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Abstract

The academic field of learning instruction-guided visual
navigation can be generally categorized into high-level
category-specific search and low-level language-guided
navigation, depending on the granularity of language in-
struction, in which the former emphasizes the exploration
process, while the latter concentrates on following detailed
textual commands. Despite the differing focuses of these
tasks, the underlying requirements of interpreting instruc-
tions, comprehending the surroundings, and inferring ac-
tion decisions remain consistent. This paper consolidates
diverse navigation tasks into a unified and generic frame-
work – we investigate the core difficulties of sharing gen-
eral knowledge and exploiting task-specific capabilities in
learning navigation and propose a novel State-Adaptive
Mixture of Experts (SAME) model that effectively enables
an agent to infer decisions based on different-granularity
language and dynamic observations. Powered by SAME, we
present a versatile agent capable of addressing seven nav-
igation tasks simultaneously, achieving highly comparable
performance to task-specific agents.

1. Introduction

Acquiring the capability to understand natural language
commands and navigate in unfamiliar environments con-
stitutes a fundamental competency for embodied intelli-
gence. In recent years, a great variety of navigational
tasks has emerged, each defined by distinct navigation ob-
jectives, from broad, high-level goals [8, 130] to detailed,
low-level directives [6, 54, 81, 101, 129], highlighting ex-
ploration and instruction-following, respectively. However,
these tasks are mostly formulated as isolated research prob-
lems, and the specialized methods developed for each are
typically not generalizable to others (Figure 1a). For exam-
ple, structured memory tailored for efficient target object
exploration [10, 11, 88], contextual guidance for vague in-

structions [33, 66, 97], and episodic vision-language align-
ment for instruction following [31, 42, 100, 105]. Subse-
quent works leverage generic vision-language representa-
tions [21, 61, 63, 98, 99] to pretrain vision-language-action
policies [17, 19, 35, 37, 40, 62, 75, 82] (Figure 1b), finetun-
ing parameters for specific tasks while maintaining the same
model architecture. In this paper, we argue that the essential
difference between these tasks lies in the granularity of in-
struction, and a single model’s capability should not be con-
strained by the user’s instruction format from the practical
perspective. We propose unifying these learning problems
under the broader concept of language-guided visual navi-
gation, extending the multi-task learning problem in Vision-
and-Language Navigation (VLN) [125] to encompass OB-
JECTNAV [8] in visual semantic navigation. Our overarch-
ing goal is to create a versatile system that can interpret and
execute arbitrary language instructions (Figure 1c).

An intuitive approach towards this is to integrate dis-
tinct navigational datasets and use them to train an exist-
ing agent for multitasking; however, our study reveals that
simply mixing data yields inconsistent performance vari-
ation across tasks due to conflicting learning objectives
(§2.2). Previous work has also identified this challenge
and explored generic zero-shot LLM systems without train-
ing [71], but such approaches achieved limited results on
VLN [12, 13, 15, 16, 64, 70, 84, 110, 126]. Therefore, we
aim to build an effective learning paradigm that facilitates
training an agent on a larger amount of data covering wider
skill sets. As a result, we resort to a more adaptive frame-
work capable of sharing general knowledge and retrieving
task-specific skills to infer appropriate navigation decisions.

Inspired by recent success in the Mixture of Experts
(MoE) [45, 47, 95] approach for natural language process-
ing, in particular, enhancing the transformer-based Large
Language Models [24, 46, 114], we incorporate MoE to
build our generalizable navigation agent. Unlike previ-
ous works that typically implement task-wise or token-wise
MoE, which we found ineffective in multi-task navigation
learning, we propose a novel MoE formulation for sequen-
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“I want to find a cuboid, white and 
ceramic sink, which is under a 
mirror, on the left of a closestool 
and under the liquid soap in the 
toilet. The toilet is opposite to a 
bedroom and on the left of a room 
for clothes.”

“Turn right and go past the rocking chairs. Turn right again and 
into the house. Turn right and go down the hallway. Turn to the 
left and wait just at the doorway. ”

“You are currently facing towards a bathtub which is in the 
center of a room, turn to your left, take a few steps forward. Now 
you can see a couple of more stairs, climb up. Move a few steps 
forward and you can see a white bathtub on your left.”

Q: "Should I continue forward?"
A:"yes, go straight and go down the stairs."

Q: "Should I go left through the gate, or turn right through the 
columns?"

A: "Turn right through the columns and follow the path outside."

Navigation
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Navigation
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Figure 1. We consolidate diverse navigation tasks into a unified language-guided navigation framework sorted by language granularity.
Previous approaches utilize task-specific designs tailored to address particular types of language instructions, as shown in (a) and (b). In
contrast, we propose a versatile system that can interpret and execute arbitrary language instructions as shown in (c).

tial embodied agents in which the experts are selected based
on the agent’s state (i.e., attended language and visual ob-
servation at a certain timestep, see §3.3). We further show
that applying MoE on visual queries gives better results than
applying it on feed-forward networks as in LLMs, aligning
with the fact that many navigational agents rely on multi-
view visual attention for decision-making.

We termed this method State-Adaptive Mixture of Ex-
perts, or SAME, suggesting applying the same model to
solve a wide range of navigation problems. Powered by
SAME, we are the first to train a versatile agent across
seven major language-guided navigation tasks, including
R2R [6], RxR-EN [55], REVERIE [81], OBJECTNAV1,
CVDN [101], SOON [129], and R2R-CE [53], achiev-
ing state-of-the-art performance as a unified model while
matching the performance of task-specific models.

2. Background

In this section, we begin by introducing the formulation
of language-guided visual navigation tasks under varying
levels of language granularity. We employ DUET [19]
to illustrate a general cross-modality navigation model for
language-guided navigation. Through a series of contrastive
experiments, we analyze the interconnections among these
navigation tasks, understanding their underlying contradic-
tions and providing a proof of concept for our approach.

1We consider Object-Goal Navigation [8] as a form of zero-grained
language-guided navigation, as will be specified in §2.1.

2.1. Navigation Tasks Formulation
Given an instruction represented by a sequence of L word
embeddings W = {wi}Li=1, an agent navigates on a prede-
fined undirected graph G = ⟨V, E⟩, where V represents the
navigable nodes and E represents the connectivity edges.
The agent is expected to execute a sequence of actions
{s0, a0, s1, a1, . . . , sT , aT } to navigate to the target posi-
tion vT , as specified by the instruction W . Each action
at transit the agent from the current state st = ⟨vt, θt, ϕt⟩
to st+1 = ⟨vt+1, θt+1, ϕt+1⟩ which includes its spatial lo-
cation vt ∈ V , heading angle θt, and elevation angle ϕt,
and generate a new visual observation Ot. Additionally,
the agent maintains a record of the state history ht and ad-
justs the conditional transition probability between states,
defined as St = T (st+1 | at, st, ht,O,W), where T de-
notes the conditional transition probability distribution. We
categorize the language instruction W into three classes by
granularity as:
• Fine-grained VLN: W describes the sequence of actions
{s0, a0, s1, a1, . . . , sT , aT } step-by-step.

• Coarse-grained VLN: W refers to a remote target at vT ,
e.g., “the cold tap in the first bedroom on level two”.

• Zero-grained VLN: W refers to a single term indicating
the target (e.g., an object category in OBJECTNAV).

Multimodal Navigation Policy At each step, the agent
receives a local visual observation Ot = {oi}36i=0, con-
sisting of 36 view images, and a language instruction W .
These are encoded separately by a vision encoder and a
language encoder into visual feature Ôt and language fea-
ture Ŵ . DUET [19] incorporates Ôt and agent’s state st to
obtain node embedding V̂t and maintain a topological map

7795



Ĝt = {V̂i}i≤t as navigation history, details are provided in
the supplementary. A local cross-modal encoder is utilized
to excite visual features conditioned on language features:

CrossAttn(Ôt, Ŵ) = Softmax

(
ÔtWq(ŴWk)

T

√
d

)
ŴWv.

(1)
The output embedding from the final layer of view oi is
denoted as ô′i. Similarly, a parallel global cross-modal en-
coder is implemented to encode language-conditioned map
Ĝt

′
= CrossAttn(Ĝt, Ŵ). Denote the output embedding of

node Vi as v̂′i, the navigation score given by the local and
global cross-modal encoder is calculated as:

sli = FFNl(ô′i), s
g
i = FFNg(v̂′i), (2)

si = σts
l
i + (1− σt)s

g
i , (3)

where FFN is a two-layer feed-forward network and σ is a
learnable parameter.
Datasets We select three typical datasets for our contrastive
experiments based on instruction granularity:
• R2R [6]: The fine-grained VLN task which consists of

22k human-annotated navigational instructions. On av-
erage, an instruction contains 32 words, and the ground-
truth path is formed by 7 steps, totaling 10 meters.

• REVERIE [81]: The coarse-grained VLN task inherits
the trajectories from R2R but provides high-level instruc-
tions that describe a target object. On average, instruc-
tions contain 21 words, and the length of ground-truth
paths ranges from 4 to 7 steps.

• OBJECTNAV-MP3D [8]: We use the standard split
of 11 validation scenes from the Habitat OBJECTNAV
dataset [94] in MP3D [9], which consists of 21 goal cat-
egories. We utilized human demonstration from Habitat-
Web [89] as training data, discussed in Section 2.2.

Evaluation Metrics We follow 5 standard metrics in VLN
literature to assess the agent performance, including Tra-
jectory Length (TL), Navigation Error (NE), Success Rate
(SR), Success Rate normalized by Path Length (SPL) [5],
normalized Dynamic Time Warping (nDTW) [44].

2.2. What are the Conflicts in Navigation Multi-
tasks Learning?

To successfully train a versatile navigation agent, it is es-
sential to understand the underlying contradictions that pre-
vent unified model learning and to gain insights into the best
practices for learning from diverse data sources. Follow-
ing the discussion in Section 1, we unify the training data
by transferring 70k human demonstration OBJECTNAV data
from Habitat-Web in the discrete environment.

Data Transformation in Discrete Environment The
original trajectories in OBJECTNAV are constructed as se-
quences of continuous viewpoint positions, averaging 243

Training Data R2R (Val Unseen) REVERIE (Val Unseen) OBJECTNAV-MP3D (Val)

R2R∗ REVERIE∗ MP3D∗ TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑

✓ 14.33 3.82 67 55 19.61 7.55 39 28 15.30 4.69 55 24
✓ 17.55 6.22 42 32 17.91 6.56 41 32 10.46 5.91 43 23

✓ 20.76 8.55 16 9 20.00 10.11 13 9 22.17 3.67 68 29
✓ ✓ 14.03 4.01 64 55 15.22 7.78 38 31 25.91 3.28 72 28

✓ ✓ 19.17 7.13 34 26 19.46 6.24 35 26 21.50 3.29 70 33
✓ ✓ ✓ 14.21 4.10 65 54 16.62 6.11 34 27 22.97 3.54 68 27

Table 1. Comparison of single-run performance with a differ-
ent mixture of training data for DuET [19]. ∗ indicates utilizing
Habitat-rendered images. Numbers in gray indicated zero-shot in-
ference results on held-out datasets.

steps per demonstration. Following Hong et al. [41], we
discretize the Habitat-MP3D [93] environment into a con-
nectivity graph G∗. We match each viewpoint in the trajec-
tory from Habitat-Web to the nearest nodes on G∗ based on
Euclidean distance and merge sequentially repeated nodes.
Disconnected paths and paths with an ending position more
than 0.5m away from the original endpoint are removed.
This results in 58,803 trajectories with an average of 20
steps. Similarly, we transfer the data from the MP3D vali-
dation split to evaluate model performance in discrete envi-
ronments.

Fine-grain Language Understanding Benefits Target-
oriented Navigation We conduct multi-task training on
DUET [19] initialized from LXMERT [99] using vari-
ous data mixtures and report held-out inference results for
datasets not included in the training. To address the visual
gap between Habitat-rendered images and Matterport3D-
rendered images, we map the R2R and REVERIE trajec-
tories onto G∗ and employ Habitat-rendered images for this
experiment. The results are presented in Table 1.

Our findings reveal several key insights: (1) Mixing
training data across different tasks reduces performance
compared to training on individual tasks requiring higher-
level language understanding capacity. For example, in the
R2R task, incorporating additional data results in a 2-3%
drop in success rate (SR), while in REVERIE, combining
OBJECTNAV data leads to a substantial SR decrease of 6-
7%, even lower than the zero-shot performance achieved
when training exclusively with R2R data (39% SR vs.
35% SR). (2) Training with fine-grained human-annotated
instruction-trajectory pairs proves advantageous for OB-
JECTNAV, yielding a 2-4% SR improvement. (3) Models
trained exclusively on VLN data achieve strong zero-shot
performance on OBJECTNAV (above 40% SR); however,
models trained only on OBJECTNAV data perform poorly
on tasks that demand sophisticated language understand-
ing (with only ∼ 15% SR). Additionally, models trained
solely on R2R (fine-grained VLN) data achieve 39% SR on
REVERIE (coarse-grained VLN) and 55% SR on OBJECT-
NAV. This suggests that when the target is visible or only
minor exploration is needed, R2R-trained models can suc-
cessfully infer the location. These observations lead to two
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main findings:
1. Fine-grained language understanding improves

target-oriented navigation (OBJECTNAV), as visual-
semantic understanding is enhanced through learning
vision-language alignment; however, models trained
exclusively on target-oriented data lack the language
comprehension required to follow complex instructions.

2. Training with simple data mixing is insufficient to
achieve optimal performance for tasks demanding
both exploration and detailed instruction interpretation
(coarse-grained VLN).

3. Mixture of Experts for Versatile Language-
guided Visual Navigation

The insights from Section 2.2 motivate the need for a
method to manage conflicts that arise during multi-task
learning. To address this, we propose a new State-Adaptive
Mixture of Experts (SAME) approach. SAME employs
multiple specialized expert networks {f1, · · · , fN}, which
could be switched during each step in a navigation episode
conditioned on the agent’s state by a routing mechanism
R. In this way, we differentiate the learning of dis-
tinct navigation skills, such as exploration and instruction-
following, while facilitating the sharing of common naviga-
tional knowledge like visual semantic understanding.

3.1. MoE Formulation
A subset of experts is activated in a sparsely gated MoE
layer during each forward pass. The router predicts the
probability of each expert being assigned:

P(xr) = Softmax (R (xr)) , (4)
R(xr) = Wxr, (5)

where xr is the routing feature extracted from the input x,
W ∈ RN×d is a trainable layer, d is the hidden dimension
and N is the number of experts. The weighted sum of the
outputs from experts with top-k routing scores noted as set
T is computed as the output:

MoE(x,xr) =
∑
i∈T

P (xr)i fi(x). (6)

Typically, a load balancing loss [30] is implemented to en-
courage an even distribution of input across the N experts:

Lbalance = N

N∑
i=0

FiDi, (7)

F =
1

K

N∑
i=1

1 {argmaxP(xr) = i} , (8)

D =
1

K

K∑
i=1

P(xr)i, (9)

where F represents the fraction of inputs processed by each
top-K expert fi, and D represents the fraction of router
probability allocated for expert fi.
Task-wised MoE and Token-wised MoE Recently, most
research on Mixture of Experts (MoE) has focused on
transformer-based Large Language Models (LLMs), where
MoE operates at the token level to process each individual
input token, as illustrated in Figure 2. Concurrently, MoE
is also extensively explored in computer vision multi-task
learning, where expert modules are routed at the task level.
These two routing features are formulated as follows:

xtoken
r = xi, (10)

xtask
r = Etask = WtT, (11)

where xi is the i-th token in input x, and Etask is the task
embedding for task with index T .

Beyond assigning each task T to specific experts through
a hard assignment, it might be helpful for an agent to select
appropriate navigation skills based on the language instruc-
tion. To this end, we formulate a language-aware expert
selection mechanism, represented as follows:

xtext
r = ŴCLS, (12)

where ŴCLS denotes the [CLS] token for text feature Ŵ .

3.2. State-Adaptive Experts Selection
Our initial experiments with the above token-wise and task-
wise MoE in multi-task navigation learning yielded subop-
timal results (to be presented in §3.3), prompting us to re-
consider a more feasible MoE formulation for the sequen-
tial decision-making process in navigation. We observed
that the density of language information the agent receives
– which must align with visual observations to determine
an action – can vary significantly across different timesteps
in different tasks. In other words, the agent’s state interpre-
tation should be inherently generalizable to address distinct
navigation problems. In light of this, we introduce SAME,
a multimodal State-Adaptive expert selection mechanism:

xmulti
r = Wm

[
1

Lv

Lv∑
i=0

Ôt; ŴCLS

]
, (13)

where a linear layer Wm ∈ Rh×2h is implemented to merge
the concatenation of the mean visual feature 1

L

∑L
i=0 Ôt

over different views and the text [CLS] token ŴCLS.
Besides, we also investigate the effect of adding task in-

formation for expert selection:

xtext task
r = xtext

r + Etask, (14)

xmulti task
r = xmulti

r + Etask. (15)
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Figure 2. Illustration of MoE position and experts’ routing methods. SAME routing based on multimodal features from visual observations
and language instructions allows the agent to dynamically adapt to environmental visual changes.

Routing Condition R2R (Val Unseen) REVERIE (Val Unseen) OBJECTNAV-MP3D (Val)

SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑

w/o MoE 73.10±0.29 64.93±0.11 40.81±2.54 33.41±1.79 71.16±2.65 43.89±1.12

Token-wised MoE [95]:
Token Embedding 73.88±1.11 65.13±1.21 42.02±1.47 34.93±1.08 72.73±1.97 44.02±1.59

Task-wised MoE:
Task Embedding 71.10±0.39 64.73±0.20 42.41±2.14 34.70±1.92 72.06±2.15 41.39±3.09

Text [CLS] 73.41±0.37 64.23±0.21 43.24±2.15 34.65±1.27 72.56±2.64 43.52±1.62

w/ Task Embedding 72.93±0.45 62.67±0.82 42.59±2.35 33.40±1.97 71.77±2.31 41.91±3.13

State-Adaptive MoE (ours):
SAME 73.86±0.36 65.19±0.71 43.84±2.15 35.30±2.07 72.87±2.43 43.92±1.03

w/ Task Embedding 73.46±0.44 64.81±0.26 41.85±3.40 34.68±2.68 70.90±2.17 44.59±1.45

w/o Pretrain 59.89±0.37 49.73±0.91 38.14±1.15 32.10±0.97 69.76±2.47 38.24±2.22

Table 2. Comparison of performance with different MoE routing
conditions on R2R, REVERIE, and OBJECTNAV-MP3D.

3.3. Comparison on MoE Routing
Following the above, we can see that the key to distinguish-
ing specific and shared navigational knowledge learning is
learning the routing mechanism in MoE. In this section, we
investigate the routing strategies for a versatile language-
guided navigation policy.
Experiment Setup We conduct contrastive experiments to
compare the routing mechanism. Matterport3D-rendered
images [6] are used for R2R and REVERIE. We adopt 8 ex-
perts for each MoE layer and choose the top 2 experts [30].
The MoE experts are deployed to the visual queries (will
be discussed in Section 3.4). We report the statistic results
from 5 checkpoints after training converged, shown in Ta-
ble 2. As discussed in Section 2.2, we demonstrate that
learning fine-grained language understanding can enhance
target-oriented navigation learning, motivating us to take
advantage of the powerful vision-language-action pre-train
conducted in VLN [17, 19, 35, 37, 75, 82, 108]. Throughout
the subsequent experiments, we initialized our model from
ScaleVLN [108], which scales the VLN data from 14K to
4.9M by generating synthetic data to perform pertaining.

VLN Pretrain Benefits Navigation Multi-task Learn-
ing As shown in Table 2, there is a significant improve-
ment on all tasks when initializing with VLN pre-trained
weights compared to directly performing multi-task tuning
on SAME initialized from general vision-language pretrain
LXMERT [99] (w/o Pretrain), featured by a ∼ 14% SR in-
crease on R2R.
MoE Benefits Navigation Multi-task Learning Compared
to the multi-task-tuned DUET (w/o MoE) under the same
experimental conditions, all MoE methods show a signif-
icant performance increase (2-3% SR) on the REVERIE
task, with no notable performance drops on other tasks.
This aligns with our findings in Section 2.2, suggesting that
coarse-grained VLN performance is influenced when co-
trained with other language instruction types, likely due to
model overfitting to the R2R task. Our proposed MoE ap-
proach addresses this issue effectively.
SAME Facilitates Navigation Skill Sharing Comparing
different MoE routing types, we highlight a significant im-
provement of ∼ 2% SR and ∼ 1% SPL in SAME rout-
ing on REVERIE. We hypothesize that this improvement is
due to the nature of the coarse-grained VLN task, where the
agent must alternate between exploration, in cases where
language guidance lacks detail, and adhering closely to
language instructions when precisely localizing the target.
SAME routing enables a flexible selection of experts to
manage these distinct navigation behaviors based on the
current observation and language input, allowing the agent
to learn transferable knowledge across tasks. This flexibil-
ity also results in the SAME agent achieving the highest
average SPL of 48.13% across all tasks.
Explicit Task Information Hinders Skill Sharing Fur-
thermore, we examine hard assignments with specific ex-
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MoE Experts Position R2R (Val Unseen) REVERIE (Val Unseen) OBJECTNAV-MP3D (Val)

SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑

Feed Forward 73.27±0.47 63.74±0.62 43.42±2.01 35.16±1.93 71.93±2.05 43.08±1.75

Visual Query 73.86±0.36 65.19±0.71 43.84±2.15 35.30±2.07 72.87±2.43 43.92±1.03

Textual Key & Value 73.35±0.32 63.98±0.92 43.32±1.97 34.78±1.86 72.35±2.02 44.08±0.95

Table 3. Comparison of performance with different MoE experts’
positions on R2R, REVERIE, and OBJECTNAV-MP3D.

perts dedicated to different tasks by directly routing through
task embeddings. This approach results in performance
drops across all tasks. Additionally, incorporating task em-
beddings into xtext

r and xmulti
r reduces performance, indicat-

ing that routing based on samples from different tasks pro-
vides strong but ineffective bias, preventing the router from
effectively learning which experts to select based on the in-
struction or observation, thus impeding the development of
shared knowledge across tasks.

3.4. Which Part of the Navigation Policy Learns
Different Navigation Behaviour?

Since the initial application of MoE in transformer architec-
tures [30, 56, 131], MoE has acted as an enhancement for
Feed-Forward Network (FFN) modules within these mod-
els. Concurrently, some studies have integrated multi-head
attention layers with MoE to enhance performance further
while managing computational costs. In this section, we an-
alyze the impact of MoE applied at different components of
the transformer model, specifically focusing on the FFN,
visual queries Wq , textual key Wk, and value Wv with
SAME under the same experiment setup described in Sec-
tion 3.3. The results are shown in Table 3.

MoE applied to different components yields varying per-
formance across tasks. Notably, the best overall perfor-
mance is observed when applying MoE to the visual query,
achieving the highest SR on all tasks with fewer parame-
ters. This suggests that utilizing MoE at the visual query
level within the cross-attention layer is particularly effec-
tive. This effectiveness likely stems from the multimodal
policy’s control over diverse navigation behaviors within
the cross-attention layer, where specialized visual query ex-
perts allow the agent to more accurately determine the next
action by adjusting attention scores over visual embeddings
from multiple viewpoints. While FFN-based MoE enhances
performance compared to non-MoE models, it is surpassed
by MoE configurations that integrate with attention layers,
highlighting the crucial role of cross-modal attention in suc-
cessful action selection.

In summary, the experimental results indicate that em-
ploying MoE with visual query experts and routing based on
multimodal features from visual observations and language
instructions (SAME) allows the agent to dynamically adapt
to environmental visual changes while staying aligned with
language guidance, thereby enhancing robust performance
across different language-guided navigation tasks.

4. Experiments

In this section, we conduct larger scale multi-task tuning
based on the previous discussion. We conduct a thor-
ough evaluation of SAME across seven major navigation
benchmarks, complemented by a series of ablation studies
on training details to establish best practices for effective
multi-task training in language-guided navigation.

Datasets Besides the R2R, REVERIE, and OBJECT-
NAV-MP3D, we include 4 other datasets, RxR-EN [54],
CVDN [101], SOON [129], and R2R-CE [53], for larger
scale training and evaluation. We leave the detailed intro-
duction to these datasets in the supplementary.

Implementation Details We build upon the DUET archi-
tecture and replace all the visual query layers in the cross-
attention with MoE layers. We adopt SAME routing for
each MoE layer. We initialize from the pre-trained weights
of ScaleVLN [108] and utilize CLIP ViT-B/16 [86] as the
visual encoder. We use ScaleVLN, R2R, RxR-EN, CVDN,
REVERIE, SOON, and Habitat-Web as the training data
with a sampling ratio of 10:1:1:1:1:1:2 without mixing dif-
ferent data in a batch. We follow [3, 19, 48] to utilize DAg-
ger [92] algorithm to obtain interactive supervision from the
simulator. The training objective L = LDAG + λLbalance is
the combination of DAgger loss and MoE load balancing
loss in Equation 7, balanced by coefficient λ = 0.8. The
model is fine-tuned using AdamW optimizer [72] with a
learning of 1 × 10−5 for 20k iterations with a batch size
of 16 on a single 80G NVIDIA A100 GPU.

4.1. Comparison with State-of-the-Art Models
Comparison in Discrete Environment We first compare
our method with current SoTA methods in the discrete
MP3D environment [6]. The datasets are organized in Table
4 by language instruction granularity and complexity, rang-
ing from fine-grained and complex to coarse-grained and
simple, from left to right. We classify previous methods
into two categories. The first one is a separate model for
each task, which fine-tunes a distinct set of parameters for
each downstream task. The second one is a unified model
for all tasks, which includes our baseline methods:
• MT-RCM [106]: This method performs multi-task train-

ing on R2R and CVDN using the RCM model [105].
• NaviLLM [125]: A hybrid model of DUET and Large

Language Model (LLM) that employs a stronger vi-
sion encoder, EVA-CLIP-02-Large [29], and replaces the
12-layer cross-modal encoder in DUET with an LLM,
Vicuna-7B [23], to facilitate multi-task instruction tuning.

• ScaleVLN†: We conduct multi-task tuning on DUET [19]
with ScaleVLN [108] initilization. This serves as a base-
line for multi-task tuning on DUET without using MoE.
As shown in Table 4, SAME achieve State-of-the-Art

performance on multiple benchmarks with a unified model.
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Methods
CVDN RxR-EN R2R SOON REVERIE OBJECTNAV-MP3D

Val Test Val unseen Val unseen Test unseen Val unseen Test unseen Val unseen Test unseen Val

GP ↑ GP ↑ SR ↑ nDTW ↑ SR ↑ SPL ↑ SR ↑ SPL ↑ SR ↑ SPL ↑ SR ↑ SPL ↑ SR ↑ SPL ↑ SR ↑ SPL ↑ SR ↑ SPL ↑

Separate Model for Each Task:
SF [31] - - - - 36 - 35 28 - - - - - - - - - -
RCM [105] - - - - 43 - 43 38 - - - - 9.3 7.0 7.8 6.7 - -
EnvDrop [100] - - - - 52 48 51 47 - - - - - - - - - -
PREVALENT [37] 3.15 2.44 - - 58 53 54 51 - - - - - - - - - -
VLN⟳ BERT [40] - - - - 63 57 63 57 - - - - 25.5 21.1 24.6 19.5 - -
HAMT [18] 5.13 5.58 56.4 63.0 66 61 65 60 - - - - 33.0 30.2 30.4 26.7 - -
HOP+ [82] - - - - 67 61 66 60 - - - - 36.1 31.1 33.8 28.2 - -
DUET [19] - - - - 72 60 69 59 36.3 22.6 33.4 21.4 47.0 33.7 52.5 36.1 - -
AutoVLN [20] - - - - - - - - 41.0 30.7 40.4 27.9 55.9 40.9 55.2 38.9 - -
BEVBert [3] - - 66.7 69.6 75 64 73 62 - - - - 51.8 36.4 52.8 36.4 - -
GridMM [109] - - - - 75 64 73 62 - - - - - - - - - -
VER [68] - - - 76 65 76 66 - - - - 56.0 39.7 56.8 38.8 - -
GOAT [103] - - 68.2 66.8 78 68 75 65 40.4 28.1 40.5 25.2 53.4 36.7 57.7 40.5 - -
ScaleVLN [108] 6.12 6.97 - - 79 70 77 68 - - - - 57.0 41.8 56.1 39.5 - -

Unified Model for All Tasks:
MT-RCM [106] 4.65 3.91 - - 47 41 45 40 - - - - - - - - - -
NaviLLM [125] 6.16 7.90 - - 67 59 68 60 38.3 29.2 35.0 26.3 42.2 35.7 39.8 32.3 - -
ScaleVLN† 5.93 - 46.7 49.7 76 67 - - 33.2 25.4 - - 41.9 34.4 - - 72.3 43.4
SAME (ours) 6.94 7.07 50.5 51.2 76 66 74 64 36.1 25.4 38.2 27.1 46.4 36.1 48.6 37.1 76.3 42.7

Table 4. Agents performance across all tasks in the discrete environment [6]. † indicates our implementation of multi-task tuning. Note
that existing methods tailored for OBJECTNAV-MP3D are proposed in continuous environments, which will be evaluated in Table 5 below.

Methods
R2R-CE (Val unseen) MP3D (Val)

NE ↓ SR ↑ SPL↑ SR ↑ SPL ↑

NaVid [120] 5.47 37 36 - -
ScaleVLN [108] 4.80 55 51 - -
ETPNav [4] 4.71 57 49 - -
BEVBert [3] 4.57 59 50 - -

SemExp [10] - - - 28 11
PONI [88] - - - 32 12
Habitat-Web [89] - - - 35 10

SAME (ours) 5.31 47 38 43 21

Table 5. Comparison with previous methods in the continuous
environment [94]. We report the zero-shot inference results of
SAME using the same checkpoint from Table 4.

Compared to separate models for each task, SAME achieve
SoTA performance on CVDN with a 7.07 GP on test
13% GP increase on validation compared to ScaleVLN.
SAME performs at the same level as VER and GOAT, com-
paring the SPL on R2R and REVERIE. Compared to other
unified models, outperforms the baseline multi-task tuned
ScaleVLN on all tasks, with an average of 3% SR increase
among all tasks. SAME performs significantly better than
NaviLLM on R2R and REVERIE (6% and 9% higher test
SR) with much fewer parameters (Table 6).
Comparison in Continuous Environment We further
compare our method with current SoTA methods in the con-
tinuous Habitat environment [94]. We take the same model
reported in Table 4 and examine the zero-shot inference re-
sults on held-out datasets in continuous environment. We
follow Hong et al. [41] and deploy the waypoint predictor to
bridge the gap between discrete and continuous. As shown
in Table 5, SAME surpass Habitat-Web, which performs

Model # Params MACs FLOPs Latency

DUET 180.29 M 17.75 G 35.53 G 28.78 ms
SAME (ours) 215.74 M 18.68 G 37.38 G 59.14 ms
NaviLLM 6.77 B 2.11 T 4.23 T 99.87 ms

Table 6. Comparison of computational overhead.

imitation learning on OBJECTNAV human demonstration,
when zero-shot transferring to the continuous environment.
This aligned with our findings in §2.2 that fine-grain lan-
guage understanding improves target-oriented navigation.

4.2. Computational Overhead
We provide a detailed analysis of computational overhead
introduced by SAME in Table 6. Compared to DUET,
34.45M more parameters are introduced by SAME, but only
5.2% more FLOPs are increased, as the two models share
83.6% of parameters and only top-2 experts are activated at
each step. SAME consists of significantly fewer parameters
than NaviLLM and achieves much better performance.

4.3. Ablation Studies
We conduct a series of experiments to establish best prac-
tices for training with multiple navigation tasks. These ab-
lations are performed using the same experimental setup as
described in Section 3.3.
Effect of Training Schema We investigate different train-
ing schemas for SAME, specifically the training algorithm
and data mixing strategy. For the training algorithm, we
compare training with imitation learning only on teacher ac-
tions [6] to training with DAgger, where at each time step,
an agent performs an action sampled from the predicted
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Algorithm Batch R2R (Val Unseen) REVERIE (Val Unseen) OBJECTNAV-MP3D (Val)

TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑

Imitation Mix 13.77 3.82 65.51 56.57 19.02 5.79 35.64 28.15 31.31 2.64 75.83 26.77
Imitation Sequential 9.35 4.23 61.09 58.88 9.24 7.37 28.37 26.42 26.57 3.51 71.70 24.06

DAgger Mix 16.09 4.07 62.36 52.18 25.05 5.89 30.45 21.91 27.57 2.81 74.85 31.70
DAgger Sequential 13.51 2.90 73.69 64.92 16.32 5.38 45.67 37.95 15.60 3.10 71.43 43.39

Table 7. Comparison of single-run performance with different
training schema on R2R, REVERIE, and OBJECTNAV-MP3D.

λ
R2R (Val Unseen) REVERIE (Val Unseen) OBJECTNAV-MP3D (Val)

TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑ TL NE↓ SR↑ SPL↑

0.2 12.63 2.91 73.61 65.73 15.47 5.55 42.86 35.22 15.25 3.13 71.79 43.51
0.5 13.77 2.89 74.29 65.00 19.45 5.56 44.70 34.89 18.10 3.05 72.26 40.50
0.8 13.51 2.90 73.69 64.92 16.32 5.38 45.67 37.95 15.60 3.10 71.43 43.39
1.0 13.56 3.02 73.56 64.52 16.19 5.24 45.81 37.89 18.11 2.67 74.66 44.81

Table 8. Comparison of single-run performance with different
MoE balance coefficients λ on R2R, REVERIE, and OBJECT-
NAV-MP3D.

probability of its action space and minimizes the loss be-
tween the sampled action and the ground truth. This method
allows an agent to learn from paths that cover wide space
and reduces the exposure bias caused by teacher forcing
[46]. For the data mixing strategy, we investigate mixing
different datasets in the same batch versus sampling differ-
ent data for training. As shown in Table 7, training with
DAgger significantly improves the performance when se-
quentially sampling data. Compare row 4 to row 2 in Table
7, 12.6% SR and 6.04% SPL increase on R2R, 17.3% SR
and 11.53% SPL increase on REVERIE, 19.33% SPL in-
crease on OBJECTNAV-MP3D is observed. We also noticed
that mixing up training data in the same batch would signif-
icantly affect DAgger training, comparing row 4 to row 3.
This indicates utilizing Dagger without mixing up training
data in the same batch is the best practice.
Effect of MoE Routing Balance Coefficient We investi-
gate the effect of the MoE routing balance loss coefficient λ
in Table 8. When λ is large, the balancing loss would force
the model to select different experts for samples in the same
batch evenly; when λ decreases, such constraint is weak-
ened. The model trained with λ = 0.2 in row 1 performs
worse than all other variants, demonstrating the significance
of the balancing loss in MoE training.

5. Related Work

5.1. Vision-and-Language Navigation
The development of a navigation agent capable of inter-
preting and acting upon unrestricted linguistic instructions
to navigate through unfamiliar, photorealistic environments
has been a longstanding goal within the field of Vision-
and-Language Navigation [7, 39, 54, 81, 101, 122, 129].
Approaches to this problem have primarily addressed two
main areas: (1) Vision-Language Alignment: Some stud-
ies [17, 35, 37, 40, 59, 62, 75, 82, 123] leverage generic

visual-linguistic representations [21, 61, 63, 98, 99]. Others
incorporate additional supervision through data augmenta-
tion [5, 27, 35, 57, 58, 60, 80, 100, 108], along with train-
ing strategies [43, 73, 104, 105, 128] to enhance cross-
modal alignment. (2) Efficient Action Planning Mecha-
nisms: These involve historical state memorization [18, 40],
self-correction strategies [38, 49, 74], navigation map con-
struction [2, 14, 19, 67, 68, 102, 109, 124]. Recently, some
work [13, 65, 70, 71, 79, 83, 85, 119–121, 125–127] inte-
grate LLMs for generalizable world knowledge.

5.2. ObjectGoal Navigation
Approaches to learning to understand visual semantics and
perform OBJECTNAV [9, 25, 26, 28, 32, 50–52, 87, 113,
118] could be categorized into two streams: (1) Modular
Pipelines with Learned Modules [10, 11, 36, 88, 89, 111]:
This paradigm integrates learning into specific modules
by leveraging explicit scene representations like semantic
map [11, 36, 88] or simply employing object detectors or
segmentors [76, 89]. (2) End-to-end Learning with RL or
IL [1, 90, 112, 115, 117]: these methods benefit from vi-
sual representation [77, 116], auxiliary task [117], and data
augmentation [76] to generalize to unseen environments.

5.3. Mixture of Experts
Mixture of Experts (MoE) [45, 47, 95] models utilize mul-
tiple specialized experts along with a routing network that
dynamically assigns tasks based on their complexity. Task-
oriented MoE enhances the model’s capacity to learn both
specific and shared knowledge in computer vision, with-
out significantly increasing computational costs [22, 34,
69, 78, 91, 96]. Sparsely activated MoE is widely em-
ployed in LLMs to reduce computational costs while en-
abling the training of gigantic models with trillions of
parameters through sparse activation [30, 56, 95]. MoE
assigns different experts for instruction tuning in recent
LLMs [24, 46, 114], optimizing the learning process by fo-
cusing on specific tasks within the overall model architec-
ture. To address task conflicts and enhance generalization
in unseen tasks, some methods [22, 34, 107] employ vari-
ous strategies to optimize the selection and aggregation of
expert outputs in MoE.

6. Conclusion
This paper unifies a diverse range of navigation tasks within
a cohesive language-guided navigation framework. It exam-
ines the fundamental challenges of sharing common knowl-
edge while leveraging task-specific capabilities in naviga-
tion learning. We propose the State-Adaptive Mixture of
Experts (SAME), which enables an agent to make decisions
by integrating multi-granularity language inputs and dy-
namic observations. We believe SAME can guide the learn-
ing towards versatile language-guided navigation agents.
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