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Abstract. Embodied visual navigation requires agents with real-time
perception, logical reasoning and efficient decision-making capabilities.
Existing collaborative modular frameworks struggle to balance accurate
decision-making and efficient online execution, leading to error propaga-
tion and inference blocking. To tackle this limitation, we propose AM-
CoNav, an Asynchronous Multi-module Collaborative Framework that
unites real-time lightweight backbone networks with on-demand zero-
shot large model modules (ZLMM) for robust and real-time embodied
navigation. The framework has four tightly coupled components: (1) a
Real-Time Multimodal Decision Module (RMDM) for continuous deci-
sion making; (2) Zero-shot Large Model Modules (ZLMM) for on-demand
asynchronous reasoning; (3) a latency-tolerant Multimodal Shared Con-
text (MSC) for cross-module coordination; and (4) a Bayesian Proba-
bilistic Decision Fusion Module (BPDFM) for robust score fusion and
mode switching. Experiments on three representative embodied navi-
gation benchmarks (HM3D-OVON, SG3D, and GOAT-Bench) demon-
strate that AMCoNav consistently improves success rates while main-
taining real-time execution. The most significant gain appears on HM3D-
OVON, where AMCoNav achieves an average 8.7% gain over prior state-
of-the-art results, with 60.0%/60.0%/53.3% success rate (SR) on Val
Seen/Val Seen Synonyms/Val Unseen. Ablation results show that asyn-
chronous guidance from MSC and ZLMM and the BPDFM both con-
tribute to performance improvement, and their combination yields the
best overall results. These results show that asynchronous multi-module
collaboration can improve navigation capability without sacrificing real-
time responsiveness.
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Fig. 1: AMCoNav is an embodied navigation model with multi-module asynchronous
collaboration. Its core module processes multimodal inputs and makes real-time deci-
sions. Asynchronously cooperating with a vision-language large model (VLLM) for
global navigation guidance, the model finally fuses decision outputs from the real-time
model and VLLM to execute navigation tasks. The whole process involves three modes:
blue trajectories indicate the exploration mode, orange trajectories stand for the veri-
fication mode, and green trajectories represent the navigation mode.

1 Introduction

Embodied intelligent navigation requires models to integrate visual perception,
semantic understanding, and real-time decision making [15, 41, 42]. However,
end-to-end navigation methods struggle to balance these capabilities and of-
ten suffer from severe generalization bottlenecks when facing complex language
instructions and dynamic unstructured environments [5, 6, 18, 26, 27, 35]. As a
result, multi-module collaborative architectures have become the mainstream
paradigm in embodied intelligent navigation [7, 12, 42]. In recent years, Multi-
modal Large Language Models (MLLMs) have further strengthened cross-modal
generalization and semantic reasoning, enabling systems to integrate MLLMs
into the perception, reasoning, and decision pipeline [9, 14,16,17,30,31].

Despite recent progress, existing multi-module systems still have clear limita-
tions. Mainstream pipeline architectures decompose navigation into specialized
submodules [28, 32, 42], but one-way information flow can amplify local biases
and eventually trigger global failures. Redundant decision architectures improve
robustness by running multiple models in parallel for fault tolerance [23,37], yet
their latency is often constrained by the slowest large-model branch, and they
can suffer from inference congestion after integrating large models. Global-guided
architectures reduce latency instead of online cost by using one large-model de-
cision to produce a global plan that guides local control [21,40], but these plans
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are usually fixed and cannot be revised effectively with new observations. As a
result, balancing navigation quality and real-time execution remains difficult.

To address this trade-off, we propose Asynchronous Multi-module Collabo-
rative Framework (AMCoNav), a framework that unites real-time lightweight
backbones with on-demand zero-shot large-model modules for efficient naviga-
tion. As shown in Fig. 1, the core idea of AMCoNav is to let a real-time module
make rapid decisions while large-model modules perform parallel reasoning; all
modules communicate through an asynchronously updated context to ensure
real-time performance, and their outputs are fused for navigation in different
modes. The framework has four tightly coupled core components: (i) a Real-time
Multimodal Decision Module (RMDM) for object/frontier scoring; (ii) Zero-shot
Large Model Modules (ZLMM) that are triggered on demand to perform room
reasoning, target verification, and semantic perception in asynchronous threads;
(iii) a Multimodal Shared Context (MSC) for maintaining synchronized object,
spatial snapshot, and reasoning cues across modules; and (iv) a Bayesian Proba-
bilistic Decision Fusion Module (BPDFM) for unified probability estimation and
switching among exploration, verification, and navigation modes under budget
constraints.

Our main contributions are fourfold: (1) We propose an asynchronous col-
laboration framework that integrates MLLM reasoning to enhance navigation
capability while ensuring real-time performance. (2) We develop a real-time
multimodal exploration model that leverages the global guidance information
output by the MLLM to improve decision quality under latency constraints.
(3) We design a Bayesian probabilistic fusion method (with a probability-based
algorithm) to fuse real-time and MLLM outputs for robust decision-making
and mode switching. (4) Extensive experiments on HM3D-OVON, SG3D, and
GOAT-Bench show that AMCoNav improves performance across benchmarks
while maintaining real-time operation; the largest gain is on HM3D-OVON, with
an average 8.7% improvement over prior SOTA (60.0%/60.0%/53.3% SR on Val
Seen/Val Seen Synonyms/Val Unseen).

2 Related Work

Pipeline Modular Architecture Pipeline modular architectures decompose
navigation into one or more dedicated submodules for perception, reasoning,
and decision making. Some works use CLIP [17], YOLOworld [4], or Grounded-
SAM [20] for scene perception and representation, then train a separate decision
model for navigation [1, 24, 42]. These systems can be limited by the reasoning
capacity of models and may struggle in complex task descriptions and general-
ization scenarios. To enhance reasoning performance, many studies use percep-
tual models to extract scene information and construct textual descriptions of
the scene for zero-shot large language models to perform reasoning and decision-
making [2,7,13,19,28,34,43]. With the development of MLLMs, some methods di-
rectly leverage MLLMs for perception and decision-making [8,9,12,16,22,30,32].
Large models introduce substantial latency, and some approaches trade zero-shot
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generalization for real-time performance by fine-tuning smaller models [25]. A
broader limitation of pipeline modularity is cascading error propagation: mis-
takes in early perception or representation stages corrupt downstream inputs
and can undermine subsequent decision making. Our method ensures real-time
performance and multi-fold verification of decision-making via a multi-module
asynchronous collaboration mechanism that incorporates dual verification.

Redundant Decision Architectures Redundant decision architectures im-
prove robustness via multi decision model parallelism, combining outputs through
fusion rules or evaluators to reduce single-model bias [23,37]. FlexVLN [37] em-
ploys three specialized navigation models to generate action proposals in paral-
lel, then uses an LLM to fuse their outputs into a final decision. CLASH [23]
integrates a reactive small-model planner with a reflective large-model reasoner,
and uses an uncertainty-aware collaboration mechanism to adaptively fuse their
decisions. However, these methods still depend on large models for planning or
output fusion, forcing the pipeline to wait for large-model responses and limiting
real-time navigation. Our asynchronous collaborative design keeps large-model
perception, reasoning, and decision capabilities while avoiding navigation-wide
latency losses caused by blocking waits.

Global-Guided Decision Architecture Global-guided decision architectures
balance performance and efficiency by separating global planning from local ex-
ecution [21, 40]. LM-Nav uses an LLM to generate global landmark guidance,
while a VNM handles local execution [21]. BeliefMapNav builds a global 3D
belief map from large-model semantic priors and refines actions with local plan-
ning [40]. Large models typically produce coarse global guidance from initial
observations, while lightweight local modules adapt actions online under those
constraints. This design leverages large-model reasoning with real-time execu-
tion, but global guidance is often fixed and lacks mechanisms for revision. When
the environment deviates from initial perception, static global plans can mislead
local control and reduce robustness. Our method updates global guidance at key
steps using new observations to mitigate this issue.

3 Method

As shown in Fig. 2, AMCoNav has four components: the Real-Time Multimodal
Decision Module (RMDM), the Zero-shot Large Model Modules (ZLMM), the
Multimodal Shared Context (MSC), and the Bayesian Probabilistic Decision
Fusion Module (BPDFM). RMDM runs in the main control loop and produces
real-time decisions. ZLMM runs asynchronously and provides complementary
semantic and reasoning signals. MSC stores text, images, and high-level rep-
resentations for cross-module coordination. BPDFM fuses RMDM and ZLMM
scores to balance movement cost and exploration efficiency. The superscripts G,
L, O, F , and K used in this paper denote Global, Local, Object, Frontier, and
Key-object, respectively.
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Fig. 2: The Overall Framework of AMCoNav. SemSC, and SpatSC are sub-
modules of the MSC, which stores multimodal contextual information. RORM, RNRM,
TDM, and RTPM are sub-modules of the ZLMM; they invoke large models in dedicated
sub-threads using the MSC, raw observations, and task descriptions. The RMDM out-
puts real-time navigation decisions, and the BPDFM fuses RMDM and TDM outputs
to select navigation coordinates and generate action sequences.

3.1 Multimodal Shared Context (MSC)

MSC is the shared state used by all modules. It stores immediate observations
and delayed large-model outputs in a latency-tolerant form, so asynchronous
signals can still be consumed by the real-time controller. MSC has three parts:
Semantic Scene Context (SemSC), Spatial Snapshot Context (SpatSC), and Rea-
soning Semantic Context (ReaSC).

Semantic Scene Context (SemSC). The SemSC comprises global object
instances XG

t and frontier instances FG
t . We use the same Online Query Repre-

sentation model as MTU3D [42] for 3D scene representation. For the t-th frame,
the RGB and depth inputs are processed to obtain the local object representation
set XL

t . The i-th object representation xL
t,i ∈ XL

t is [ft,i, ct,i, bt,i,mt,i, vt,i], where
ft,i ∈ RC are representation features, ct,i ∈ R is the confidence score, bt,i ∈ R6

is the 3D bounding box in global coordinates, mt,i ∈ RM is the instance mask,
and vt,i ∈ RC is the open-vocabulary embedding.

Local object representations XL
t are merged into the global object instance

set XG
t−1 via the Intersection over Union (IoU)-based Hungarian matching strat-

egy following MTU3D [42]. The merged global representation is denoted by
xn ∈ XG

t , where n indexes objects in the scene. In addition, the latest decision
score sOn from RMDM for each object is retained to select the key snapshot set.

Frontier instances FG
t include qt,m ∈ R3 and rt,m, which denote the 3D

coordinate of the m-th frontier instance and its room type at time t. Frontier
points lie on the boundary between explored and unexplored regions and are
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(a) Confidence Field (b) Room Type Field (c) Key Snapshot Subset Selection

Fig. 3: Schematic Diagram of Multimodal Shared Context. (a) Confidence field
of a single observation; (b) global room-type field; (c) key snapshot subset selection.

updated before each decision step. We project 3D frontier points qt,m onto the 2D
plane of the room-type field to obtain corresponding 2D projections pt,m ∈ R2.

Since room-type information is acquired from the ZLMM with an inevitable
time delay, we maintain two dedicated fields: a room-type field Φrt and a confi-
dence field Ψrt for dynamic state estimation, as depicted in Fig. 3a and Fig. 3b.
When the ZLMM predicts a room type r with confidence γrt, we first compute
a local confidence field Ψ local

rt and then merge it with the global field as

Ψ local
rt (p) =


0, d(p, pref) > R

γrt · exp
(

(d(p,pref)−R)2

2σ2

)
, d(p, pref) < R, p ∈ M

min(γrt, 0.3) · exp
(

(d(p,pref)−R)2

2σ2

)
, d(p, pref) < R, p /∈ M

(1)

Φrt(p) =

{
r, Ψ local

rt (p) > Ψrt(p)

Φrt(p), Ψ local
rt (p) ≤ Ψrt(p)

(2)

Ψrt(p) = max
(
Ψ local

rt (p), Ψrt(p)
)
, (3)

where p ∈ R2 denotes an arbitrary 2D point on the room-type field, and Ψrt(p) ∈
[0, 1] represents the current confidence value stored at point p. γrt denotes the
confidence score of room type r inferred by MLLMs. pref ∈ R2 is the 2D reference
point, obtained by projecting the 3D position 1.5 m ahead of the current view
direction onto the plane of the room-type field. R denotes the influence radius
(set to 3 m), M is the 2D region covered within 3 m in front of the camera on
the room-type field, and d(·, ·) is the 2D Euclidean distance metric.

The calculation of local confidence Ψ local
rt (p) is scaled via distance-based Gaus-

sian decay, with distinct upper bounds assigned to regions inside and outside the
field of view; this design ensures a rapid confidence drop for areas either out-
side the field of view or at long distances. For each 2D point p, we retain the
room type associated with the higher confidence score: Φrt(p) is updated to r if
Ψ local

rt (p) > Ψrt(p), and Ψrt(p) is updated to the maximum of its current value
and Ψ local

rt (p). This enables RMDM to infer room types rt,m = Φrt(pt,m) from
Φrt even when ZLMM reasoning is delayed.
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Spatial Snapshot Context (SpatSC). The SpatSC stores each observation
snapshot It and its associations to multiple object instances, defined as the
set of pairs At = {(It, {xn | xn ∈ XL

t })}. As shown in Fig. 3c, it manages two
snapshot subsets. The first is an optimal snapshot set covering frontier instances.
For each frontier instance pm, we compute the distance between pm and each
snapshot’s reference point pref,t and select the nearest snapshot index t∗m =
argmint d(pref,t, pm), with the corresponding snapshot denoted as Im = It∗m .
The selected snapshots across all pm form a frontier instance snapshot set IF .
The second subset is a minimal snapshot set that covers key objects. The key-
object set XK is constructed by selecting SemSC objects with cn < 0.4 and
sOn > 0.6. We then apply a greedy selection based on At, iteratively choosing
the snapshot that covers the largest number of uncovered key objects, yielding
a set IK that covers all key objects. These subsets are used as input to the task
decision module and the room-navigation reasoning module.

Reasoning Semantic Context (ReaSC). The ReaSC maintains global guid-
ance, including relevant rooms Rrel = [rrel,0, rrel,1, rrel,2, · · · ] and relevant ob-
jects Orel = [orel,0, orel,1, orel,2, · · · ]. They are produced by the Relevant-Object
Reasoning Module and the Room-Navigation Reasoning Module, and guide the
Real-Time Multimodal Decision Module. Object relevance depends only on task
relevance and is not dynamically updated. At the room level, the model infers
a temporal sequence of room types toward the target based on current percep-
tion and the task goal (e.g., ra→ rb→ rc→· · · ), which guides exploration over
the next horizon. Once the agent reaches the next room in the sequence, that
room is removed. If the actual layout deviates from the inferred sequence, the
large-model module updates the guidance using new observations. The reason-
ing delay is shorter than typical room-level exploration time, so asynchronous
updates remain effective.

3.2 Real-Time Multimodal Decision Module (RMDM)

RMDM is the real-time decision core and runs in the main thread. At each step,
it reads object and frontier representations from SemSC, combines them with
task-level guidance from ReaSC, and outputs navigation scores.

Network Architecture. Figure 2 shows the RMDM architecture. The back-
bone is a four-layer transformer-style decoder. We construct object queries QO

t

from XG
t and frontier queries QF

t from FG
t , then condition both on guidance

Rrel,Orel and task goal G (text or image). The decoder outputs decision scores
as St = f(QO

t , Q
F
t ,Rrel,Orel,G). Here, QO

t contains ft,i and ot,i for every object
instance i, while QF

t contains the room type rt,i of every frontier instance m;
spatial positional encodings are derived from bt and qt, respectively. The room
type rt in QF

t , Rrel, Orel, and G are encoded by the CLIP text/image encoder
and projected into a shared feature space.



8 J. Yan et al.

In cross-attention, frontier queries attend to room guidance, and object queries
attend to object guidance. Both branches then attend to task goal G. A final spa-
tial self-attention layer models inter-instance geometry and outputs St = [sOn , s

F
m]

for object and frontier decisions.

Training. During training, we optimize a multi-task objective to jointly learn
scene understanding, reasoning, and navigation decisions. The loss is defined as:

Ltotal =
∑
h∈H

λhLh, (4)

where H = {decision, class, rel_object, rel_room, room_type}, λh denotes the
task weight, and Lh is the loss for task h. We use CE for single-label classifica-
tion heads (object class and room type), and BCE for binary/multi-label heads
(decision, relevant-object, and relevant-room).

The ground-truth labels are defined as follows. For class and room-type pre-
diction, each query has one categorical label (yclass ∈ {1, . . . ,K} and yroom ∈
{1, . . . , R}). For relevant-object and relevant-room prediction, each query is su-
pervised by a multi-hot binary vector (yro ∈ {0, 1}M and yrr ∈ {0, 1}P ). For
decision prediction, we use a single positive target index ti: if the target object
is already in the known object set, ti is that object instance; otherwise, ti is the
frontier instance closest to the target. Detailed CE/BCE formulas are provided
in the supplementary material.

3.3 Zero-Shot Large Model Modules (ZLMM)

The ZLMM leverages MLLMs to deliver robust perception, reasoning, and decision-
making capabilities. With the exception of the Relevant-Object Reasoning Mod-
ule (RORM), all large model invocations are executed in independent sub-
threads to avoid blocking the main thread. Inference latency is mitigated by
the MSC, and excessive token overhead is mitigated by demand-driven invoca-
tion.

Relevant-Object Reasoning Module (RORM). This module is invoked
only at the start of each task. Given the task description, it infers objects likely
to be relevant near the target and their relevance score. We keep the top five
objects with the highest relevance, store them in the ReaSC as relevant-object
guidance Orel, and later use them as inputs to the RMDM.

Room-Navigation Reasoning Module (RNRM) We obtain frontier in-
stance snapshots from the SpatSC, IF . For each snapshot, we generate a textual
description of the objects outside the field of view within its 2-meter range to
supplement additional information (e.g., “a bed 0.5 m to the left”). Based on IF

and these descriptions, the module performs room-level navigation reasoning to
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predict rooms likely to be traversed en route to the target. We store the pre-
dicted rooms in the ReaSC as relevant-room guidance Rrel and later use them
as inputs to the RMDM. To reduce computational overhead, this module is only
invoked when a new room type is detected by Room-Type Perception Module.

Room-Type Perception Module (RTPM). Given the latest observation
image, this module infers the room type ahead and outputs a confidence score,
then updates room-type field Φrt in the SemSC. To reduce inference cost, it is
invoked only when the average confidence within the visible region M falls below
0.4.

Task Decision Module (TDM). This module retrieves IK and IF from the
SpatSC and also obtains scene descriptions from the scene context. It scores each
snapshot with respect to the task goal. The scores ŝFm from IF are assigned to
the corresponding frontier instances. For IK , when TDM is prompted to verify a
suspected target, it returns both a decision score ŝOn and a 2D box b̂; we assign ŝOn
to object instances that overlap with b̂. Once the RMDM makes a decision, we
rebuild the key-object set and invoke the TDM for inference. Processed snapshots
are marked to avoid repeated queries. We construct Ŝt from ŝOn and ŝFm so that
it matches St in length and one-to-one correspondence. Due to inference latency
and incomplete coverage of IK , some instances receive no scores; we set these
to −1 and handle them separately during BPDFM.

3.4 Bayesian Probabilistic Decision Fusion Module (BPDFM)

BPDFM fuses RMDM and TDM scores into unified success probabilities and se-
lects one of three modes: exploration, verification, or navigation. If both models
assign low scores to all candidates, BPDFM enters exploration mode and chooses
the next waypoint by minimum expected cost. If both models assign high con-
fidence to at least one candidate, it enters navigation mode and commits to the
candidate with highest fused probability. If the two models disagree, BPDFM
enters verification mode and samples nearby viewpoints for additional evidence.
Verification is enabled only when the step count exceeds 300 or frontier options
are exhausted.

Probability Fusion. We build a calibration dataset to map raw decision scores
from RMDM (St) and TDM (Ŝt) to success probabilities. Nonlinear fitting yields
calibrated probabilities Pt and P̂t. For entries with missing TDM scores (encoded
as −1), we set P̂t = 0.5, which keeps the fused estimate close to the RMDM prior.
Fitting details are provided in the Appendix. To fuse these success probabilities
via Bayesian inference, we denote p1 ∈ Pt and p2 ∈ P̂t. The fused probability is
then computed as:

pf
t =

p1p2
p1p2 + (1− p1)(1− p2)

. (5)
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Fig. 4: Schematic Diagram of the Exploration Mode. The model fuses decision
scores into probabilities, constructs a graph, computes expected exploration cost, and
selects the optimal frontier as the next exploration target.

Exploration Mode. In exploration mode (Fig. 4), the objective is to minimize
expected travel cost under a remaining-step budget. We build an undirected
weighted graph G = (V,E,W ) with frontier nodes Vc, start node ns, and current
best target node nt (highest pf

t). Edge weights W encode movement cost.
An admissible trajectory is an ordered sequence T = [u1, . . . , uk] with ui ∈

Vc, all distinct, 1 ≤ k ≤ n, and total cost below a remaining-step budget D:

Cost(T ) = W (ns, u1) +

k−1∑
i=1

W (ui, ui+1) +W (uk, nt). (6)

We set D = max(0, tmax − tcur), where tmax is the maximum allowed steps
and tcur is the number of steps already used. This constraint ensures the agent
can return to nt before the budget is exhausted.

Using a Bellman-style expected-cost criterion, we denote the cumulative
movement cost up to node um as Cm = W (ns, u1) +

∑m−1
i=1 W (ui, ui+1). The

expected exploration cost is then given by:

E[Cost(T )] =

k∑
m=1

[(
m−1∏
i=1

qfi

)
pfmCm

]
+

(
k∏

i=1

qfi

)
(Cost(T ) + Cf ) , (7)

where pfm is the success probability at node um, qfm = 1− pfm, and Cf ≫ W (e)
for all e ∈ E denotes the penalty incurred if all nodes fail.

Exhaustive search is factorial in the number of frontier nodes, so we solve
this problem with state-compressed dynamic programming (SCDP), which gives
polynomial-time complexity. The controller follows the first node of the minimum-
expected-cost admissible path T ∗; if no admissible path exists, it falls back to
nt.

Verification Mode. In verification mode, we sample candidate viewpoints
around the target, keep those with sufficient visible free space to the target,
and greedily select three geometrically separated views for diversity. The agent
visits these verification viewpoints in ascending distance to the target.
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Navigation mode. The controller enters navigation mode in two cases: (1) an
object passes dual confirmation from RMDM and TDM, or (2) the remaining
step budget is insufficient for another exploration cycle. In the second case, the
agent directly commits to the object with highest fused probability.

4 Experiments

4.1 Experimental setting

Training Data Collection. We use the same base training datasets as MTU3D,
such as HM3D-OVON [33], ScanRefer [3] and Multi3DRefer [38]. Ground-truth
collection follows MTU3D [42] with one key change. Frontier selection uses the
optimal policy instead of random sampling. This change matches BPDFM, which
explicitly considers movement cost when selecting frontiers and therefore penal-
izes distant high-score candidates. Room-type labels are obtained with MLLMs.
We first use HM3DSEM region segmentation [29] to collect unobstructed multi-
view images per region, then infer room types from these views. Each candidate
observation point inherits the label of its mapped region. We also use an LLM
to infer task-relevant target objects, and derive relevant rooms from the room
sequence along the optimal ground-truth trajectory.

Implementation Details. Training has two stages: 10 epochs on the full
dataset, followed by 10 epochs of task-specific fine-tuning. We use AdamW
(learning rate 1e−4, β1 = 0.9, β2 = 0.98), set all loss weights to 1, and train for
about 384 GPU hours on an NVIDIA A100. For simulation, we use the Stretch
robot embodiment (height 1.41 m, base radius 17 cm). Inputs are 360×640 RGB
images It, depth maps Dt, and poses Pt. The action set includes MOVE FOR-
WARD (0.25 m), TURN LEFT (30◦), and TURN RIGHT (30◦). The multimodal
exploration model is triggered when the agent reaches a target position, and 18
frames are sampled between consecutive targets. To emulate asynchronous exe-
cution, each agent step is set to 0.5 s, corresponding to 0.5 m/s translation speed
and 60◦/s rotation speed, which are within the range of typical indoor robots.
The large-model module uses GPT-5.

Dataset and Benchmarks We evaluate on GOAT-Bench [10], HM3D-OVON
[33], and SG3D [39]. Primary metrics are Success Rate (SR) and SPL: SR =
Nsuccess
Ntotal

and SPL = 1
Ntotal

∑Ntotal
i=1 Si · li

max(pi,li)
, where Si indicates success, li

is shortest-path length, and pi is executed path length. For SG3D, we also
report task SR (t-SR). We compare against representative end-to-end meth-
ods [18, 33, 36] and modular methods [8–10, 32, 42]; methods without published
results on these benchmarks are omitted. MTU3D and MSGNav are our main
modular references: MTU3D is real-time with learned representation and deci-
sion modules, whereas MSGNav uses YOLO-World [4], SAM [11], and CLIP [17]
for perception plus an MLLM for decision inference.
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Table 1: Open-vocab navigation results on HM3D-OVON [33].

Method Val Seen Val Seen Synonyms Val Unseen

SR (↑) SPL (↑) SR (↑) SPL (↑) SR (↑) SPL (↑)

DAgger [33] 18.1 9.4 15.0 7.4 10.2 4.7
RL [27] 39.2 18.7 27.8 11.7 18.6 7.5
BCRL [18] 20.2 8.2 15.2 5.3 8.0 2.8
DAgRL [33] 41.3 21.2 29.4 14.4 18.3 7.9
VLFM [32] 35.2 18.6 32.4 17.3 35.2 19.6
Uni-NaVid [36] 41.3 21.1 43.9 21.8 39.5 19.8
TANGO [43] – – – – 35.5 19.5
DAgRL+OD [33] 38.5 21.1 39.0 21.4 37.1 19.9
MTU3D [42] 55.0 23.6 45.0 14.7 40.8 12.1
MSGNav [8] – – – – 48.3 27.0

AMCoNav(Ours) 60.0 15.6 60.0 20.9 53.3 14.8

Table 2: Task-oriented sequential navigation results on SG3D-Nav [39].

Method s-SR(↑) t-SR(↑) SPL(↑)

Embodied Video Agent [39] 14.7 3.8 10.2
SenseAct-NN Monolithic [39] 12.1 7.7 10.1
MTU3D [42] 23.8 8.0 16.5

AMCoNav (Ours) 24.5 8.3 11.3

4.2 Quantitative Results

Open Vocabulary Navigation. Table 1 shows that AMCoNav obtains the
highest SR on all three OVON splits: 60.0% (Val Seen), 60.0% (Val Seen Syn-
onyms), and 53.3% (Val Unseen). Relative to MTU3D, the gains are +5.0,
+15.0, and +12.5 points. This improvement is consistent with BPDFM’s dual-
verification design, which suppresses false positives and missed detections. The
trade-off is lower SPL, because verification introduces extra steps and BPDFM
imposes stricter conditions for target confirmation; This trade-off is consistently
observed across other tasks.

Task-oriented Sequential Navigation. In SG3D (Tab. 2), AMCoNav im-
proves both sequence-level and task-level success (24.5% s-SR and 8.3% t-SR).
The absolute gain over MTU3D is modest, suggesting that this benchmark is
more sensitive to high-level reasoning quality. When real-time predictions are un-
certain, BPDFM enters navigation mode less often, which limits the final success
rate.

Multi-modal Lifelong Navigation. On GOAT-Bench (Tab. 3), AMCoNav
reaches 55.2% SR on Val Seen and 48.8% on Val Seen Synonyms, and matches
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Table 3: Multi-modal lifelong navigation results on GOAT-Bench [10].

Method Val Seen Val Seen Synonyms Val Unseen

SR (↑) SPL (↑) SR (↑) SPL (↑) SR (↑) SPL (↑)

Modular GOAT [10] 26.3 17.5 33.8 24.4 24.9 17.2
Modular CLIP on Wheels [10] 14.8 8.7 18.5 11.5 16.1 10.4
SenseAct-NN Skill Chain [10] 29.2 12.8 38.2 15.2 29.5 11.3
SenseAct-NN Monolithic [10] 16.8 9.4 18.5 10.1 12.3 6.8
DyNaVLM [9] – – – – 25.5 10.2
TANGO [43] – – – – 32.1 16.5
MTU3D [42] 52.2 30.5 48.4 30.3 47.2 27.7
MSGNav [8] – – – – 52.0 29.6

AMCoNav (ours) 55.2 25.5 48.8 21.8 47.2 21.5

Table 4: Time overhead of each module: average over 10 episodes on the A6000 GPU

Real-time Model ZLMM

Query Proposal RMDM BPDFM RORM RNRM RTPM TDM

209 ms 106 ms 281 ms 1.51s 14.58s 3.36s 3.99s

MTU3D on Val Unseen (47.2%). Compared with non-real-time MSGNav, the
performance gap is most pronounced on the Val Unseen split. A task breakdown
on Val Unseen shows strong results on Category (68%) and Language (49.2%)
but weaker performance on image-centered tasks (23.6%). This pattern indicates
that the current bottleneck is visual inference quality of the real-time branch;
when visual confidence is low, BPDFM has fewer chances to commit to naviga-
tion mode.

Time Overhead Table 4 reports per-inference runtime for each module. In
the real-time branch, the query proposal takes 209 ms, the RMDM takes 106
ms and the BPDFM takes 281 ms, which satisfies the target control frequency.
In ZLMM, TDM and RTPM run one inference per observation, whereas RNRM
performs joint reasoning over multiple snapshots. With a minimum inter-decision
interval of 30 steps (15 s), most large-model calls finish within one decision cycle.
Since RNRM provides long-term global guidance rather than per-step control,
it poses no real-time concern. The latency-tolerant MSC further reduces the ef-
fect of delayed responses on control. To quantify the latency advantage of our
asynchronous design, we additionally compare the practical runtime overhead
between the synchronous and asynchronous versions of the framework. Specifi-
cally, we evaluate the scenario of synchronous TDM decision-making, where the
agent must wait for the TDM’s decision output before proceeding with each
navigation step, with a simulated time cost of 0.5 s per step. Statistical results
over 100 random episodes show that the synchronous mode yields an average
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Table 5: Ablation experiment results on HM3D-OVON [33].

Method Val Seen Val Seen Synonyms Val Unseen

SR (↑) SPL (↑) SR (↑) SPL (↑) SR (↑) SPL (↑)

MTU3D 55.0 23.6 45.0 14.7 40.8 12.1
AMCoNav w/o BPDFM 56.7 15.8 53.3 17.5 44.2 12.5
AMCoNav 60.0 15.6 60.0 20.9 53.3 14.8

Table 6: Hyperparameter ablation on HM3D-OVON Val Seen (50 episodes). c1: step
threshold for entering verification; c2: probability threshold for entering navigation
mode; c3: RTPM confidence threshold; N : average RTPM invocations per episode.

Setting c1 c2 c3 SR (↑) SPL (↑) N (↓)

Default 300 0.4 0.8 60.0 13.7 132.08

Vary c1 200 0.4 0.8 56.0 10.9 –
400 0.4 0.8 54.0 11.5 –
500 0.4 0.8 52.0 10.2 –

Vary c2 300 0.4 0.6 58.0 15.1 –
300 0.4 0.4 52.0 16.2 –

Vary c3 300 0.6 0.8 60.0 13.1 158.25
300 0.2 0.8 52.0 9.7 124.25

MTU3D – – – 54.0 16.6 –

time overhead of 174.1 s per episode, while the asynchronous mode reduces this
to 142.5 s per episode, representing an 18.15% reduction in runtime. This result
empirically validates that the asynchronous paradigm effectively enhances the
real-time responsiveness of embodied navigation. Overall, the timing results are
consistent with the design goal: large-model modules add reasoning depth, while
the real-time branch keeps control responsive.

4.3 Qualitative results

Ablation Experiment Given that global guidance is co-implemented by MSC
and ZLLM, we streamline ablation analysis by solely evaluating the global guid-
ance mechanism and BPDFM algorithm. Table 5 isolates and quantifies the
performance impact of each core component on the HM3D-OVON benchmark.
Starting from the MTU3D baseline, incorporating global guidance in isolation
yields consistent gains in SR across all dataset splits. Subsequent integration
of BPDFM into this global guidance framework delivers a further performance
boost, achieving state-of-the-art SR across all experimental settings. These re-
sults confirm conclusively that the global guidance mechanism and probabilistic
fusion strategy function as complementary, rather than redundant, components.
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Table 7: Generalization across large models on HM3D-OVON Val Seen (50 episodes).

Large Model SR (↑) SPL (↑)

GPT-5 60.0 13.7
Doubao 2.0-pro 60.0 13.2
Doubao 2.0-mini 58.0 12.3
GPT-4o 56.0 11.0
Qwen-VL-Pro 56.0 10.7

Hyperparameter Analysis. We ablate the three key thresholds on a 50-
episode subset of Val Seen (Tab. 6). The default (c1=300, c2=0.4, c3=0.8) yields
the highest SR. A smaller c1 triggers verification too early, hurting exploration,
while a larger c1 starves the agent of observations and causes missed targets.
Lowering c3 relaxes the condition for entering navigation mode, trading a small
SR drop for higher SPL - this serves as an SPL-oriented variant. Increasing c2
over-triggers RTPM without SR gains, wasting inference budget.

Generalization Across Large Models. Tab. 7 validates that AMCoNav is ag-
nostic to the underlying LLM. Stronger models (GPT-5, Doubao 2.0-pro) achieve
the best SR, while all five variants remain competitive (SR ≥ 56%, SPL ≥ 10.7),
confirming good scalability across model capacities.

5 Conclusion

In this paper, we presented AMCoNav, an asynchronous collaborative frame-
work for embodied navigation. AMCoNav combines a lightweight real-time pol-
icy with on-demand large-model modules, coordinated through a shared multi-
modal context and a Bayesian fusion mechanism. Across benchmarks, this design
improves navigation success while maintaining real-time execution. A main limi-
tation is that the real-time model can bottleneck performance when observations
are ambiguous or incomplete. Future work will introduce a confidence-based dy-
namic gating mechanism to bypass low-confidence real-time predictions, explore
confidence-adaptive validation, and strengthen the large-model modules with
task-specific score-to-probability mappings and stronger closed-loop reasoning.
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