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Abstract— Navigating to out-of-sight targets from human
instructions in unfamiliar environments is a core capability for
service robots. Despite substantial progress, most approaches
underutilize reusable, persistent memory, constraining per-
formance in lifelong settings. Many are additionally limited
to single-modality inputs and employ myopic greedy poli-
cies, which often induce inefficient back-and-forth maneuvers
(BFMs). To address such limitations, we introduce SSMG-Nav,
a framework for object navigation built on a Semantic Skeleton
Memory Graph (SSMG) that consolidates past observations into
a spatially aligned, persistent memory anchored by topolog-
ical keypoints (e.g., junctions, room centers). SSMG clusters
nearby entities into subgraphs, unifying entity- and space-level
semantics to yield a compact set of candidate destinations.
To support multimodal targets (images, objects, and text), we
integrate a vision-language model (VLM). For each subgraph,
a multimodal prompt synthesized from memory guides the
VLM to infer a target belief over destinations. A long-horizon
planner then trades off this belief against traversability costs
to produce a visit sequence that minimizes expected path
length, thereby reducing backtracking. Extensive experiments
on challenging lifelong benchmarks and standard ObjectNav
benchmarks demonstrate that, compared to strong baselines,
our method achieves higher success rates and greater path
efficiency, validating the effectiveness of SSMG-Nav.

I. INTRODUCTION
Service robots are expected to navigate to target objects

beyond their current field of view in previously unseen
environments based on human instructions. Conventional
methods typically rely on reinforcement learning (RL) or
imitation learning (IL) [1], [2]. Despite notable progress,
these methods exhibit two fundamental limitations: (i) they
are data- and interaction-intensive, making training costly;
and (ii) they often degrade under distribution shifts when
deployment scenarios diverge from the training domain.

Human navigation suggests prioritizing high-likelihood
locations (e.g., bedrooms or shelves for a stuffed toy),
highlighting the value of commonsense spatial semantic
reasoning. Meanwhile, large-scale pretrained models have
shown strong generalization in commonsense and reasoning,
offering a new paradigm for navigation. In recent years,
numerous zero-shot object navigation methods that draw on
vision-language models (VLMs) or large language models
(LLMs) have emerged, demonstrating promising advantages
by leveraging broad prior knowledge to link environmental
semantic cues with target objects [3]–[6].
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Nevertheless, several gaps remain for real-world, user-
centered navigation, especially in lifelong settings where
agents are expected to leverage historical experience for
continual improvement [7], [8]. First, the design of memory
mechanisms remains underexplored: many methods make
purely reactive decisions from instantaneous observations;
others construct value maps [4], [9] or semantic maps [10],
[11] that lack persistence and reusability. Recent efforts
on graph memory are promising but most of them model
“objects” [6], [12] or ”waypoints” [13] as nodes, connect
them via adjacency relations, and construct the memory
graph in a text-based form, which limits the overall expres-
siveness. Second, most methods target single-modality goals
and cannot accommodate multimodal instructions. Third,
planners are commonly greedy, driving the agent to the most
likely target locations with short-sighted decisions. This often
leads to inefficient back-and-forth maneuvers (BFMs) [14].

These limitations motivate a navigation framework that
maintains persistent memory and supports multimodal goals
for efficient lifelong task execution. At its core is a Semantic
Skeleton Memory Graph (SSMG) that provides reusable,
spatially grounded semantics to support long-horizon plan-
ning. Unlike existing graph representations that center on
objects [6] or waypoints [13] as nodes, SSMG aggregates
objects around topological keypoints of the environment
skeleton (e.g., corridor junctions, room centers). This yields
a set of candidate destinations, each represented as a sub-
graph that naturally combines entity semantics and spatial
semantics. Then we incorporate a VLM and, for each SSMG
subgraph, derive a multimodal prompt to guide the VLM
in evaluating belief that the target lies in that subgraph.
Leveraging the VLM’s multimodal commonsense and rea-
soning, we can accommodate targets specified as images,
objects, or text while fully exploiting the local scene context
encoded by each subgraph. Moreover, we design a long-
horizon planner that jointly considers belief and traversability
cost to compute a visit sequence minimizing the expected
travel distance. Using an efficient approximate solver to
address this optimization, the planner effectively mitigates
myopic behavior and improves navigation efficiency.

The main contributions are as follows.
• A novel Semantic Skeleton Memory Graph (SSMG)

that consolidates historical observations into persistent,
spatially grounded memory, unifying entity and spatial
semantics to support informed decision-making.

• An SSMG-driven long-horizon planner that elicits
VLM-based environmental reasoning via multimodal
prompts and employs an efficient approximation to
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balance belief and traversal cost for long-term visitation
planning, improving efficiency.

• A complete lifelong multimodal object navigation
framework, SSMG-Nav, which achieves state-of-the-art
performance on public benchmarks.

II. RELATED WORK

A. Object Navigation

Existing approaches to object navigation can be broadly
categorized into learning-based and zero-shot methods.

1) Learning-based Object Navigation: Learning-based
methods have progressed rapidly, with reinforcement learn-
ing (RL) and imitation learning (IL) taking center stage.
Building on large-scale human demonstrations, Habitat-Web
[2] shows that IL can internalize the implicit, often intricate
behaviors underlying object search. On the modular front,
PONI [9] uses a potential-function network to decide “where
to look?” and pairs it with an analytical local policy for
action generation, while SGM [15] complements this line
by predicting maps beyond the agent’s visible field via self-
supervision. ZSON [16] brings zero-shot generality into the
picture by training a policy with DD-PPO and leveraging
CLIP [17] for image-goal navigation. More recently, MVVT
[1] taps multi-view inputs to couple global image cues
with local spatial context, further boosting policy learning.
Despite these advances, learning-based methods typically re-
quire large-scale data and tend to degrade under distribution
shift.

2) Zero-shot Object Navigation: In recent years, powered
by advances in large models, zero-shot object navigation
has seen a surge of new methods. Some studies leverage
vision-language models (VLMs), such as CLIP [17], to align
observations with target objects, incorporating advanced ex-
ploration or learning-based strategies for open-set object
navigation [3]. However, these methods lack analysis of
environmental semantics and memory, resulting in lower
exploration efficiency.

PIVOT [18] and VLMNav [19] cast navigation as video
question answering, querying a VLM to select motion di-
rections. Building on this idea, DyNaVLM [20] augments
the system with a graph memory architecture, representing
objects as nodes and relational adjacencies as edges.

Methods such as PONI [9], VLFM [4] and WMNav [21]
construct a value map to score frontier points on the map,
thereby guiding the agent to prioritize exploration of regions
with higher target relevance. However, such value maps are
often not reusable because they are tightly coupled to the
current task.

In addition, several approaches construct a semantic map.
Methods like ESC [10], L3MVN [22], and OpenFMNav [11]
aggregate object categories, locations, and relations into a se-
mantic map and render candidate waypoints in the egocentric
view as prompts; an LLM then chooses the next waypoint.
Extending this paradigm, InstructNav [5] leverages dynamic
chain-of-navigation (DCoN) and spatiotemporal chains [23]
to explicitly structure spatial reasoning in natural language.

Some recent work focuses on graph representations of
memory/map that can efficiently integrate different kinds of
information. SG-NAV [12] constructed a hierarchical scene
graph [24] and proposed a CoT prompting method for LLMs
to reason about target locations. Similarly, SayNav [25]
created an object-room-scene topological map using objects
as nodes in a bottom-up way. MCGPT [13] samples view-
points during movement as topological nodes and utilizes an
offline constructed CoT database to retrieve the most suitable
prompt templates for online analysis.

B. Lifelong Multimodal Object Navigation

Recently, some researchers have begun to focus on object
navigation tasks that better align with real-world scenarios.
[6] pointed out the limitations of existing zero-shot methods
in constructing reasoning frameworks on LLMs for specific
tasks, noting that they cannot generalize across different
types of targets. Therefore, they proposed a graph structure
with objects as nodes for unified multimodal target rep-
resentation, verifying targets through multi-stage subgraph
matching based on LLM inferences, though lifelong task
execution was not considered. SayNav [25] studied multi-
object navigation tasks but can only present all targets at once
and operates in a single modality. OpenIN [26] focuses on
lifelong task execution but is also limited to a single modal-
ity. In contrast, GOAT [7] formalizes Lifelong Multimodal
Object Navigation with sequential goals specified by object
categories, images, or language descriptions, and GOAT-
Bench [8] provides a recent standardized benchmark with
a unified protocol and public baselines for fair comparison.

III. METHOD

A. Task Definition and System Overview

The lifelong multimodal object navigation task places an
agent in a previously unseen scene and requires it to navigate
sequentially to multiple goal objects, each specified by an
object category (e.g., “towel”), a text description (e.g., “a
bath towel hanging on a hook in the bathroom, relative to
the shower stall and shower bench”), or a unique image. Each
goal defines a subtask, which ends when the time budget is
exhausted or the agent issues a “stop” action, after which it
switches to the next subtask until completion. At each switch,
the subtask is successful if the agent is within a distance
threshold of the goal object; otherwise, it fails.

As shown in Fig. 1, our proposed SSMG-Nav is structured
as follows. At each step, the agent receives RGB, depth,
and pose from the simulator. Using these sensor inputs,
we incrementally update geometric information (occupancy
map and skeleton topology) and semantic information (value
map and object map), thereby constructing the SSMG over
time (Sec. III-B). The navigation policy then transitions
between states (Sec. III-D). Conditioned on the current state,
we generate multimodal prompts from SSMG subgraphs to
guide a VLM in belief estimation (Sec. III-C.1). Finally,
a long-horizon planner jointly optimizes traversal cost and
belief to produce a long-term visitation route and executes
its first waypoint (Sec. III-C.2).
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Fig. 1: An overview of the proposed SSMG-Nav.

B. Semantic Skeleton Memory Graph Construction

1) Visual Perception: At each time step t, the agent
acquires sensor observations obst = {It, Dt, Pt}, comprising
the RGB It, depth Dt, and pose Pt.

We first convert the depth Dt into a 3D point cloud and
project it onto a bird’s-eye-view (BEV) plane. Using ray cast-
ing from the sensor origin, we construct and incrementally
update a 2D occupancy grid Mocc. Each grid cell is labeled
as free, occupied, or unknown to track exploration progress.

To analyze the semantic information in the observations,
we employ BLIP-2 [27] to evaluate the relevance between
the current observation and the target. Following [4], we
adopt the text template “Seems like there is a <target
object> ahead.” to perform text–image matching on the
current RGB input It. Analogous to Mocc, we project the
relevance scores onto the BEV plane to obtain a value map
Mvalue, which encodes the correlation between the scene
context and the target object across the explored area.

While the value map captures target-specific relevance,
lifelong navigation requires a target-agnostic semantic rep-
resentation of observations. We therefore use BLIP-2 again
to generate a caption for the current image It, denoted as
capt. To obtain structured semantics, we apply the open-set
detector Grounding-DINO [28] to It and produce a set of
detections

Dett = {(bi, si, ci) | i = 1, . . . , N}, (1)

where bi is the bounding box, si the confidence score, ci the
predicted category, and N the number of detected objects.
For each detection in Dett, we apply MobileSAM [29]

within the corresponding bounding box to obtain an instance
mask. By fusing the mask with the depth, we back-project
pixels to 3D and construct an object-level point cloud map
Mobj. For each object j ∈ O, we store:

Oj := {PCj , cj , Vj}, Vj := {(Ikj ,Pk
j ,cap

k
j , s

k
j )}Kk=1.

(2)
Here PCj is the point cloud, cj the category, and Vj collects
up to K views: RGB Ikj , pose Pk

j , caption capk
j , and score

skj . We set K = 3 in our experiments.
Over time, Mocc and Mvalue are incrementally updated via

coverage. Updates to Mobj are gated by semantic category
consistency and the alignment between 3D bounding boxes
of the point cloud. For objects subject to fusion, historical en-
tries Vj are replaced based on detection confidence, thereby
retaining higher-confidence observations that typically corre-
spond to better viewpoints.

2) Skeleton Topology Extraction: Object-cluster graphs
[12] may lose geometric fidelity, while trajectory-based node
generation [30] can yield non-representative nodes. We there-
fore aim to extract a concise geometric backbone and enrich
it with semantics later.

Following [14], we approximate the skeleton of Mocc via
morphological thinning to obtain a one-pixel-wide medial
axis. Each skeleton pixel is classified as endpoint Ne (degree
1), connector Nc (degree 2), or junction Nj (degree ≥ 3). We
then prune connectors and retain only Ne and Nj (special
nodes), adding edges between them. This yields the graph
G = (N , E), where connectors are stored as edge attributes
to support fast path planning.

2260



3) Semantic Attachment: We augment the skeletal topol-
ogy G = (N , E) with object information from Mobj to obtain
a complete SSMG: for each object j ∈ O, we select its
highest-confidence viewpoint k⋆j := argmaxk s

k
j and set the

reference pose P⋆
j := P

k⋆
j

j ; projecting pose to BEV via π(·),
we attach the object to its nearest node:

n⋆
j := arg min

n∈N

∥∥xn − π(P⋆
j )
∥∥,O(n⋆

j )← O(n⋆
j )∪ {j}. (3)

To improve coverage while remaining concise, each node
n defines a data-driven radius from the farthest currently
attached object,

rn :=

 max
j∈O(n)

∥∥xn − π(P⋆
j )
∥∥, O(n) ̸= ∅,

0, otherwise,
(4)

and adds all objects within this radius,

O(n)← O(n) ∪
{
j ∈ O

∣∣ ∥∥xn − π(P⋆
j )
∥∥ ≤ rn

}
, (5)

which naturally allows objects to belong to multiple nodes
(i.e., j ∈ O(n1) ∩ O(n2)). To support downstream belief
propagation, we augment the edge set by linking each end-
point to directly connected junction node(s) on the skeleton
(i.e., one-hop connectivity on the skeleton graph):

E ← E ∪
{
(ne, nj) ∈ Ne×Nj

∣∣ skeleton adj(ne, nj)
}
, (6)

where skeleton adj(ne, nj) is true iff ne and nj are one-hop
neighbors on the skeleton topology.

C. SSMG-driven Long-Horizon Planner

Zero-shot object navigation increasingly leverages
VLMs/LLMs to translate perception into planning priors.
However, prevailing systems select the single most
promising frontier at each step [6], [10], [12], without
sequencing multiple candidates over long horizons, which
frequently results in BFMs and inefficient trajectories—a
phenomenon also reported in autonomous exploration
[14]. Moreover, limitations in spatial understanding [31]
and long-horizon planning [32], [33] cast doubt on the
reliability of directly feeding large-scale global maps and
rich semantic information into LLMs in some form for
long-horizon planning.

We therefore propose an SSMG-driven Long-Horizon
Planner (LHP) that builds SSMG-based multimodal prompts
for reasoning over nodes of SSMG, followed by an approx-
imation algorithm for long-term path planning.

1) VLM-Based Belief Evaluation: Belief estimation is
performed per special node. We first build multimodal
prompts from endpointsNe. Each node stores nearby object
information; for each object j ∈ O(ni), we form a textual
prompt {object idj , object classj , object captionj}. We then
extract a subgraph as an image prompt: centered at node
ni, we annotate the BEV plane with each object’s point-
cloud centroid and its object idj . Concatenating the textual
and visual prompts yields a background-knowledge prompt.
Finally, CoT reasoning guides the VLM (Qwen-VL-Plus

[34]) to analyze node ni step by step and produce a formatted
belief estimate, belief i.

After evaluating all endpoints Ne, we propagate endpoint
cues bottom-up to Nj. This focuses candidates on junctions,
reducing the planning search space. For each junction, we
augment its background-knowledge prompt with information
from its associated endpoints and query the VLM again to
output the junction belief.

2) Long-Horizon Planning: Our LHP treats all Nj as
candidate nodes and computes a visitation path that sequen-
tially accesses them. The agent proceeds along this path
until the target object is found. Given N candidate nodes
{n1, . . . , nN} with target probabilities {p1, . . . , pN} and
pairwise distances d(i, j), we seek an order {no1 , . . . , noN }
that minimizes the expected travel while searching for the
target:

min
o∈{1,2,...,N}N

N∑
i=2

(
poi ·

i∑
k=2

d(ok−1, ok)

)
, (7)

subject to:
N∑
i=1

pi = 1, pi ≥ 0,

|{o1, o2, . . . , oN}| = N.

(8)

This problem is NP-hard. Inspired by the 2-opt local
search heuristic [35], we propose an approximate solution.
We first convert the estimated beliefi from Sec. III-C.1 into
probabilities pi via softmax with temperature τ :

pi =
exp
(
belief i/τ

)∑N
j=1 exp

(
belief j/τ

) , τ > 0. (9)

We first obtain an initial path via a greedy heuristic
that always visits the nearest unvisited node. For simplicity,
let n1 denote no1 , and denote the initial path as π0 =
{n1, n2, . . . , nN}. Its expected travel cost E(π0) is com-
puted using (7). Next, select a segment {np, np+1, . . . , nq},
reverse it, and replace the original segment to form
πpq = {n1, . . . , np−1, nq, nq−1, . . . , np+1, np, . . . , nN}.
Compute E(πpq); if it is lower than the current expectation,
accept πpq . Iterate over all (p, q) pairs and repeat until
reaching the maximum iterations or no further improvement.

D. Navigation Policy

Based on the aforementioned content, we develop a strat-
egy with four stages: retrieval, revisiting, exploring, and
waypoint navigation.

1) Retrieval Stage: When switching to a new subtask,
we first query the SSMG for the specified target. If same-
category instances are found, we construct prompts as in
Sec. III-C.1. If an instance is verified as the target, we
proceed to waypoint navigation. If the target is absent from
the current SSMG, we assess exploration status on Mocc.
If valid frontiers remain, we enter the exploring stage to
search unexplored regions. If exploration is complete, we
consider potential missed detections (e.g., due to viewpoint)
and transition to revisiting.
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TABLE I: Lifelong Multimodal Object Navigation Comparison.

Method Zero-shot
GOAT val seen GOAT val unseen

s-SR (↑) e-SR(↑) SPL(↑) s-SR (↑) e-SR(↑) SPL(↑)

SenseAct-NN Skill Chain [8] × 0.292 – 0.128 0.295 – 0.113
SenseAct-NN Monolithic [8] × 0.168 – 0.094 0.123 – 0.068
SenseAct-NN Monolithic† × 0.159 0.003 0.104 0.126 0.008 0.088

CoW [3] ✓ 0.148 – 0.087 0.161 – 0.104
Modular GOAT [8] ✓ 0.263 – 0.175 0.249 – 0.172
PIVOT [18] ✓ – – – 0.102 – 0.055
VLMNav [19] ✓ – – – 0.201 – 0.096
DyNaVLM [20] ✓ – – – 0.255 – 0.102
VLFM† [4] ✓ 0.308 0.025 0.129 0.406 0.028 0.159
SSMG-Nav(Ours) ✓ 0.412 0.056 0.318 0.465 0.086 0.341

2) Revisiting Stage: In this stage, we follow Sec. III-C
to compute the access sequence π and visit nodes sequen-
tially. At each junction, the agent performs a 360◦ spin to
acquire panoramic observations. If the target is matched, we
transition to waypoint navigation; otherwise, we check for
adjacent end nodes, visit them (if any), and repeat the 360◦

scan. If still unmatched, proceed to the next junction in π
and repeat.

3) Exploring Stage: In this stage, we also conduct long-
horizon planning to improve exploration efficiency. Specif-
ically, we extract the boundaries between known and un-
known regions as frontiers. These frontiers are then clustered
to obtain several frontier points {f1, f2, . . . , fn}. We then
solve the path using the method described in Sec. III-C.2.
Considering the incompleteness of SSMG information and
the uncertainty of unknown areas during the exploration
process, we simply use a value map Mvalue as the belief
for each frontier point, similar to the approach in [4]. After
computing the access path, we navigate to the first frontier;
as the environment updates during motion, we replan at each
step and navigate to the new target via waypoint navigation.

4) Waypoint Navigation Stage: In the navigation stage,
we perform A* path planning based on the target points
and generate lookahead points at specific distances. We then
adopt a point navigation scheme, utilizing the model trained
with the Variable Experience Rollout (VER) reinforcement
learning algorithm on the HM3D dataset [36] as a local
planner, as described in [4]. This planner uses depth and
the relative position and orientation of the target points as
inputs, producing the corresponding actions.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

1) Benchmarks: We evaluate on four high-resolution
Habitat simulator-based benchmarks [37] spanning two tasks.
First, we consider the challenging lifelong multimodal object
navigation task introduced by GOAT-Bench [8]. We use
the GOAT val seen and GOAT val unseen splits; each split
contains 36 indoor scenes, each scene includes 10 episodes,
and each episode consists of 5–10 subtasks. Each subtask

TABLE II: Object Navigation Comparison.

Method Zero-
shot

HM3D MP3D

SR (↑) SPL(↑) SR (↑) SPL(↑)

PONI [9] × – – 0.318 0.121
Habitat-Web [2] × 0.415 0.160 0.316 0.085
ZSON [16] × 0.255 0.126 0.153 0.048
SGM [15] × 0.602 0.308 0.377 0.147

ESC [10] ✓ 0.392 0.223 0.287 0.142
L3MVN [22] ✓ 0.504 0.231 0.349 0.145
OpenFMNav [11] ✓ 0.549 0.244 0.372 0.157
SG-Nav [12] ✓ 0.540 0.249 0.402 0.160
VLFM [4] ✓ 0.525 0.304 0.364 0.175
VLFM† ✓ 0.523 0.303 0.339 0.165
InstructNav [5] ✓ 0.510 0.187 0.420 0.161
UniGoal [6] ✓ 0.545 0.251 0.410 0.164
WMNav [21] ✓ 0.581 0.312 0.454 0.172
Ours ✓ 0.595 0.337 0.443 0.191

specifies a target object via one of three modalities: object
class, a reference image, or a natural-language description.

To further assess our method’s generality, we also evaluate
on the classic object navigation task using two standard
datasets, HM3D [36] and MP3D [38]. The first split com-
prises 2,000 episodes across 20 scenes with 6 goal categories,
and the second split contains 2,195 episodes across 11 scenes
with 21 goal categories. This task can be regarded as a special
case of the lifelong multimodal setting—restricted to the
single modality of object class—with exactly one subtask
per episode.

2) Metrics: In object navigation tasks, the Success Rate
(SR) and Success Rate Weighted by Inverse Path Length
(SPL) are commonly used as evaluation metrics.

Given the particularities of lifelong multimodal object nav-
igation, we refine the overall SR into two granular metrics:
subtask Success Rate (s-SR) and episode Success Rate (e-SR).
Concretely, s-SR is computed by first measuring the success
of each subtask within an episode and then averaging these
subtask-level success rates across all episodes. We deem an
episode successful only if all of its subtasks are completed
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successfully; correspondingly, e-SR reports the proportion of
episodes that satisfy this criterion, i.e., the fraction of fully
completed episodes.

3) Baselines: For lifelong multimodal object navigation,
We compare SSMG-Nav against two RL methods, SenseAct-
NN Skill Chain and Monolithic [8], and six zero-shot meth-
ods. Among them, CoW [3], PIVOT [18], and VLMNav [19]
are memory-free (stateless) methods. Modular GOAT [8]
constructs an explicit semantic map, while DyNaVLM [20]
incorporates a graph-based memory architecture. To establish
a strong value-map baseline, we also adapt VLFM [4] to
the benchmark, carefully reconfiguring hyperparameters to
ensure a fair comparison.

We evaluate four learning-based methods and eight zero-
shot methods for the object-goal navigation task. Among
them, ESC [10], L3MVN [22], and OpenFMNav [11] are se-
mantic map–based; VLFM [4], InstructNav [5], and WMNav
[21] are value map–based; and SG-Nav [12] and UniGoal [6]
are scene graph–based.

4) Configuration Details: The agent in Habitat is modeled
as a cylinder with a radius of 0.17 m and a height of 1.44
m, following [8]. An RGB camera is mounted at a height
of 1.31 m, with a resolution of 640 × 480 and a horizontal
field of view of 79◦. A depth camera with the same intrinsics
and extrinsics is also mounted, with a valid range of 0.5–5.0
m. The action space is {forward, turn left, turn right, stop};
each forward action moves 0.25 m, and each rotation is 30◦.
A task succeeds when the agent issues stop and is within 0.5
m of any candidate target viewpoint. Each task is capped at
500 time steps.

B. Benchmark Results

1) Performance on lifelong multimodal object navigation
task: The quantitative results are shown in Table I, where
boldface and underlining indicate the best and second-best
results, respectively. The methods marked with † (SenseAct-
NN Monolithic and VLFM) represent our reimplementations,
which include supplementary e-SR metrics to enhance an-
alytical comprehensiveness. Observing the results, VLFM
achieves a strong SR, evidencing its exploration capability;
however, its SPL remains low due to the lack of persis-
tent memory. In contrast, Modular GOAT benefits from its
memory module and attains a substantially higher SPL than
VLFM, albeit with a lower SR. Our method attains the
best performance across all metrics and clearly surpasses
the baselines, with particularly large gains in SPL. These
results indicate that SSMG enables effective abstraction and
retention of historical observations, allowing the agent to ex-
ploit past information during lifelong execution and leverage
LLMs’ general knowledge and reasoning for long-horizon
decision-making, thereby achieving both high success and
high efficiency. On the other hand, the overall e-SR remains
relatively low for all methods, underscoring that lifelong
multimodal object navigation is still highly challenging and
merits further investigation.

We further performed a statistical analysis of the per-
formance of multimodal tasks, as shown in Fig. 2. Re-

Fig. 2: Performance over different modalities.

Fig. 3: Performance over time.

sults demonstrate the superiority of our approach across
all modalities. Notably, tasks utilizing the object modality
generally underperform compared to those with image and
description modalities, likely because instance-level object
navigation requires a deeper understanding and analysis of
target objects.

To investigate the characteristics of different approaches
on lifelong tasks, we compute performance statistics as a
function of subtask index; the results are shown in Fig. 3.
We first observe that our method consistently outperforms
the baselines across almost all subtask orders, reinforcing
the conclusions drawn from the previous figures and tables.
Moreover, both our method and the Monolithic baseline
exhibit performance gains over subtasks (i.e., over time),
relative to their initial states, with especially notable im-
provements in SPL on the GOAT val unseen split for our
method. As discussed in Sec. IV-A.3, the RL-based Mono-
lithic approach implicitly encodes map information, whereas
our approach explicitly abstracts historical observations into
SSMG to assist decision making; thus, performance im-
provement over time is an expected and consistent finding.
In contrast, VLFM outperforms Monolithic overall with
general knowledge of VLMs, but it does not exhibit clear
improvement over time, further underscoring the importance
of memory in lifelong tasks, whether implemented explicitly
or implicitly.

2) Performance on object navigation task: The quanti-
tative results in Table II show that our method consistently
outperforms in SPL while attaining comparable SR to strong
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Fig. 4: Real-world demonstration of SSMG-Nav in an office environment with three subtasks.

TABLE III: Ablation Study.

Method s-SR e-SR SPL
Map Planner

Semantic Map Greedy 0.389 0.056 0.278
Value Map Greedy 0.442 0.083 0.258
SSMG Greedy 0.453 0.056 0.328
SSMG LHP w/o revisiting 0.479 0.083 0.361
SSMG LHP 0.502 0.083 0.376

baselines, unlike on GOAT-Bench. We posit that the non-
lifelong nature of this benchmark reduces the marginal
benefit of persistent memory. We further attribute our SPL
advantage primarily to the proposed long-horizon planner.
Notably, the best-performing zero-shot method, WMNav,
ingests a panoramic observation composed of six cameras
at each step, whereas our approach relies solely on a single
camera.

C. Ablation Study

In the ablation study, we evaluate how map representations
and planner strategies affect performance. Results on a
downsampled subset of GOAT val unseen are reported in
Table III. ‘Semantic Map’ records only object semantics.
“Value Map” relies solely on the value map derived from the
current target (i.e., no reusable long-term memory). ‘Greedy’
selects the area with highest value or nearest distance.
Despite lower s-SR and e-SR than “Value Map,” the simplest
“Semantic Map” method attains a higher SPL by leveraging
memory, highlighting the importance of persistent memory
for lifelong tasks. For our method, combining ‘SSMG’ with
‘Greedy’ yields substantial gains over other map formats,
demonstrating the advantage of SSMG as a memory repre-
sentation. Moreover, performance improves with ’LHP w/o
revisiting’ and improves further with full ’LHP’, indicating
a progressive benefit and validating our module design. The
full version of our method achieves the best overall results.

D. Real-world deployment

Our method is deployed on a wheeled robotic platform. A
ZED stereo camera provides RGB and depth data, and a 2D
LiDAR supplies localization via Cartographer. We adopt [39]
as the local planner to navigate to waypoints. The experiment
is conducted in an office environment with three subtasks:
(i) an image-modality target specified as a “white desk,” (ii)
an object-modality target specified as an aircraft model, and
(iii) a text-modality target described as “a blue chair next to a
white desk.” An overview of the process is shown in Fig. 4.
This indicates that our method is able to perform lifelong
multimodal object navigation on physical platforms.

V. CONCLUSION

In this paper, we introduced SSMG-Nav, a novel lifelong
multimodal object navigation framework based on Semantic
Skeleton Memory Graph (SSMG) that consolidates historical
observations into a spatially grounded, reusable memory. By
anchoring semantics to topological keypoints and cluster-
ing nearby entities into subgraphs, SSMG yields compact,
decision-ready candidate destinations. Building on this rep-
resentation, we synthesize multimodal prompts to elicit target
beliefs from a VLM and plan with a long-horizon planner
(LHP) that balances belief and traversability to minimize
expected path length. Experiments demonstrate that our
method surpasses strong baselines on lifelong multimodal
object navigation and standard object navigation, achieving
substantial improvements in the challenging lifelong setting.
We further confirm real-world feasibility.

However, several limitations remain. First, the approach
relies on large models, which introduces latency and con-
strains runtime speed in real-world deployments; as a result,
the robot operates at relatively low velocities. Second, the
current method does not handle multi-floor scenarios. A
promising direction is to extend SSMG with a voxel-based
representation to build a hierarchical SSMG.
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