onboard detector continuously scans the RGB-D stream to
check for the target object. Upon detecting a candidate match,
the system transmits a cropped image to the cloud-based
VLM for confirmation while the mobile system continues
its trajectory without stopping. Only a positive VLM con-
firmation causes the mobile system to interrupt its path for
close-range verification. Otherwise, the traversal proceeds
without pause. This on-the-move target verification enables
temporal overlap between mobile system movement and
cloud inference, avoiding unnecessary stops.

3.4 Asynchronous Speculative Execution
As described in Sec. 3.3, upon receiving a navigation query,
the ToT engine queries the cloud-based VLM to prune the
SST from rooms down to candidate pillars. The full pruning
process requires multiple rounds of VLM inference and can
take up to tens of seconds. However, room-level pruning

Table 1: Summary of real-world and synthetic datasets.

Dataset Scenes Categories Objects Episodes

Real-world 10 6 12 600

Synthetic Multi-Room 50 10 50 1500
Single-Room 50 10 50 1000

completes within seconds as the number of rooms is signifi-
cantly smaller than that of areas and pillars, and we observe
that in themajority of cases the target object is locatedwithin
the highest-scoring room and area. Therefore, rather than
waiting for the entire pruning to finish, HEVEN adopts a
speculative execution strategy where the navigation target
is progressively refined as each level of pruning is resolved.
Once the room-level scoring identifies the most probable
room, the mobile system begins traveling toward it. Simi-
larly, when area and pillar-level results become available,
the destination is refined to the selected area and pillar. This
progressive refinement pipelines VLM inference with physi-
cal control, as the hierarchicy of the SST naturally enables
reasoning over increasingly precise targets at each level.
To support this progressive refinement without blocking

the mobile system’s movement, HEVEN decouples the on-
board system into a deliberative planner and a reactive con-
troller. The deliberative planner manages communication
with the cloud-based VLM and runs the ToT reasoning en-
gine. As each level of pruning completes, the planner pushes
the updated navigation target into a thread-safe command
queue. The reactive controller operates at high frequency
(> 20 Hz), continuously consuming targets from this queue
to execute smooth, collision-free movement. When the plan-
ner refines the target (i.e., from a room center to an area
center, or from an area to a specific pillar), the controller
adjusts the trajectory on the fly without halting. This decou-
pling ensures that the mobile system remains in continuous
motion regardless of cloud VLM inference latency.

4 TESTBED AND DATASET
We collect dataset and conduct experiments across real-world
and synthetic scenes. We deploy HEVEN on a physical au-
tonomous mobile system to evaluate its end-to-end naviga-
tion performance in real-world environments. We further
construct procedurally generated synthetic scenes to bench-
mark specific performance metrics, individual module con-
tributions, and system robustness at a larger scale under
controlled scene configurations and object layouts. Tab. 1
summarizes the two datasets.

4.1 Real-World Dataset and Testbed
We collect a real-world dataset across 10 scenes, including
homes, offices, dining areas,coffee bars, etc. (see Fig.5), fea-
turing diverse floor plans and functionalities. We select six
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Figure 5: Real-world scenes and testbed.

target categories grouped into three size classes: large (back-
packs, laptops), medium (books, hats), and small (cameras,
cellphones), with two visually distinct instances per category,
yielding 12 target objects across a total of 600 navigation
episodes. This size-based grouping allows us to assess how
target physical size affects search performance.
We deploy HEVEN on a Unitree Go2 quadruped [53]

equipped with an Intel RealSense D435i depth camera [24]
and an NVIDIA Jetson AGX Orin compute module [37]. Dur-
ing operation, the Jetson Orin manages high-frequency local
control and perception, while the reasoning is offloaded to a
cloud-based VLM (GPT-4o) [38, 67] via API calls.

4.2 Synthetic Dataset
Existing navigation benchmarks (e.g., Matterport3D [12] and
Habitat-Matterport 3D [43]) primarily use large, static furni-
ture as navigation targets, which is insufficient for evaluating
small movable object search and navigation. We collect a
synthetic dataset using Infinigen [42, 54], a procedural 3D
scene generator that provides artifact-free meshes, physics-
aware object placement, and exact 6-DoF ground truth. The
generated scenes are imported into NVIDIA Isaac Sim (Fig. 6)
for navigation experiments. We design two benchmarks tar-
geting different evaluation goals.

4.2.1 Multi-Room Benchmark. We generate 50 multi-room
scenes (Fig.6a) with diverse layouts to benchmark the object
search and navigation performance at scale. Each scene con-
tains 10 target categories, extending the six real-world object
categories with four additional small object types (bags, wal-
lets, watches, and keys). To simulate the ambiguity caused
by similar objects of the same category, we procedurally
place five visually distinct instances per target category in
each scene as intra-class distractors, requiring the system to
navigate to a specific target instance rather than any object
of the same category. We execute a total of 1500 navigation
episodes across these environments.

4.2.2 Single-Room Benchmark. We generate 50 single-room
scenes (Fig. 6(b)) to stress-test system robustness under con-
trolled scene complexity. We vary two physical dimensions

(a)Multi-Room (b)Single-Room 

Figure 6: Examples of synthetic scenes.

independently: object count and spatial clustering degree.
To quantify clustering, we discretize each room into a uni-
form grid of𝑀 cells and compute spatial entropy [7]: 𝐻𝑠 =

− 1
𝑁

∑𝑀
𝑖=1 𝑝𝑖 log 𝑝𝑖 , where 𝑁 is the total number of objects

and 𝑝𝑖 is the fraction of objects within the 𝑖-th cell. Lower
𝐻𝑠 indicates that small objects are concentrated on fewer
supporting entities, while higher 𝐻𝑠 reflects a more uniform
distribution across supporting entities throughout the room.
By independently controlling these two dimensions, this
benchmark isolates their individual effects on search and
navigation performance.

5 EVALUATION
In this section, we conduct extensive experiments to validate
the performance and advantages of HEVEN.We first describe
the evaluation setup and metrics (Sec. 5.1). We then evaluate
the end-to-end performance of HEVEN on the real-world
autonomous mobile platform (Sec. 5.2). Next, we benchmark
HEVEN against baseline methods on the multi-room syn-
thetic dataset to assess assess navigation accuracy, path effi-
ciency, and search cost across different target sizes (Sec. 5.3).
We further stress-test system robustness under varying ob-
ject counts and spatial clustering using the single-room
benchmark (Sec. 5.4). Finally, we conduct ablation studies to
quantify the contributions of the hierarchical SST structure
and the hybrid search strategy (Sec. 5.5).

5.1 Evaluation Setup and Metrics
Implementation and Setup.We set the number of retained
children per node 𝑘 = 2 in the SST pruning to balance VLM
reasoning cost and search thoroughness. We empirically
set the balance factor 𝛼 in SST construction to 0.3 and the
weighting factor 𝜆 in the utility function to 0.1. During eval-
uation of memory-based methods and HEVEN, we remove
all target objects and intra-class distractors during memory
construction and reintroduce them during the search phase
to prevent the task from degenerating into trivial coordinate
recall. In synthetic experiments on NVIDIA Isaac Sim, an
episode terminates when the system issues a STOP action
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Figure 7: Performance comparison of HEVEN and existing methods on
real-world dataset for different target sizes.
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Figure 8: Runtime breakdown com-
parison of HEVEN and 3DMem.

Table 2: Resource consumption of the memory storage,
update, and VLM reasoning. “Mem.”,“Upd.”, and “Inf.”
denote memory size, update time, and inference time,
respectively.
Method Mem. (MB) ↑ Upd. (min) ↓ Inf. (s) ↓ Tokens ↓
UniGoal [62] – – 39.8 12.52k
3DMem [60] 137.2 24.28 73.2 37.28k

HEVEN 15.8 0.58 16.4 7.22k

or reaches a 500-step limit, and is considered successful if
the system stops within 1.0𝑚 of the correct target instance.
Synthetic simulations run on a workstation with an Intel
Core i9-14900K CPU and NVIDIA RTX 4090 GPUs.
Metrics. We evaluate performance over 𝑁 episodes using
the following metrics: Success Rate (SR) measures the per-
centage of episodes where the system successfully locates
the target; Success weighted by Path Length [2], SPL =
1
𝑁

∑𝑁
𝑖=1 𝑆𝑖

𝑙𝑖
max(𝑝𝑖 ,𝑙𝑖 ) , quantifies path efficiency, where 𝑆𝑖 is

the success indicator, 𝑝𝑖 is the traversed path length, and
𝑙𝑖 is the shortest geodesic distance to the target; Distance
to Goal (D2G) [6] captures the final proximity error be-
tween the stopping position and the target; Steps records
the total physical steps per episode; and Category Error [28],
CE = 1

𝑁

∑𝑁
𝑖=1𝐶𝑖 × 100%, quantifies vulnerability to intra-

class distractors, where 𝐶𝑖 ∈ 0, 1 indicates a false stop near
a wrong object of the target category, a lower CE indicates
better instance-level discrimination.

5.2 Performance on Real-World Dataset
We evaluate HEVEN and three baselines (including two non-
memory methods and one memory-based method) on the
real-world dataset, deploying all methods on the Unitree
Go2 quadruped platform. Fig. 7 compares the success rate
and end-to-end search time across large (backpacks, laptops),
medium (books, hats), and small (cameras, cellphones) tar-
gets. The two non-memory methods (i.e., UniGoal [62] and
Uninavid [64]) perform poorly on all objects as they rely
on real-time visual detection that cannot reliably spot small

HEVEN(Ours)

UniGoal

3DMem

Uninavid

Figure 9: Comparison of navigation trajectories.

daily items in cluttered environments. The memory-based
3DMem [60] achieves moderate success on large objects but
degrades on smaller targets with significantly longer search
times, because its flat memory presents an unstructured can-
didate list to the VLM, inflating inference cost and increasing
hallucination risk. HEVEN exhibits the highest success rate
(over 70%) across all three sizes of objects while achieving the
shortest search time (less than 110 𝑠). This is because the SST
anchors small objects to stable furniture through the pillar
abstraction and organizes the memory of the scene hierar-
chically, enabling the mobile system to navigate step by step
to specific structural landmarks for close-range verification
rather than scanning the environment exhaustively.
Specifically, the advantage of HEVEN on the search time

stems from two factors: shorter traversal paths and reduced
idle waiting. As shown in Fig. 9, UniGoal and Uninavid wan-
der without direction due to the absence of scene memory.
3DMem repeatedly traverses back and forth between distant
candidates because its flat list disregards physical distances.
HEVEN follows a direct path to the target, as the reachability
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Figure 10: Performance comparison of HEVEN and existing methods on synthetic dataset for different target sizes.

edges in the SST and the cost-aware utility function jointly
prioritize nearby high-probability destinations. Fig. 8 further
shows the runtime breakdown of HEVEN compared with
3DMem. To ensure a fair comparison, we set the candidates
selected by 3DMem to eight to match the eight pillar-level
candidates retained in HEVEN’s SST pruning. 3DMem oper-
ates in a blocking execution style where the mobile system
remains waiting during cloud VLM reasoning and re-queries
the VLM after each round of eight candidates fails. In con-
trast, the asynchronous speculative execution of HEVEN
pipelines VLM reasoning with physical control, masking the
majority of cloud latency behind continuous movement.

Tab. 2 quantifies the resource consumption of HEVEN and
baselines on the mobile platform. HEVEN’s SST maintains
a 15.8MB memory footprint, an 8.7× reduction compared
to 3DMem’s 137.2MB flat memory, as the pillar abstraction
compresses raw detections into grouped representations.
When the environment changes, the event-driven local up-
date of HEVEN completes in only 0.58𝑚𝑖𝑛 compared to the
24.28𝑚𝑖𝑛 for the full memory reconstruction in 3DMem.
On average, for each search episode, HEVEN’s hierarchical
pruning consumes 7.22𝑘 tokens with 16.4 𝑠 of inference time,
over 2.4× and 4.4× less than the overhead of the continuous
queries in UniGoal and reasoning over the entire flat mem-
ory in 3DMem, respectively. Moreover, the inference time of
HEVEN is largely hidden behind physical movement, further
reducing the perceived waiting time to a few seconds.

5.3 Performance on Synthetic Dataset
We evaluate HEVEN on the multi-room benchmark against
two non-memory methods (PIN [5] and UniGoal [62]) and
two memory-based methods (3DMem [60] and DOVSG [58]).
As shown in Tab. 3, HEVEN achieves a 73.86% success rate
with an SPL of 0.35, outperforming the state-of-the-artmethod
DOVSG by 3× in success rate and 4× in path efficiency. Non-
memory methods exhibit extremely low success rates (below
16%) and near-zero SPL, as the absence of scene memory
reduces navigation to reactive, near-blind search. Memory-
based methods perform moderately (up to 24.20% success

Table 3: Comparison of HEVEN and existing methods
on synthetic dataset. “SR”, “SPL”, “D2G”, and “CE” de-
note success rate, success weighted by path length, dis-
tance to goal, and category error, respectively.

Method SR (%) ↑ SPL ↑ D2G (m) ↓ Steps ↓ CE (%) ↓
None-memory baseline
PIN [5] 12.60 0.05 10.48 403.97 19.51
UniGoal [62] 15.73 0.06 7.85 397.51 16.98

Memory-based baseline
3DMem [60] 21.60 0.08 7.72 438.61 20.66
DOVSG [58] 24.20 0.09 8.36 428.40 22.31

HEVEN 73.86 0.35 3.60 311.32 16.16

rate) but their SPL remains below 0.09, indicating that even
successful episodes involve highly inefficient traversal. This
is because their flat memory structures present the entire
unstructured candidate set to the VLM in a single query
and disregard the traversal cost between them, resulting
in inefficient reasoning and redundant paths. In addition,
memory-based methods exhibit the highest category errors
(CE above 20%), as their coarse search granularity make the
mobile system to stop too far from candidates for reliable
instance-level discrimination. HEVEN achieves the lowest
distance to goal (3.60𝑚) and the lowest CE (16.16%), as the
hierarchical pruning of the SST directs the mobile system to
specific pillar-level anchors for close-range verification.
Fig. 10 shows the results across large (backpacks, bags,

laptops), medium (books, hats, wallets, cameras), and small
(cellphones, watches, keys) targets. All baselines degrade
sharply as the target size decreases: memory-based meth-
ods achieve moderate success on large objects (close to 60%
success rate) but drop below 15% on small targets, while
non-memory methods fall below 40% even for large objects.
In contrast, HEVEN exhibits over 95%, 85%, and 60% success
rates for large, medium, and small targets respectively, with
consistently the highest SPL and the lowest step count across
all size classes. The key reason is that the SST of HEVEN de-
couples search accuracy from target physical size: regardless
of how small the object is, the hierarchical pruning identifies
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Figure 11: Success rate and SPL under different object
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Figure 12: Success rate and SPL under different spatial
entropy.

the most likely supporting entity (e.g., a table) and navigates
the mobile system to it for close-range verification, rather
than relying on the mobile system to detect the small object
during a coarse-grained environmental scan.

5.4 Robustness to Scene Complexity
We evaluate HEVEN’s robustness against environmental
complexity on the synthetic single-room dataset. By isolating
two factors: object count and spatial entropy, we evaluate
the performance of HEVEN and baselines as scenes become
more cluttered or spatially concentrated.

5.4.1 Robustness to Object Count. Fig. 11 compares per-
formance as the number of objects increases. All baseline
methods degrade significantly with growing object count.
Non-memory methods (PIN, UniGoal) suffer a significant
drop in success rates (close to 50%), as their reliance on real-
time camera input becomes increasingly ineffective in clut-
tered environments where the detector is easily distracted.
Memory-based methods (3DMem, DOVSG) degrade more
gradually but still decline substantially (over 40% drop in
success rate and over 0.3 drop in SPL): their flat memory
grows proportionally with the number of detected objects,
presenting an increasingly massive unstructured candidate
list to the VLM that inflates both inference time and halluci-
nation risk. In contrast, HEVEN achieves approximately 70%
success rate even under high object count with an SPL above
0.4. This robustness stems from the SST’s pillar abstraction:
regardless of how many small objects in the scene, they are
anchored to a bounded set of supporting entities. The VLM
reasons over these pillar-level anchors rather than individual
objects, keeping the effective candidate set compact and the
reasoning complexity independent of object count.

5.4.2 Robustness to Spatial Entropy. As defined in Sec.4.2.2,
lower spatial entropy indicates that objects are more tightly
clustered onto fewer furniture pieces, increasing mutual oc-
clusion and spatial ambiguity. Fig.12 evaluates performance
of HEVEN and baselines under varying spatial entropy, with
object count held constant. Under low spatial entropy, all
baseline methods fall below 25% success rate and yield an

SPL below 0.15. These methods directly target small objects
as search goals, causing the mobile system to approach the
scene at a coarse granularity and scan from a distance. When
objects are densely packed or partially occluded, this coarse
scanning fails to distinguish the target from surrounding
clutter. HEVEN maintains ∼ 70% success rate while reaching
an SPL of 0.45. By using the pillar abstraction as the mini-
mum navigation unit, the SST directs the mobile system to
the correct structural landmark regardless of how cluttered
it is. Upon arrival, the VLM performs fine-grained target
verification at close range, resolving the spatial ambiguity.

5.5 Ablation Study
We conduct ablation studies on the synthetic multi-room
dataset to validate two core design choices in HEVEN: the
hierarchical depth of the SST and the ToT reasoning strat-
egy. Each experiment isolates one design dimension while
keeping all other components fixed.

5.5.1 Impact of SST Depth. Fig. 13 evaluates four SST con-
figurations with increasing depth. Overall, the performance
improves consistently as more hierarchical levels are added,
confirming that each layer contributes complementary in-
formation to the search process. The most significant gain
occurs from L0 to L1: introducing a single pillar level raises
the success rate from 32% to 55% while reducing the aver-
age step count from 460 to around 390. This improvement
demonstrates that grouping small objects onto stable entity
anchors substantially reduces the candidate set presented to
the VLM, alleviating the information overload that causes
frequent hallucinations under flat memory. Adding the area
level and the room level yields more moderate success rate
gains but significantly improves SPL. This is because the
area and room levels in SST encode spatial connectivity and
traversal cost, enabling the ToT engine to avoid redundant
back-and-forth travel between distant areas. Since our cur-
rent dataset covers scenes up to the multi-room scale, we
evaluate SST depth up to three levels. The HEVEN para-
digm can be naturally extended to larger environments (e.g.,
buildings, campuses) by adding higher-level nodes. We leave
adaptive depth of SST construction as future work.
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Figure 13: Impact of SST depth on performance. “L0”
uses a flat object list as the memory. “L1” introduces
hierarchy by grouping small objects onto large entities
(pillars). “L2” further groups pillars into functional
areas. “L3” denotes the three-level SST used in HEVEN.

5.5.2 Impact of ToT Reasoning Strategy. Fig. 14 shows the
performance under different reasoning strategies while keep-
ing the SST fixed. All four variants achieve comparable suc-
cess rates (over 70%), confirming that the hierarchical mem-
ory itself provides sufficient structural information to ac-
curately locate targets. The differences emerge in traversal
efficiency and overhead. The “Dis” variant achieves the low-
est SPL (0.13) and highest step count (approximately 430).
By ignoring semantic relevance, it greedily visits the near-
est candidates regardless of their likelihood, wasting steps
on improbable locations. The “Sc” variant exhibits similarly
poor efficiency, as it frequently guides the mobile system to
high-probability but physically distant destinations, incur-
ring excessive travel cost between areas. The “Sib” variant
improves the traversal efficiency over the single-factor vari-
ants (SPL 0.26), it still underperforms because the system
cannot escape a low-utility area once it commits. In contrast,
HEVEN dynamically balances traversal cost and semantic
relevance through the composite utility function, and adap-
tively decides whether to continue exploring siblings or back-
track to a different area based on the utility scores. This joint
optimization achieves the highest SPL (0.35) with the fewest
steps (approximately 310), validating the cost-effectiveness
of the ToT reasoning strategy in HEVEN.

6 RELATEDWORK
Scene Representations. Traditional geometric maps [48,
8, 47, 20, 33, 51, 15] lack semantic information for language-
queried search. While semantic and open-vocabulary map-
ping [35, 47, 22, 25] grounds visual features in 3D space,
maintaining scene knowledge as sparse point clouds or flat
object collections scales poorly for small, movable objects.
Although 3D Scene Graphs (3DSGs) [46, 23, 58, 44] introduce
hierarchy in the scene representation, they target large fur-
niture and leave small items as isolated nodes. In contrast,
HEVEN overcomes these limitations by introducing a hier-
archical SST, enabling efficient search space pruning rather
than reasoning over the entire flat memory.
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Figure 14: Impact of ToT reasoning strategy on perfor-
mance. “Dis” reduces the utility function to physical
distance only, ignoring semantic relevance. “Sc” uses
semantic score only, ignoring traversal cost. “Sib” dis-
ables backtracking to higher SST levels, exhausting all
sibling nodes under the same parent (area or room)
node before proceeding to the next.

VLM-Based Navigation. Some works [14, 52, 70, 32, 29]
leverage Vision-and-Language Navigation (VLN) instruc-
tions for navigation, but such detailed instructions are usu-
ally unavailable in real-world applications. Object Naviga-
tion (ObjectNav) addresses this using semantic labels via
end-to-end or modular approaches. However, end-to-end
methods such as reinforcement learning [55, 34] and Vision-
Language-Action (VLA) [64, 65, 68] generalize poorly and
lack spatial memory, whereas modular systems that leverage
explicit maps [13, 5] and VLM-guided exploration [61, 62, 17,
63, 71] rely heavily on real-time perception. Moreover, both
of these paradigms are inefficient for search and navigation
of small movable objects. Recent memory-based navigation
methods [60, 19] leverage VLMs for zero-shot navigation but
organize memory as a flat collection. However, as targets
become smaller and movable, this unstructured memory can
inflates inference costs and hallucination risks. HEVEN re-
solves these bottlenecks by leveraging the SST to let the VLM
hierarchically reason the coarse-to-fine destination with a
ToT reasoning engine, effectively utilizing the commonsense
of VLM to find the possible locations of the target.

7 CONCLUSION
This paper proposes HEVEN, a system that enables the au-
tonomous mobile system to collaborate with the cloud-based
VLM for accurate and efficient small object search and navi-
gation. The key idea is to organize scene memory hierarchi-
cally based on spatial containment and support relationships.
HEVEN construct the scene memory as a spatial semantic
tree and jointly optimizes semantic relevance and travel cost
during search and navigation, and pipelines cloud VLM infer-
ence with physical control to keep the mobile system in con-
tinuous movement. We collect two new datasets across both
real-world and synthetic environments. Extensive experi-
ments demonstrate that HEVEN significantly outperforms
SOTA baselines in success rate, end-to-end search time, and
path efficiency, while substantially reducing memory foot-
print and VLM inference overhead.
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