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Abstract— This paper explores traversability estimation for
robot navigation. A key bottleneck in traversability estimation
lies in efficiently achieving reliable and robust predictions while
accurately encoding both geometric and semantic information
across diverse environments. We introduce Navigation via
Mixture of Experts (NAVMOE), a hierarchical and modular
approach for traversability estimation and local navigation.
NAVMOE combines multiple specialized models for specific
terrain types, each of which can be either a classical model-
based or a learning-based approach that predicts traversability
for specific terrain types. NAVMOE dynamically weights the
contributions of different models based on the input envi-
ronment through a gating network. Overall, our approach
offers three advantages: First, NAVMOE enables traversability
estimation to adaptively leverage specialized approaches for
different terrains, which enhances generalization across diverse
and unseen environments. Second, our approach significantly
improves efficiency with negligible cost of solution quality by
introducing a training-free lazy gating mechanism, which is
designed to minimize the number of activated experts dur-
ing inference. Third, our approach uses a two-stage training
strategy that enables the training for the gating networks
within the hybrid MoE method that contains nondifferentiable
modules. Extensive experiments show that NAVMOE delivers a
better efficiency and performance balance than any individual
expert or full ensemble across domains, improving cross-domain
generalization and reducing average computational cost by
81.2% via lazy gating, with less than a 2% loss in path quality.

I. INTRODUCTION

We address traversability estimation for safe and efficient
robot navigation—a core technique that evaluates how easily
a robot can move through an environment, providing key
heuristics for path planning [1]. Classical approaches typi-
cally rely on rule-based models based on geometric analy-
sis [2], [3], [4]. These approaches extract geometric features
such as slope, height variation, and obstacles from sensor
inputs and estimate traversability using manually designed
heuristics, including terrain roughness thresholds, elevation
gradients, and obstacle proximity rules. Such model-based
approaches are highly interpretable and allow for the straight-
forward incorporation of hard constraints on robot motion
such as collision avoidance through physical and geometric
rules. As a result, they offer provable safety guarantees and
strong generalization across different environments. Addi-
tionally, model-based methods are typically lightweight and
computationally efficient [5]. This makes them well-suited
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Fig. 1: A basic block of the NAVMOE. It fuses the output of
different experts through a learned router.

for resource-constrained mobile platforms. However, model-
based approaches often struggle in complex or ambiguous
environments, where geometric and physical features may
be noisy or incomplete [6], [7]. They also struggle in
understanding high-level features such as semantic informa-
tion, which limits their capacity to anticipate hidden risks
(e.g., recognize and follow traffic signs) or results in over-
conservative behaviors.

With the rapid development of machine learning, learning-
based approaches have become increasingly popular for
traversability estimation [8], [9], [10], [11]. Compared to
model-based approaches, learning-based methods offer sig-
nificant advantages in unstructured environments. They also
excel at interpreting high-level semantic information in the
environment, such as recognizing terrain categories, ob-
stacles, and contextual features that are critical for navi-
gation decisions. Despite these advantages, learning-based
approaches face challenges in providing formal safety guar-
antees. This is because they often lack interpretability, which
makes it difficult to incorporate explicit safety constraints
during deployment. Also, cross-domain generalization for a
single model remains challenging.

Combining experts with different expertise is a effective
approach in ML. Classical ensemble learning methods like
[12] or Mixture of Experts (MoE) [13], [14] often leads to
performance improvements. Recent works aim to address the
above challenges by integrating model-based and learning-
based methods into a unified framework. [15] encodes im-
ages and point clouds into a shared 3D map for geometric
analysis and traversability prediction but depends heavily
on high-quality multi-sensory data for training. [16] serially
connect both paradigms using a human-designed probing
strategy, but lacks cross-domain flexibility and is inefficient
as both methods must always run. [17] utilizes physics-
informed learning to improve generalization through sim-
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Fig. 2: Overview of the hierarchical and modular design. Given sensor input, the domain router first routes it to the most suitable
terrain router. This terrain router then computes a pixel-wise weight map indicating each expert’s confidence and queries the terrain experts
iteratively. Each expert generates its traversability map, and these outputs are fused according to their weights to form the final estimation.
All routers employ the proposed Lazy Gating mechanism. All blocks follow the same modular design illustrated in Fig. 1.

ulation, but the domain gap remains a challenge. However,
these hybrid approaches still face significant challenges for
traversability estimation: 1) It is difficult to determine the
contribution of each method, as their performance can vary
widely across domains. 2) Hybrid networks often require ex-
tensive expensive synchronized multi-sensory data for train-
ing. 3) It is often difficult to jointly update the components
to enable better cooperation among them. This is because
learning-based methods rely on gradient-based optimization,
while model-based methods are usually nondifferentiable, as
they often involve discrete decision rules or search-based
operations that break gradient flow.

Main Results: We propose Navigation via Mixture of
Experts (NAVMOE), a hybrid analytical-learning approach
designed for traversability estimation. NAVMOE unifies both
model-based and learning-based approaches by incorporating
them as modular components within a hierarchical Mixture
of Experts (MoE) architecture. A basic building block is
shown in Fig. 1 and the overall architecture is shown in Fig.
2. The novelties of our work include: 1) A hierarchical MoE
approach that performs expert selection at two levels: A high-
level router coarsely identifies relevant domains, and a low-
level router determines pixel-wise contribution of each expert
to the final traversability prediction. 2) An expert pruning
approach based on the lazy gating mechanism to improve
the efficiency of NAVMOE. The core idea is to only activate
an expert when it can lead to significant changes to the robot
path solution. Instead of calling the best expert, lazy gating
calls fast yet effective experts first and adds others only when
needed, keeping the accuracy while improving efficiency. We
theoretically prove that the path solution obtained using only
a subset of experts differs from the solution using all experts
by at most a bounded margin in terms of solution quality. 3)
A two-stage training approach that improves the performance
of NAVMOE with limited high quality multi-sensory data.
The first stage involves pre-training on large-scale, weakly-
labeled data to learn generalizable representations. It is then
followed by a fine-tuning phase using smaller, accurately-
labeled datasets to refine task-specific performance.

Extensive experiments in real world and diverse datasets
across different domains demonstrate that NAVMOE
achieves 35.3% higher average accuracy in traversability
map estimation compared to any individual expert, both
purely geometric and learning-based methods. Moreover,
NAVMOE reduces computational overhead in average by
86.2% compared to our method without lazy gating, with
path quality drop within 0.02. We will open source our code
to facilitate future research. We believe the proposed hybrid
modeling principle is generic and we expect its application
in other robotics tasks.

II. HIERARCHICAL AND MODULAR
MIXTURE-OF-EXPERTS

An overview of NAVMOE is shown in Fig. 2. Given
a RGB image I € RH*Wx3 and a depth image D €
RZXW 'NAVMOE predicts a traversability map 7~ € R7*W
and then computes a feasible robot trajectory 7 € R3*!,
where [ is the trajectory length. NAVMOE introduces two
levels of specialization: domain experts EP°™1 with m =
{1,2,..., M} at the top level and ferrain experts E]crrain
with n = {1,2,..., N} within each domain m. Notably, N
is the number of terrain experts within each domain; in our
setup, M = 3 and N = 2, as illustrated in Fig. 2. Domain
experts route input images to relevant high-level domains
for targeted optimization, while terrain experts further refine
predictions based on distinct terrain features.

a) Top Level Router: Domain Specialization: At the
top level, NAVMOE performs coarse specialization by par-
titioning the input domain based on scenario types. Within
the scope of this paper, we define three domains: 1) indoor,
including hallways, rooms, and warehouses; 2) structured
outdoor, featuring roads with lanes, sidewalks, and cross-
walks; and 3) unstructured outdoor, encompassing off-road
settings like forests, rocky terrain, and grassy fields.

We formulate domain partitioning as an image classifica-
tion problem. NAVMOE first extracts a dense feature map
H ¢ RIXWXdi gnd a feature vector h € R from the
input images using a pre-trained encoder &:

H,h=£&(I) €))
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where we use DINOv2 [18] as the encoder £. After that,
the top-level router r*°P : R% — RM takes h as input
for domain classification. The output of the top-level router
is a normalized vector w,, € RM*1 which indicates the
predicted possibilities for each type of domain: w,, =
r*°P(h). Then, based on the predicted weights w,,, the
domain experts EP°™2" are queried using the proposed lazy
gating algorithm (detailed in Section III).

b) Lower Level Router: Terrain Specialization: Within
the selected domain, we implement a lower-level expert rout-
ing mechanism. Specifically, a router r'°V°" assigns terrain
experts ETerrain o each pixel based on a pixel-wise terrain
partition of the input image. Unlike the top-level coarse
classification that assigns the whole input to several domain
categories, rloVer : REXWxdi _, RHXWXN performs fine-
grained segmentation by predicting pixel-wise terrain expert
preferences. It takes feature map H as input and predicts a
weight map of expert weights W € RH>XWxN:

W = rlower (H) (2)

Therefore, weight map for each expert can be expressed as
W,, € R¥XW Each terrain expert ETei% s implemented
as either a neural network or a model-based algorithm
(details in Section V). These experts take RGB or depth
images as input and produce pixel-aligned traversability
maps T, € RT*W Formally, an expert can be expressed as
a mapping Elerrain . REXWXC _ REXW "yhere O = 3 if
the input is an RGB image and C' = 1 if the input is a depth
image. The final 7 is computed as a two-level weighted
combination of expert predictions:

M N
T = Z (Wm : Z (WiLower © Tmn)) ) 3

m=1 n=1

where © refers to elementwise multiplication. The resulting
T is then passed to a motion planner to compute an optimal
trajectory 7*. Here we adopt the primitive-based planner
in [5]. Defining the candidate motion primitives set for the
traversability map T as S(7) = {m, 72, ..., 7}, we formulate
the trajectory optimization problem as:

4
fT7P oa. éargmin Jrav 7—7,'77— +)\Jis Tis Pgoa .
(T Peont) Tem;(t( ) A s (7 Pigont) )
“)

Juav (75, T) represents the traversability cost of the path 7;
on T, Jais (i, Peoar) Tepresents the cost of 7; with respect to
reaching the goal pgou. Finally, 7% = f(T, pgoal)-
Specifically, let Jy (7, 7) denote the traversability cost
of a 3D trajectory 7 with respect to a 2D traversability
map 7. Utilizing the depth information, we first project
7={q1,q2,...,q}, where ¢; € R3, onto the 2D plane of T,
yielding 7 = {p1,p2, ..., i}, where each p; = (z;,v;) € R?
corresponds to a waypoint on the map. The traversability
cost is then computed by summing the map values at each

projected waypoint: Jiay(7,7) = >_, 2 (1 — T(pi))/ |7].
Notably, since Jyay(7, T ) is defined as a cost, lower values
indicate better traversability.

For Jiis (T, Deoat), let 7 = {qi,q2,...,q:} denote a
candidate 3D trajectory and pgoa € R? be the goal
position. Let p € R3?® be the current robot posi-
tion. Define the distance-based cost as: Jyis(7, Dgoal) =
1- (”p - pgoalH - IninquT ”CIj - pgoaIH)/ H, where H de-
notes the maximum planning distance, which means that for
all gj in 7, ||g; —p|| < H. H is set as 2m for indoor, 4m
for unstructured outdoor and 8m for unstructured outdoor
environment. The result lies in the range of [0, 1].

III. LAZY GATING MECHANISM FOR EXPERT PRUNING
A. Lazy Gating Mechanism

As the number of experts increases, activating all experts
can cause severe computational overhead. To address this
challenge, we introduce the lazy gating mechanism as de-
tailed in Algorithm 1. The key idea is to selectively activate
a subset of experts that could significantly impact the path
solution. We implement the lazy gating mechanism to both
lower and higher level routers.

Algorithm 1 Lazy Gating

1: function LAZYGATING

2 Compute W € RT*W>N yeing Eq. (2)
3 Construct Qf using Eq. (5)

4: T < None, WP 0

5: for k=1,2,--- ,K do

6: E Dequeue(QEr)

7
8

T <+ E(I,D)
: if k ==1 then
9: T« T, WP« W (n]
10: else S —
11 TF,W > Eq. (6)
12: anor <_ Wprlor _"_W[k]
13: Done <— CheckTerm
14: if Done then
15: break

16: return T
17: end function

18: function CHECKTERM

19: Compute 7 and 7 using Eq. (7a) and Eq. (7b), respectively
20: C < Planner(7), C < Planner(7)

21: if C — C < ¢ then

22: return True
23: else
24: return False

25: end function

For the case of the lower router, we define the cost function
O(ETmin) = (1 — [[Wyll1/ X0, ([Wallh) - ¢(Eferm),
where || - ||; is the pixel-wise sum of the weight map
and ¢(-) indicates the computational cost of an expert,
here measured with FLOPS (Floating Point Operations). We
consider the lower router case here; however, the same logic
can be applied to the top-level router as well. We begin by
constructing an expert queue based on ®(ETrain):

Qp = {E\,...,Ey,...,Ex}
st B(Ey) < B(Ey) < -~ < B(Ey).

Here, IC = K defined in Fig. 1; however, we adopt a different
notation to represent the reordering process used to construct

(&)
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the queue. Intuitively, if experts have similar weights, we
prioritize those with higher computational efficiency; if one
has a dominant weight, we prioritize even if it has lower
efficiency. As shown in Fig. 3 A, the lazy gating algorithm
processes experts sequentially, iterating from the front of the
queue to the rear. During each iteration, the next expert is
dequeued and queried to provide a traversability prediction.
The internal processing of each expert is shown in Fig. 3 B:
At iteration k, the algorithm maintains a prior traversability
map Tr_1, which aggregates the predictions from the previ-
ous k—1 experts. The kth expert predicts a traversability map
7;, while the gating network estimates the current expert’s
confidence as weight Wy,. The current expert’s output Ty, is
then fused into the overall map:

Ti= (T oI W+ Tho W) /S5 Wi, ©)

where the division is performed elementwise. The updated
traversability map 7} is then used as the new prior for the
next iteration. The planner will take 7Ty as input to compute
the path 75, and path cost C(7;) using Eq. (4). Given C(7y)
as prior, the expected cost of the final path C(7x) will be
constrained to lie within an interval after any admissible
update from expert k+ 1 to expert K; we discuss how to get
the bounds of this interval in the following proposition. To
reduce the computation overhead, we prune the rest of the
experts if they do not significantly change the traversability
output by the threshold e, as detailed in lines 18-25 of Alg. 1.

Proposition 1 (Convergence Bound on Path Cost Under In-
cremental Traversability Updates). Let Ty be the traversabil-
ity map after k aggregative updates following Eq. (6), and
let C(Ty) = C(1*) denote the path cost computed using
Tr. Define upper and lower expectation maps based on the
remaining uncertainty in traversability ([0, 1]) from step k+1
to K as:

T = (776 © Z?:l W;+0- EgK:kH W])/Zj{:l W;

:EQZ_];lej/Z_;(:le )
(7a)

Output
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Fig. 4: T is modeled as an undirected graph G = (V, E). A path
is modeled as a sequence of vertices T connected via G.

T = (776 © Z§:1 W;+1: Z;‘{:kﬂ W])/Zf:l Wi,

(7b)
where W ; denotes the weight related to the j-th update
predicted by the routers, and K is the total number of
updates. Intuitively, the lower expectation map assumes that
all remaining (unexecuted) experts label the environment as
untraversable, while the upper expectation map assumes they
label it as fully traversable. Then, the deviation of the current
path cost from the final one is bounded as

|C(Tk) — C(Tk)| < 6k, where 6 :=C (E) e (Tk) , (8)
and the bound ¢y, is non-increasing with k, i.e.,

5k25k+1 VkE{L...,K—l}. 9

The full proof is provided in Section III-B.

The proposition implies that the path cost converges within
a provably shrinking bound as more expert updates are
aggregated. It guarantees that the path cost computed from
a partially updated traversability map, obtained from only
a subset of experts, deviates from the final cost computed
using all experts by a bounded, computable margin.

The proposition establishes that activating all experts is
unnecessary to obtain a satisfactory path solution, which
provides theoretical justification for our lazy gating approach.
Specifically, if the convergence bound ¢ falls below a pre-
defined threshold e, the path cost is considered sufficiently
stable, and the influence of remaining expert predictions is
deemed negligible. This enables early termination of the
update loop. This improves computational efficiency without
significantly compromising path quality, as the traversability
map has already converged within an acceptable tolerance.
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B. Proof of Convergence Bound

To support the proof, we model a traversability map 7T
as an undirected graph G = (V,E), where each vertex
v € V corresponds to a pixel in 7 that is assigned a
scalar traversability value. An edge (v;,v;) € E exists if
the pixels are adjacent, capturing local connectivity. A path
through the environment is defined as a sequence of vertices
7 = [v1,ve, - v, ,vp] connected via G. The path
planner seeks an optimal path 7* by minimizing an objective
function subject to feasibility constraints. We formulate the
path planning problem within graph G as a constrained
optimization problem P:

P(T): C(T)=min{f(r;T):7€S(T)}
st f(mT)=Y_(A=T@@)*+f(r) (10

S(T) =A{7IT(v1) > 0 Vt,v1 = varc}

where f(7;7) is the cost of 7 under traversability map T,
and S(T) is the set of feasible paths. The first term in f
penalizes low-traversability paths, and f’ indicates auxiliary
objectives such as path length, smoothness, or dynamics
constraints. The definition of the feasible path set S(T)
indicates that the traversability of every vertex in the path
should be at least of threshold 6.

We proceed to prove the proposition in two parts. First, we
establish that the bound ¢, is well-defined. Then, we show
that §; monotonically decreases with increasing k.

1) Validity and Bound Definition.: From the definitions
of Ty and Tk in Egs. (7a) and (7b), it follows that for any
vertex v; along a path 7, we have:

77c(vt) < E(Ut) < Tk(vt)

Y

The elementwise inequality in Eq. (11) implies that, for
any fixed path 7, the traversability component of the cost
function in Eq. (10) is bounded:

F(3Te) < f(m3Te) < f(73Tw)

Given the inequality in Eq. (11) and Eq. (10), it follows
that S(7x) € S(Tx) € S(Tx). The nesting of these feasible
sets, combined with the elementwise cost bounds in Eq. (12),
implies that P(7y) is a relaxation of P(7y), and P(Ty) is a
further relaxation of P(7%).

From the definition of problem relaxation, we obtain a
corresponding ordering of the optimal path costs:

C(Te) < C(Tr) < C(Tw)

(12)

13)

To extend this to the true final Tz, we observe thai the
elementwise value of 7x is bounded between 7j and 7p:

K K
To—Tw=— Y T,-W; /> W; <0=T <Tx (14)
j=k+1 j=1
K K
Tk —Te=— > (1-T)-W; /Y W;<0=Tx <Tx
j=k+1 j=1

5)

Therefore, applying the same logic as above, we obtain:

C(Tr) < C(Tk) < C(Tw) (16)
Combining Eq. (13) and Eq. (16), we conclude:
|C(Tx) — Tk | < C(Ti) — C(Ti) (17)

This establishes that d;, = C(T;) — C(7g) is a valid upper
bound on the absolute error between the current and final
cost estimates as stated in Eq. (8).

2) Monotonicity of 6,: We now show that the convergence
bound 6;, = C(T;) — C(Ty,) is non-increasing over iterations.

First, we examine the difference between 75,1 and Ty:

Wi —_— ==
———— 0= Tey1 <Tx (18)
Z]I'(:I W;

Similarly, for the pessimistic estimate we have 741 > 7.
Therefore, applying the same logic as in Section III-B.1,
we obtain:

C(Te) < C(Ti41) < C(Tatr) < C(Tw)

Teyr— Tr = (7A7c+1—1)'

(19)
Therefore, the convergence bound satisfies:
k1 = C(Tey1) — C(Tiy1) < C(Te) — C(Tx) = 6k (20)

This establishes that ¢ is monotonically non-increasing
with k.

IV. TRAINING STRATEGY

We first pretrain the gating networks on large-scale
partially-aligned semantic segmentation datasets using
human-prior-based label mappings to encourage generaliza-
tion. Then, we fine-tune the router and experts end-to-end on
small-scale multi-modal data with weak supervision derived
from expert-label consistency.

A. Pre-Training on Large-Scale Partially-Aligned Data

The gating networks are first pretrained on large-scale data
that contains various datasets with a wide domain distribution
to learn the broad and general features. These data include
32,000 images from three single-sensory datasets [20], [21],
[22], with each dataset corresponding to a distinct domain.
However, it is impractical to directly use these datasets for
training, as they contain only 2D images without synchro-
nized depth information. This limitation makes it difficult to
implement certain experts, such as model-based approaches
that rely on geometric data. We solve this problem by
mapping semantic or instance segmentation labels to expert

Classes Trav. | Ass. Exp.
Cost
sidewalk, floor, crosswalk, bike lane, etc | cfree M
gravel, sand, snow, low grass, etc Cmidl NN
road, parking area Cmid2 NN
terrain (tall grass, bush, dirt) Crmid3 NN
person, curb, wall, other obstacles Cobs M

TABLE I: Semantics to assigned expert. M: model-based method;
NN: Neural Networks. The definition of traversability cost c follows
the prior work [19].
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selection labels based on human knowledge. The label map-
ping encourages model-based approaches to handle terrains
with clear geometric features, while assigning terrains where
semantic information is more critical to traversability anal-
ysis to various neural networks. An example of the label
mapping is shown in Table I. We encourage the gating
networks to assign higher confidence to model-based experts
with terrains such as roads or sidewalks. Meanwhile, higher
confidence is encouraged to be assigned to experts based on
neural networks on terrains such as grass or water surfaces.

Although human priors do not perfectly capture the perfor-
mance of each expert across domains or terrains, our exper-
iments demonstrate that this pre-training strategy effectively
paves the way for the subsequent fine-tuning stage.

B. End-to-End Fine-Tunning for Task-Specific Optimization

Leveraging human priors eliminates the need for expensive
multi-sensory data but introduces bias from human priors.
Therefore, in the fine-tuning process, we train the model with
a weakly supervised method on small-scale multi-modality
data. We use 3,000 multi-sensory samples from both indoor
and outdoor environments, including structured datasets [21],
[23] and unstructured outdoor data [23], all featuring 2D
images paired with synchronized depth maps as inputs.

Given the set of expert traversability predictions 7 and
the ground-truth traversability map 7gr, we generate a
routing supervision label Wy, by selecting, at each pixel,
the prediction from the expert whose output most closely
matches the ground truth. Specifically, for each expert k,
the pixel-wise squared error at location (i, j) is computed as
ex(isj) = (Tw(is5) — Tar(i, §))?. The routing supervising
label at pixel (4, j) is then determined by selecting the expert
with the minimum error:

Wiup(3,7) = Tix(4,7), where k™ = argmin e(z,5)

ke{1,2,....,K}
2

Applying this procedure across all pixel locations con-
structs the full supervision map for training the router.
Guided by the router label Wy, we unfreeze and jointly fine-
tune both the routers and experts to promote better alignment
and co-adaptation. The domain router is trained to prioritize
the expert whose prediction best matches the ground truth at
each input, while each domain expert is fine-tuned to improve
its performance on the terrain regions where it is selected as
the best predictor.

V. EXPERIMENT RESULTS

To evaluate the cross-domain traversability estimation abil-
ity and computational efficiency of NAVMOE, we compare
our approach with 4 state-of-the-art baselines that can run in
real-time: Falco [5], Mask2Former [24] for indoor, Mask-
Former [25] for structured outdoor, and GANav [11] for
unstructured outdoor environment. Additionally, we include
four ablation studies, NAVMOE without fine-tuning and lazy
gating (Ours w/o FT/LG), without lazy gating (Ours w/o
LG), without lower-level lazy gating (Ours w/o LLG) and
without fine-tuning (Ours w/o FT), to evaluate the individual

contributions of these components to overall performance.
Scene overviews for all three domains are shown in Fig. 5.A.
The indoor experiment is conducted in the real world, while
outdoor experiments use test sequences from [23], [26].

We evaluate performance using four metrics: Motion
Primitives Quality: We introduce aligned-path traversabil-
ity estimation mean square error (ep) to measure the
mean squared error between estimated 7 and ground-truth
traversability 7, along candidate motion primitives, which
directly reflects planning quality with arbitrargf goals. It
can be formulated as: ep = [|S(T) — S(Te)ll5 /15(Ta)
Traversability Map Quality: We introduce traversability
map estimation mean square error (eps) to assess the ac-
curacy of the predicted traversability map; Computational
Efficiency: is quantified in GFLOPS; and Normalized path
quality (Qp): Given any path 7, goal pg, and T, we
define the path quality as 7n(7) = 1 — f(7,Pgoal), Where
(T, pgoar) € [0,1] is defined in Eq. (4)). The path quality
ratio @, is then formulated as: Q, = n(7)/n(7y), Where
Tge Tepresents the optimal ground truth path and 7 means
the estimated path. This metric ranges between 0 and 1,
with higher values indicating better path quality. Since our
approach involves the lazy gating mechanism that doesn’t
need to produce a full 7 for path planning, we do not record
ep and ey for our approach.

We report GFLOPs instead of runtime because some
experts in our MoE framework are implemented in C++
while others in Python. Thus, we believe GFLOPs provide
a fairer metric for comparison. We here report the average
runtimes estimated in outdoor scenario to demonstrate our
time efficiency: Gating network 6.0ms; Model-based expert
6.2ms; Learning-based expert 64.3ms; and path calculation
119.8ms, and the average processing time is 163.8ms. We be-
lieve this is sufficient for common navigation tasks, although
the code implementation is not optimized yet.
Quantitative Results.  As illustrated in Fig. 5.B, our
method navigates complex environments, such as Fig. 5.B(D),
safely by primarily leveraging model-based experts while
querying learning-based experts only when semantic cues are
critical, achieving robust performance across all domains and
terrain types. In Fig. 5.B(3), learning-based expert [25] fail to
strictly adhere to safety constraints, potentially causing the
robot falling off a curb into traffic, while NAVMOE utilizes
geometric perception from model-based methods to maintain
safety. Conversely, in Fig. 5.BQ) and (4), the learning-based
experts’ semantic perception correctly identifies non- or low-
traversable areas (e.g., stop sign, grass), whereas the model-
based method [5] mistakenly classify grass as traversable due
to its geometric similarity to planar surfaces.
Cross-Domain Traversability Estimation Accuracy. As
shown in Table II, NAVMOE is the only method that can
generalize well across all three domains, achieving best or
second best performance among ep, ey and @Qp. In struc-
tured outdoor environment where learning-based expert [25]
and Model-based one [5] have complementary expertise, the
advantage of NAVMOE becomes significant and we achieve
the best performance among ep, ey and @Q,. In indoor
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Fig. 5: Sample frames from three domains. (A) Overview of the test scenes. (B)
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Representative frame with results: a semi-transparent

traversability map is overlaid on the RGB image, red-to-blue means non-to-fully traversable; candidate motion primitives are drawn on
the map and colored by their average traversability from red to gold; the green curve marks the final path.

environment, our approach achieves comparable accuracy
compared to domain-specific baseline [24] with only a 0.03
drop in @)p. The same phenomenon extends to unstructured
outdoor environment with a 0.01 drop in Q. This trend
aligns with findings reported in other MoE works [14], [27],
which indicates that MoE methods tend to deliver similar or
occasionally slightly lower performance in domains where
a single expert already excels. Additionally, our results are
impacted by hardware misalignment and synchronization
issues between the RGB camera and lidar or depth camera,
which can be observed in the model-based method part
in Fig. 5. Effectiveness of FT. = Comparing NAVMOE
w/o FT/LG to NAVMOE w/o LG, fine-tuning improves
estimation accuracy up to 41% in ep and 54% in ep;. When
lazy gating is applied (Ours w/o FT v.s. Ours in Table II),
fine-tuning balances (), and GFLOPS. Specifically, in the
indoor scenario, fine-tuning shifts weights toward model-
based methods, improving efficiency with small @, loss.
Conversely, in outdoor environments, fine-tuning allocates
more weights to learning-based methods, enhancing Q.

Efficiency and Effectiveness for Path Planning.  Across
all domains, NAVMOE has much higher efficiency than the
best performing expert, marked in blue in Table II, by up
to 76%. With the guaranteed solution quality introduced by
the lazy gating mechanism, the resulting ), are within 0.03

compared to NAVMOE without LG, which is within the
bound set as 0.05.

Effectiveness of LG. Comparing NAVMOE to our method
without LG, lazy gating can decrease the computational
overhead up to 96.3%, with only up to 0.02 loss in Q.
Interestingly, we found the upper level lazy router achieves
over 95% confidence and over 98% in accuracy across all
domains, meaning that keeping the domain lazy router will
not affect the estimation accuracy but significantly improve
the computational efficiency, shown in Table II: Ours w/o LG
and Ours w/o LLG. In this case, our method can still im-
prove the computational efficiency by up to 82.6%, thereby
reducing the average inference time to 164 milliseconds.

Overall, domain-specific approaches show satisfying per-
formance within their area of expertise, they exhibit signif-
icantly weaker performance in out-of-distribution scenarios.
NAVMOE demonstrates more robust and effective cross-
domain traversability estimation accuracy. This reinforces
our intuition that a robust and effective navigation model
can be achieved by hierarchically combining experts with
different expertise, paired with an efficient routing mech-
anism. Furthermore, our domain-gating mechanism allows
the model to seamlessly scale with new learning-based nav-
igation models across any domain, requiring only minimal
fine-tuning of the gating networks.
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Environments
Methods Indoor Out. Struc. Out. Unstruc. Avg
epd emd QT GFLOPS || epl eyl Q,1 GFLOPS||epl eyl Q7 GFLOPS||epl eyl Q,1 GFLOPS|

Falco [5] 0.213  0.100 0.87 0.13 0.157 0.098 0.9 0.13 0.104 0.048 0.64 0.13 0.158 0.082 0.74 0.13
Mask2Former [25] | 0.021 0.012 0.98 246.31 0.091 0.033 0.87 246.31 0.083 0.057 0.80 246.31 0.065 0.034 0.88 246.31
MaskFormer[24] | 0470 0.187 0.74 48.3 0.070 0.026 0.92 483 0.069 0.033 0.81 48.3 0.203 0.082 0.83 48.3
GaNav [11] 0.811 0403 0.33 18.69 0.729 0265 0.17 18.69 0.034 0.031 0.87 18.69 0.525 0.233  0.56 18.69
Ours w/o FT/LG | 0.039 0.028 0.98 313.18 0.064 0.034 0.96 313.18 0.048 0.035 0.84 313.18 0.051 0.032 0.92 313.18
Ours w/o LG 0.023 0.013 097 313.18 0.055 0.021 0.98 313.18 0.043 0.033 0.87 313.18 0.040 0.022 0.94 313.18
Ours w/o LLG 0.023 0.013 097 252.58 0.055 0.021 0.98 54.57 0.043 0.033 0.87 24.96 0.040 0.022 0.94 110.7
Ours w/o FT - - 0.95 122.04 - - 0.96 9.47 - - 0.84 10.28 - - 0.92 52.16
Ours - - 0.95 94.83 - - 0.98 11.58 - - 0.86 16.25 - - 0.93 40.22

TABLE II: Quantitative results of traversability estimation

VI. CONCLUSION

We presented NAVMOE, a hierarchical and modular ap-
proach that combines the fast, reliable model-based methods
with the semantic reasoning of learning-based approaches.
By developing a hierarchical Mixture of Experts (MoE)
architecture, we adaptively leverage specialized experts for
different terrains, enhancing generalization across both seen
and unseen environments. Key innovations include a lazy
gating mechanism for improved computational efficiency and
a two-stage training strategy that reduces reliance on high-
quality multi-sensory data. Extensive experiments show that
NAVMOE reduces computational cost by 81.2% while main-
taining path planning quality, outperforming existing meth-
ods in both efficiency and generalization beyond training
domain. Our approach is highly extensible, enabling future
breakthroughs in robotics by unifying non-differentiable and
differentiable approaches across a variety of tasks.
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