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Abstract

Vision-and-Language Navigation in Continuous Environ-
ments (VLN-CE) requires agents to execute sequential nav-
igation actions in complex environments guided by natural
language instructions. Current approaches often struggle
with generalizing to novel environments and adapting to on-
going changes during navigation. Inspired by human cog-
nition, we present NavMorph, a self-evolving world model
framework that enhances environmental understanding and
decision-making in VLN-CE. NavMorph employs compact
latent representations to model environmental dynamics,
equipping agents with foresight for adaptive planning and
policy refinement. By integrating a novel Contextual Evo-
lution Memory, NavMorph leverages scene-contextual in-
formation to support effective navigation while maintaining
online adaptability. Extensive experiments demonstrate that
NavMorph achieves notable performance improvements on
popular VLN-CE benchmarks. Our Code is available at
https://github.com/Feliciaxyao/NavMorph.

1. Introduction
In recent years, Embodied AI [41, 43, 57, 64] has emerged

as a pivotal research direction, attracting significant atten-

tion across computer vision, natural language processing,

and robotics communities due to its interdisciplinary nature.

Among its core challenges, Vision-and-Language Naviga-

tion (VLN) [5] has gained prominence for its broad ap-

plicability in many intriguing real-world applications, such

as robotic assistance [7, 14, 15, 37], autonomous naviga-

tion [31, 45], and smart home systems [17, 54, 55].

VLN tasks require agents to interpret natural language

instructions, process visual information in dynamic envi-

ronments, and execute sequential actions to reach target lo-

cations. To navigate effectively, agents must dynamically
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Figure 1. Self-Evolving World Model for Online VLN-CE tasks.

build a structured understanding of scenes from current ob-

servations and instructions, enabling them to predict the

outcomes of their actions and make reasonable inferences

about subsequent steps in response to ongoing environmen-

tal changes. Inspired by remarkable human capacity to con-

struct mental representations of environments, facilitating

deliberate planning for complex tasks like motor control,

imagery, inference, and decision-making [23], world mod-

els have emerged as promising frameworks that explicitly

model environmental dynamics by simulating actions and

their effects on world states. By maintaining a compact la-

tent representation, world models encapsulate dynamic and

structural characteristics through agent-environment inter-

actions [38], enabling prediction of state transitions and po-

tential future observations. Despite a few pioneering efforts,

such as Navigation World Models [9], DreamWalker [56]

and PathDreamer [32], have demonstrated the potential of

world models for navigation, their application in VLN re-

mains underexplored. Specifically, these approaches either

lack the capacity to learn underlying action-state transitions

or rely on discrete state dynamics, limiting their ability to

capture the continuous nature of spatial-temporal dynamics

inherent in VLN tasks. The limitation becomes even evi-

dent during online deployment, where agents frequently en-

counter complex and varied environments with substantial

distributional shifts from training data [15, 46, 63]. Such en-

vironmental disparities pose risks of performance degrada-

tion [16], while existing world model approaches [9, 32, 56]
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focus primarily on the pre-training stage and lack mecha-

nisms for continuous updating, therefore limiting their abil-

ity for online adaptation to novel environments.

To address the above issue, we propose NavMorph, a

self-evolving world model framework tailored for VLN-

CE tasks. As shown in Figure 1, NavMorph constructs a

continuously evolving latent space that transforms vision-

language inputs (observations) into effective navigation de-

cisions (actions) through online interaction. We design

a tailored Recurrent State-Space Model (RSSM) [20] for

VLN, which can capture continuous navigational dynam-

ics by explicitly modeling latent action-state transitions.

Extending this foundation, NavMorph incorporates self-

evolution by progressively enhancing its latent representa-

tions, enabling agents to accumulate contextual informa-

tion. Specifically, the framework comprises two core net-

works: World-aware Navigator and Foresight Action Plan-

ner. The World-aware Navigator infers environmental dy-

namics from historical context and current observations,

constructing robust latent state representations. The Fore-

sight Action Planner then leverages these latent states to

learn a navigation policy that outputs control signals, while

decoding them into foresight visual embedding, thus pro-

viding enriched scene-aware visual information for naviga-

tion decisions. To further equip the model with evolving

adaptability, we introduce Contextual Evolution Memory

(CEM), a simple yet effective memory mechanism seam-

lessly integrated into two networks of our model. CEM

serves as a central enhancement to the recurrent module

within RSSM, bolstering foresight planning and plausible

navigational inference. Moreover, CEM enables efficient

and dynamic updates during learning and online testing,

empowering NavMorph with self-evolving abilities.

Our contributions can be summarized as follows:

• Starting from the definition, a novel self-evolving

world model is developed for VLN-CE tasks, which

adaptively models latent representations of continu-

ous environments, enabling effective foresight-driven

decision-making and adaptability in online navigation.

• We design World-aware Navigator to infer latent rep-

resentations of environmental dynamics and Foresight

Action Planner to optimize navigational policy via pre-

dictive modeling, integrating seamlessly with Contex-

tual Evolution Memory to accumulate navigation in-

sights for plausible and dynamic action planning in

evolving environmental observations.

• Extensive experiments on popular VLN-CE bench-

marks demonstrate that NavMorph significantly en-

hances the performance of several leading models, val-

idating its improved adaptability and generalization.

2. Related Work
VLN in Continuous Environments. Recently, Vision-

and-Language Navigation (VLN) tasks [1, 5, 8, 24, 40, 49,

50] have garnered considerable attention among embod-

ied AI, requiring an agent to follow human language in-

structions to navigate in previously unseen environments

using visual observations. To remove the unrealistic as-

sumptions in discrete VLN settings, VLN in continuous

environments (VLN-CE) [34] is proposed to extend nav-

igation to continuous spaces. In VLN-CE, agents can

freely explore any unobstructed location in 3D environ-

ments, using low-level actions (e.g., MOVE-FORWARD

0.25m, TURN-LEFT/RIGHT 15◦ and STOP) through the

Habitat Simulator [53]. Early VLN-CE methods employed

end-to-end trained systems to directly predict low-level ac-

tions from nature language instructions and visual obser-

vations [29, 34]. To alleviate the reliance on costly, data-

intensive pre-training, Krantz et al. [35] proposed to de-

couple the task into subgoal planning and low-level control

by waypoint predictor. Building on this framework, recent

studies have explored waypoint-based approaches by us-

ing more robust visual representations pre-trained on large

datasets [30], incorporating graph-based models [1], or in-

tegrating auxiliary tasks [26] to improve performance. Cur-

rently, many of these models rely on panoramic RGB-D in-

puts [3, 6, 25, 33], but their high cost, bulkiness, and com-

putational overhead hinder deployment on physical robots.

Therefore, the monocular configuration—processing single

RGB-D frames sequentially—has emerged as a practical al-

ternative, positioning it as a favorable approach for real-

world applications in state-of-the-art methods [60, 65].

World Models. World models have emerged as a promis-

ing framework for data-efficient learning in simulated envi-

ronments [27, 42, 48, 58, 62] and video games [22, 66].

These generative models embed observations into latent

states, predict future states conditioned on actions, and de-

code latent predictions back into observation space [38].

As an effective framework for latent dynamics learning,

RSSM consists of an Inference Network for estimating la-

tent states and a Predictive Network for forecasting future

transitions. Ha et al. [19] introduced a prototypical two-

part model combining RSSM with a variational autoen-

coder. Subsequent works like PlaNet [20] and the Dreamer

series [21, 22, 44] refined this approach, optimizing policies

over predicted latent states. World models enable agents

to model environmental dynamics and predict future states

without decoding observations, which is crucial for reason-

ing and planning in VLN tasks. However, their applica-

tion in VLN remains underexplored. Pathdreamer [32] in-

troduced a visual world model to generate future observa-

tions at discrete viewpoints based on prior seen views, using

them as augmented data for training. In continuous settings,

DREAMWALKER [56] adopted a heuristic search-based

world model to generate panoramic images of navigable

candidates. Recently, Navigation World Models [9] intro-

duced a controllable video generation model that utilizes
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Figure 2. Overall framework of the proposed NavMorph, a self-evolving world model for VLN-CE tasks. World-aware Navigator (Infer-

ence Network) infers latent representations by leveraging current observations o and historical context from Contextual Evolution Memory.

Foresight Action Planner (Predictive Network) then uses these latent representations ŝ to predict future visual embeddings x̂, enriching

scene semantics for action sequence prediction â. This integrated framework enables robust navigation and effective policy learning.

learned visual priors to imagine trajectories in unfamiliar

environments. Despite notable gains, existing navigational

world models encounter challenges in VLN tasks, as they

(1) rely on discrete state dynamics, limiting their ability

to model continuous action-state transitions, (2) use static

pretrained models, restricting adaptability to novel and dy-

namic environments, and (3) employ pixel-level future pre-

diction that may incur high computational costs. To ad-

dress these limitations, our proposed world model that mod-

els continuous action-state transitions through latent repre-

sentation learning, adapts dynamically via a self-evolving

mechanism, and reconstructs visual embeddings and per-

form future prediction at feature level to enhance efficiency.

3. Method
In this section, we propose a self-evolving world model tai-

lored for VLN-CE [34], a practical setting where the agent

navigates a 3D mesh environment through low-level, pa-

rameterized actions. Our model aims to learn and adapt to

the spatio-temporal dynamics of continuous environments

within a structured latent space, facilitating effective rea-

soning and action planning during online testing.

Task Definition. VLN-CE [34] utilizes the Habitat Simu-

lator [53] to render observations of environments derived

from the Matterport3D dataset [10], providing the agent

with RGB-D sensory inputs. Each episode, referring to

a complete navigation task, begins with the VLN agent

receiving an instruction alongside an initial visual obser-

vation, and concludes when the agent either selects the

‘stop’ action or reaches the maximum step limit. At each

timestep t, the agent predicts waypoints [25, 35] from a

predefined set of angles and distances, which are subse-

quently translated into low-level control actions. This nav-

igation progress unfolds over time steps t ∈ N, with high-

dimensional RGB-D images ot ∈ R
No×h×w×c serving

as input observations to infer navigational actions at =
π(at|o1:t,a1:t−1) under a learnable policy π. The sequence

o1:t denotes all observations up to t, while a1:t−1 denotes

all navigation actions up to t− 1.

Framework Overview. To enhance the agent’s ability to

understand and interact with environments for VLN-CE

tasks, as illustrated in Figure 2, our proposed world model

consists of two primary components: (1) World-Aware Nav-

igator (Inference Network), which continuously constructs

environmental representations and infers state transitions in

a latent space, and (2) Foresight Action Planner (Predictive

Network), which predicts future states to facilitate effective

policy learning for strategic navigation.

Within the World-Aware Navigator (parameterized by

φ), we adopt a structured latent representation following

RSSM [20], decomposed into two components: a deter-

ministic history ht and a stochastic state st, maintaining

consistent navigation progress while incorporating new ob-

servations and their potential variations. A visual encoder

eφ processes observations and integrates them with these

latent variables (ht−1, st−1) to form a comprehensive state

representation ht for navigation decision-making. The Pre-

dictive Network (parameterized by θ) then leverages this

latent representation to plan foresight actions sequentially.

Specifically, it generates the predicted latent stochastic fea-

ture ŝt, which encapsulates potential environmental uncer-

tainties in future time steps. Subsequently, a visual decoder

dθ transforms this feature into a predicted visual embed-

ding x̂t, providing a high-level semantic representation of

the anticipated navigational scene to guide the prediction of

the next action ât+1. Notably, a recurrent module fφ/θ is

utilized as the fundamental component of RSSM for mod-

eling latent states, sharing parameter between both above

components to ensure consistent temporal dynamics across

state inference and future prediction. For notational clarity,

we denote it as f . An overview of detailed architecture is

shown in Figure 3, with components of our self-evolving

world model outlined below:

• Inference Network

Visual Representation:xt = eφ(ot)

Initial Latent Deterministic State:h1 ∼ δ(0)

Recurrent Model:ht = f(ht−1, st−1)

Dynamic Transition Model: st ∼ qφ(st|o1:t,a1:t−1)
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• Predictive Network
Initial Latent Stochastic State: s1 ∼ N (0, I)

Stochastic State Model: ŝt ∼ pθ(ŝt|ht, ŝt−1)

Visual Decoder: x̂t ∼ pθ(x̂t|ht, ŝt)

Action Decoder: ât ∼ pθ(ât|ht, ŝt)

3.1. World-Aware Navigator (Inference Network)
The World-Aware Navigator is a policy-based agent de-

signed to effectively map the cross-modal input onto a se-

quence of actions within the VLN framework. Actions are

pivotal for the world model to anticipate and predict future

states. In a typical VLN-CE setting [3, 32], the agent pre-

dicts actions by selecting a candidate sub-goal point on a

constructed map, along with its corresponding coordinates.

To ensure plausible predictions of NavMorph, we define the

action at time step t as Δpositiont, which represents the

movement of ego location between the previous time step

t − 1 to current time step t. For consistency with opera-

tions in the latent space of our world model, a linear trans-

formation maps the action into a da-dimensional embed-

ding at ∈ R
da . After integrating the encoded action with

the agent’s current state and observation, we sample from

(ht,at,xt) to estimate the Gaussian posterior, yielding a

probabilistic representation of the current state:

q(st|o1:t,a1:t−1) ∼ N (μφ(ht,at−1,xt),

σφ(ht,at−1,xt)I), (1)

where (μφ, σφ) are multi-layer perceptions (MLPs) that pa-

rameterize the posterior state distribution. During training,

at corresponds to ground truth actions.

In our model, the deterministic history should encode

both temporal dynamics and accumulated information from

past observations and language instructions. A common

approach to achieve this is through conventional recurrent

modules like RNNs, LSTMs, or transformer-based archi-

tectures, which can process current observations alongside

previously obtained features to recursively integrate his-

torical information ht−1 and stochastic states st−1 into a

full history representation ht. However, while effective

in capturing short-term dynamics, these approaches strug-

gle with adaptive updates during online testing due to their

reliance on gradient descent and lack an explicit memory

mechanism to store and utilize novel scene information.

Therefore, we introduce a simple yet effective Contextual

Evolution Memory (CEM), which enhances the agent’s ca-

pacity to retain and leverage historical navigation insights.

CEM maintains Nm scene-contextual features {vm}Nm

m=1,

where each vm ∈ R
dv captures crucial visual insights from

diverse scenarios encountered. To accommodate the dy-

namic nature of navigation environments, CEM continu-

ously evolves by incorporating new scene features while

selectively preserving valuable historical context. CEM

is randomly initialized and progressively integrates infor-

mative scene-contextual features accumulated throughout

learning and online testing. This adaptive mechanism en-

sures relevance to recent experiences while preserving crit-

ical visual-semantic information from past episodes.

Specifically, this evolving CEM supports the enhanced

deterministic history h̃t by assimilating relevant contextual

information from past navigational experiences. Our CEM-

enhanced recurrent module retrieves the top-K scene-

contextual features from CEM, using them as historical se-

mantic insights to enrich the deterministic state:

{vk}Kk=1 = arg topK (SIM(ht,vm)) ,

h̃t = (1− α)ht + α

K∑
k=1

μkvk,
(2)

where the relevance score SIM(ht,vm) is calculated us-

ing cosine similarity. The weight μk denote the normalized

similarity score assigned to the k-th relevant retrieved fea-

tures, while α serves as an enhancing factor.

To balance the trade-off between previously accumulated

experiences and newly observed information, CEM is effi-

ciently evolved by refining the retrieved scene-contextual

features through forward updates, rather than using time-

consuming gradient-based backpropagation. This evolving

process is governed by a factor β and the enriched deter-

ministic state is then used for future predictions:

vk ← (1− β)vk + βht, ht ← h̃t. (3)

3.2. Foresight Action Planner (Predictive Network)
Empowered by the world model, the agent acquires the abil-

ity to anticipate environmental changes resulting from its

actions over an extended future period. Based on the state

representations learned by the World-Aware Navigator, the

Foresight Action Planner is designed to execute future plan-

ning by imagining potential scenarios in the latent space. In

contrast to future predictions with observed images, we rely

solely on the enhanced history states h1:t provided by the

CEM-enhanced recurrent module, and the predicted states

ŝ1:t. Similar to inference network, ŝt is sampled from

(ht, ât) with the Gaussian prior distribution, defined as:

pθ(ŝt|ht, ŝt−1) ∼ N (μθ(ht, ât−1), σθ(ht, ât−1)I), (4)
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where (μθ, σθ) are MLPs that parameterize the prior

state distribution. Since the prior does not have ac-

cess to the ground truth actions, the predicted action

ât−1 is estimated with the learned policy πθ(ht−1, ŝt−1).
Building upon this, the Foresight Action Planner ex-

tends the prediction of future states over Tp time steps

without access to corresponding observations, leverag-

ing the learned latent state and previously inferred ac-

tions over previous T timesteps (i.e., observation win-

dow). In specific, the planner applies the learned pol-

icy to estimate actions âT+j = πθ(hT+j , ŝT+j), predicts

the next deterministic state hT+j+1 = fθ(hT+j , ŝT+j)
and samples from the prior distribution: ŝT+j+1 ∼
N (μθ(hT+j+1, âT+j), σθ(hT+j+1, âT+j)I), j ∈ [1, Tp].

Aiming for a comprehensive understanding of environ-

mental dynamics to support action planning, we introduce

a reconstruction task that guides foresight action planner to

simulate potential future scenarios internally while learn-

ing useful latent representations. To achieve this, we recon-

struct visual embeddings xt ∈ R
dx derived from input ob-

servations ot through a visual decoder dθ, rather than direct

pixel-level image reconstruction. While pixel-level genera-

tion methods [9, 32, 39, 56] are common for future obser-

vation prediction, they incur high computational costs and

training complexity, while their reliance on pretrained gen-

erative models may introduce biases and hinder fair com-

parisons. This reconstruction objective serves to regularize

and enhance the model’s future state predictions, with de-

tails provided in § 3.3. Additionally, the designed CEM en-

riches latent representations with contextually relevant his-

torical information, leading to more informed reconstruc-

tions and improved planning.

Discussion. The above analysis highlights the crucial role

of CEM in our proposed world model, serving as a core

component within RSSM to facilitate plausible foresight

planning and enable efficient self-evolution. Given the lim-

ited exploration of dynamic evolution within existing world

models, this paper aims to elucidate the potential of inte-

grating evolutionary strategies into VLN world models. To

this end, instead of designing a more complex evolution

mechanism, we design a simple, direct, and effective ap-

proach that dynamically integrates scene contextual infor-

mation during learning and online testing. Refer to Sec 4.3

and Supplementary Material for further discussion.

3.3. Pre-training Objective
Our evolving world model is trained by maximizing a vari-

ational lower bound on the data log-likelihood. This train-

ing process involves minimizing losses related to visual re-

construction and action prediction for both past and future

states, as well as the divergence between the posterior and

prior state distributions. Specifically, the model observes

inputs over T timesteps and subsequently forecasts visual

embeddings and actions for an additional Tp timesteps. The

loss function LW is defined as follows:

LW =
T∑

t=1

E

⎡
⎢⎣− log p(xt|ht, st)︸ ︷︷ ︸

Reconstruction Loss �re

− log p(at|ht, st)︸ ︷︷ ︸
�ac

⎤
⎥⎦

+

Tp∑
j=1

E

⎡
⎢⎣− log p(xT+j |hT , sT )︸ ︷︷ ︸

�re

− log p(aT+j |hT , sT )︸ ︷︷ ︸
Action Prediction Loss �ac

⎤
⎥⎦

+
T∑

t=1

E

⎡
⎢⎣γ ·DKL (q(st|o1:t,a1:t−1) ‖ p(st|ht−1, st−1))︸ ︷︷ ︸

Posterior and Prior Matching Loss �kl

⎤
⎥⎦ ,

(5)

where γ is a weighting coefficient. For simplicity of no-

tation, we use a unified notation (st,at,xt) to represent

variables across both the observation and prediction phases,

omitting the hat notation (ŝt, ât, x̂t). Please refer to Sup-
plementary Material for the detailed derivation of LW .

In practice, we implement the log-likelihood term with

two components: a visual embedding reconstruction loss


re and an action prediction loss 
ac, optimized using

stochastic gradient ascent. While point-wise difference

metrics (e.g., cross-entropy) provide a direct measure of

prediction accuracy, they may not adequately capture the

temporal nature of navigation trajectories and potential mis-

alignments between predicted and actual routes. To mitigate

this, we incorporate a regularization term based on Nor-

malized Dynamic Time Warping (NDTW) [28], which con-

strains the predicted visual embeddings and actions. This

regularization is specifically formulated as follows:


� = 1− 1

Tp

T∑
t=1

Tp∑
j=1

NDTW(�1:t+j , �̂1:t+j), (6)

where �1:t+j and �̂1:t+j denote the ground-truth and pre-

dicted sequences, respectively. This NDTW-based regular-

ization is applied to both 
re and 
ac, encouraging tempo-

ral consistency and alignment between predicted and ac-

tual navigation trajectories. Additionally, to ensure precise

action predictions, we incorporate an L2 loss within 
ac,

focusing on accurate estimation of at = Δpositiont and

leveraging supervision from ground truth actions.

In addition to ensuring foresight latent states ŝt align

with observed data, a Kullback-Leibler (KL) divergence-

based loss is employed to align the prior distribution with

the posterior. Since both the approximate q(st|o1:t,a1:t−1)
and the prior p(st|ht−1, st−1) are modeled as Gaussian dis-

tributions (Eq. (1) and Eq. (4) ), the posterior and prior

matching loss can be computed in closed form. Upon con-

vergence, the KL divergence quantifies the information dis-

parity between the prior and posterior distributions, en-

suring the prior models state-action dynamics observed in
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actual navigation. Finally, the world model loss LW is

combined with the imitation learning objective LIL [3], to

form the complete loss function: L = LW + LIL. Note

that LIL = −∑T
t=1 log p(a

∗|I,O), and a∗ represents the

teacher action node of each step, determined by an interac-

tive demonstrator similar to DAgger algorithm [52].

3.4. Working Modes
Our world model operates in two distinct modes during the

training and testing phases.

During training, the model focuses on learning the under-

lying latent dynamics of environments through future state

prediction. It processes sequences of observations and cor-

responding actions, optimizing loss functions delineated in

§ 3.3 to update the model via gradient descent.

During testing, our self-evolving world model continually

adapts to changing environments via the evolving mecha-

nism. The recurrent module updates CEM in an online man-

ner during testing, similar to the training phase as described

in Eq. (3). This adaptive ability allows the model to retain

insightful information from recent observations while ad-

justing to testing scenes, thereby maintaining a contextually

enriched and up-to-date comprehension of its surroundings.

4. Experiments
We evaluate our model on R2R-CE and RxR-CE [34]

datasets, which transform discrete paths of R2R [5] and

RxR [36] datasets into continuous environments. Experi-

ments and ablation studies show our effectiveness.

4.1. Experimental Setup
Datasets. R2R-CE dataset [5, 34] comprises 5,611 shortest-

path trajectories, divided across training, validation, and test

splits. Each trajectory is paired with approximately three

English instructions, with an average path length of 9.89

meters and a mean instruction length of 32 words. Based on

similar scene splits, RxR-CE dataset [34, 36] is larger and

more challenging, offering substantially more instructions

in multiple languages, including English, Hindi, and Tel-

ugu, with an average of 120 words per instruction. Notably,

agents in R2R-CE have a chassis radius of 0.10 meters and

can slide along obstacles during navigation, while agents

in RxR-CE, with a larger chassis radius of 0.18 meters, are

restricted from sliding thus more prone to collisions.

Evaluation Metrics. We follow previous approaches [4,

5, 28] and adopt the standard metrics for evaluating VLN-

CE agents, including TL (Trajectory Length), NE (Nav-

igation Error), OSR (SR given Oracle stop policy), SR

(Success Rate), SPL (Success weighted by Path Length),

NDTW(Normalized Dynamic Time Warping), and SDTW

(Success weighted by NDTW).

Implementation Details. For panoramic settings, we fol-

low standard VLN-CE setups [25, 33], where each loca-

tion is represented by 12 RGB-D images captured at 30◦

intervals. We evaluate our approach with ETPNav[3] and

HNR[61] to verify our efficacy. While monocular cam-

eras offer advantages in real-world deployment, including

lower cost, reduced size, and improved energy efficiency,

we validate our method in a more practical setting. Specif-

ically, we adopt VLN-3DFF [60], which adapts the origi-

nal panoramic observation setting for deployment on real-

world monocular robots, leveraging the pretrained 3D Fea-

ture Fields model [61]. To align with practical applications,

we adhere to the online VLN setting established in [16], set-

ting the batch size to 1 during evaluation. All experiments

were conducted using PyTorch framework [47] on a single

NVIDIA RTX 3090 GPU. Please refer to Supplementary
Material for detailed hyper-parameter settings.

4.2. Comparison with State-of-the-art VLN Models
R2R-CE. Table 1 presents a comparative analysis of our

self-evolving world model against state-of-the-art methods

on R2R-CE dataset. Compared to other monocular meth-

ods, our NavMorph consistently achieves strong perfor-

mance across multiple metrics, particularly in unseen envi-

ronments. Specifically, on the Val Unseen split, our model

achieves remarkable gains of over 4% in both SR and SPL.

The model’s generalization capabilities are further validated

on Test Unseen split, where NavMorph surpasses baseline

VLN-3DFF by 1.6% in SPL and approximately 2% in SR.

Notably, our model achieves a marked reduction in tra-

jectory length (TL) alongside increased SR under practi-

cal monocular settings, indicating more efficient navigation

along optimized paths. This can be attributed to model’s ro-

bust ability to capture and predict latent environmental dy-

namics, enabling more informed decision-making through

memory-enhanced representations. With panoramic inputs,

our model maintains comparable trajectory efficiency while

further enhancing SR, likely due to the extensive visual con-

text provided by panoramic views, which supplies sufficient

information for base models to select well-informed paths.

These results underscore the efficacy of our NavMorph in

improving navigation in continuous environments.

RxR-CE. Table 2 compares NavMorph with existing meth-

ods on the RxR-CE dataset, illustrating its superior per-

formance in both monocular and panoramic setups. In

the monocular setting, NavMorph outperforms the previ-

ous state-of-the-art method VLN-3DFF by substantial mar-

gins of 4.1% in SR and 2.73% in SPL, highlighting its ef-

fectiveness in unseen environments. In panoramic setup,

NavMorph achieves 58.02% SR and 48.98% SPL, perform-

ing competitively with specialized panoramic methods like

ETPNav and HNR. The favorable performance across both

NDTW (64.77) and SDTW (48.85) metrics further vali-

dates our model’s capability to follow instructions faithfully

while maintaining path fidelity. These results underscore

NavMorph’s robustness on the more challenging RxR-CE

dataset, with its larger instruction set, multilingual support,

and stricter navigation constraints.
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Table 1. Experimental results on R2R-CE dataset. Results better than base model are shown in blue. Best results for the panoramic and

monocular settings are each highlighted in bold. * indicates experimental results that we have reproduced in this work.

Val Seen Val Unseen Test UnseenCamera Methods
TL ↓ NE ↓ OSR SR SPL TL ↓ NE ↓ OSR SR SPL TL ↓ NE ↓ OSR SR SPL

LAW [51] [EMNLP21] 9.34 6.35 49 40 37 8.89 6.83 44 35 31 9.67 7.69 28 38 25

CM2 [18] [CVPR22] 12.05 6.10 50.7 42.9 34.8 11.54 7.02 41.5 34.3 27.6 13.90 7.70 39 31 24

WS-MGMap [12] [NeurIPS22] 10.12 5.65 51.7 46.9 43.4 10.00 6.28 47.6 38.9 34.3 12.30 7.11 45 35 28

NaVid [65] [RSS24] - - - - - - 5.47 49.1 37.4 35.9 - - - - -

ETPNav/p [60] [CoRL24] - - - - - - 6.81 42.4 32.9 23.1 - - - - -

VLN-3DFF [60] [CoRL24] - - - - - - 5.95 55.8 44.9 30.4 - 6.24 54.4 43.7 28.9

VLN-3DFF* 22.90 4.92 62.1 52.7 36.7 26.16 6.05 54.9 43.8 29.4 26.02 6.22 54.7 43.8 28.6

Monocular

NavMorph 20.03 4.58 62.7 55.8 38.9 22.54 5.75 56.9 47.9 33.2 24.75 6.01 54.5 45.7 30.2

Seq2Seq [5] [CVPR18] 9.26 7.12 46 37 35 8.64 7.37 40 32 30 8.85 7.91 36 28 25

Sim2Sim [33] [ECCV22] 11.18 4.67 61 52 44 10.69 6.07 52 43 36 11.43 6.17 52 44 37

CWP-CMA [25] [CVPR22] 11.47 5.20 61 51 45 10.90 6.20 52 41 36 11.85 6.30 49 38 33

CWP-BERT [25][CVPR22] 12.50 5.02 59 50 44 12.23 5.74 53 44 39 13.51 5.89 51 42 36

DREAMW [56] [ICCV23] 11.60 4.09 59 66 48 11.30 5.53 49 59 44 11.80 5.48 49 57 44

GridMM [59] [ICCV23] 12.69 4.21 69 59 51 13.36 5.11 61 49 41 13.31 5.64 56 46 39

FSTTA [16] [ICML24] 12.39 4.25 69 58 50 11.58 5.27 58 48 42 13.17 5.84 55 46 38

ETPNav [3] [TPAMI24] 11.78 3.95 72 66 59 11.99 4.71 65 57 49 12.87 5.12 63 55 48

ETPNav* 11.35 3.93 72 66 59 11.40 4.69 64 57 49 12.72 5.10 63 55 48

NavMorph 11.43 3.86 73 67 60 11.55 4.62 66 59 50 12.88 4.91 64 57 49

HNR [61] [CVPR24] 11.79 3.67 76 69 61 12.64 4.42 67 61 51 13.03 4.81 67 58 50

HNR* 11.84 3.73 76 69 61 12.76 4.57 67 61 51 12.92 4.85 67 58 50

Panoramic

NavMorph 11.76 3.66 78 70 62 12.68 4.37 68 64 53 12.69 4.69 68 60 52
Note: Following established conventions, we report results with different precision formats across camera configurations: integers for panoramic settings and two decimal places for monocular settings.

Table 2. Experimental results on RxR-CE dataset.

Val UnseenCamera Methods
NE ↓ SR SPL NDTW SDTW

Monocular

LAW [51] 10.87 8.0 8.0 - -

CM2 [18] 8.98 14.4 9.2 - -

WS-MGMap [12] 9.83 15.0 12.1 - -

NaVid [65] 8.41 23.8 32.2 - -

A2-Nav [13] - 16.8 6.3 - -

VLN-3DFF [60] 8.79 25.5 18.1 - -

VLN-3DFF* 9.41 26.66 20.11 42.91 20.36

NavMorph 8.85 30.76 22.84 44.19 23.30

Panoramic

LAW-Pano [51] 11.04 10.0 9.0 - -

Seq2Seq [5] 12.1 13.93 11.96 30.86 11.01

CWP-CMA [25] 8.76 26.59 22.16 47.05 -

CWP-BERT [25] 8.98 27.08 22.65 46.71 -

AO-Planner [11] 7.06 43.3 30.5 50.1 -

Reborn [2] 5.98 48.60 42.05 63.35 41.82

ETPNav [3] 5.64 54.79 44.89 61.90 45.33

ETPNav* 5.96 54.83 44.62 61.36 44.87

NavMorph 5.80 56.23 46.39 63.23 46.98

HNR [61] 5.51 56.39 46.73 63.56 47.24

HNR* 5.75 56.48 46.62 63.43 47.38

NavMorph 5.70 58.02 48.98 64.77 48.85

4.3. Further Remarks
We perform ablation studies and other in-depth analysis of

NavMorph on validation unseen set of R2R-CE dataset un-

der the monocular setting, using VLN-3DFF as base model.

Ablation Study of the proposed World Model. The abla-

tion study presented in Table 3 offers critical insights into

the efficacy of our proposed world model. The removal

of individual loss terms leads to moderate performance de-

clines, underscoring their collective importance in capturing

latent dynamics of the world model. The visual embedding

reconstruction loss 
re and the action prediction loss 
ac,

both optimized using NDTW, are crucial for navigation suc-

cess. Removing 
re leads to shorter path length (22.54 →
20.25) and reduced OSR (56.88% → 54.27%), emphasiz-

ing the role of visual consistency in maintaining a tempo-

rally stable representation of surroundings. Similarly, omit-

ting 
ac degrades multiple metrics, as the constraint on pre-

dicted action sequence supports effective policy learning.

Moreover, the alignment between posterior and prior distri-

butions is vital for maintaining consistency between learned

latent dynamics and practical navigation scenarios, ensuring

well-calibrated latent representations. Additionally, to bet-

ter assess contribution of self-evolution, we evaluate Nav-

Morph w/o SE, a variant where NavMorph operates with a

fixed CEM module, which remains unchanged and does not

apply refinements introduced in Eq. 3. Rows 2-3 of Table 3

highlight the impact of CEM in facilitating online adapta-

tion through dynamic navigation insights aggregation.

Notably, the results validate not only the fundamental ef-

ficacy of our world model architecture—as evidenced by

substantial performance gains even in the absence of self-

evolution—but also complementary benefits of CEM-based

adaptation, further enhancing navigation effectiveness. This

underscores the collaborative nature of self-evolution and

a well-structured world model, where self-evolution en-

hances adaptability while drawing support from the world

model’s latent representations. Extended experiments on

self-evolution are provided in Supplymentary Material.
Ablation Study on CEM. In our model, CEM serves as

the core module for self-evolution, enabling the agent to

retain and refine historical scene information for improved

adaptability in navigation tasks. Unlike conventional re-

current architectures (e.g., RNNs, LSTMs) that rely on
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Table 3. Ablation Study of the proposed World Model.

Methods R2R-CE Val Unseen

TL ↓ NE ↓ OSR SR SPL NDTW SDTW

Base model 26.16 6.05 54.92 43.77 29.39 40.94 29.30

NavMorph 22.54 5.75 56.88 47.91 33.22 44.86 32.73
w/o 
re 20.25 5.85 54.27 45.51 32.38 45.92 32.21

w/o 
ac 25.14 5.96 56.06 44.81 31.22 43.04 30.49

w/o 
kl 25.69 6.30 57.15 44.10 30.44 41.20 29.91

NavMorph w/o SE 23.34 5.92 55.19 45.08 31.19 42.70 30.85

Note: ‘NavMorph w/o SE’ denotes NavMorph does not perform self-evolution. Last three rows

denote NavMorph pretrained with L without specific loss.

Table 4. Ablation Study on Contextual Evolution Memory (CEM).

Methods R2R-CE Val Unseen Testing
Time*

TL ↓ NE ↓ OSR SR SPL NDTW SDTW

Base Model 26.16 6.05 54.92 43.77 29.39 40.94 29.30 20.53s

NavMorph
LSTM-based 25.17 6.11 54.54 43.67 29.81 41.71 29.83 44.56s

CEM-based 22.54 5.75 56.88 47.91 33.22 44.86 32.73 21.22s

* Note: The last column displays the average execution time of the agnet for a single instruction, calculated on the

Validation Unseen set of R2R-CE dataset. Best results are shown in bold.

gradient-based backpropagation to update model parame-

ters for adaptation during online testing, CEM employs

a forward iterative update mechanism, efficiently integrat-

ing new observations without incurring excessive computa-

tional costs. To further validate this design choice, we con-

duct an ablation study under identical evaluation settings,

comparing our CEM-based self-evolution mechanism with

LSTM-based alternative. In the LSTM-based mechanism,

self-evolution is governed by an LSTM network, where op-

timization is performed via gradient backpropagation [16]

during online testing, and latent states are recursively up-

dated through recurrent processing: h̃t = LSTM(ht,ot).

As shown in Table 4, our NavMorph with the CEM-

based mechanism outperforms the LSTM-based approach

across all key metrics, demonstrating superior adaptabil-

ity in unseen environments. Notably, while both methods

improve generalization through self-evolution, the LSTM-

based approach incurs a 2.1× increase in testing time due

to its reliance on gradient-based optimization. These results

underscore the efficacy of our forward-update mechanism

in balancing generalization and efficiency in VLN-CE tasks.

Size of Contextual Evolution Memory Nm. We conduct

comprehensive ablation studies by varying the memory size

Nm within our Contextual Evolution Memory (CEM) from

100 to 5000. As shown in Figure 4, the model achieves

optimal performance with Nm = 1000, where SR peaks at

47.91% (a 4.14% improvement over baseline), OSR reaches

56.88%, and SPL attains 33.22%. Interestingly, we observe

that both smaller and larger memory sizes lead to perfor-

mance degradation. This suggests that insufficient mem-

ory capacity constrains the model’s ability to store essential

contextual information, while excessive memory potentially

introduces noise and redundancy that may interfere with ef-

fective decision-making. The results empirically validate a

memroy size of 1000 within CEM as the optimal balance

between contextual retention and adaptability, enhancing

the agent’s navigational robustness.
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Figure 4. Experimental Results of Different Memory Sizes Nm.

Table 5. Comparison with SOTA Online VLN Method.

Methods R2R-CE Val Unseen Time*

(s)TL ↓ NE ↓ OSR SR SPL NDTW SDTW

Base model 26.16 6.05 54.92 43.77 29.39 40.94 29.30 20.53

FSTTA [16] 28.25 6.67 55.41 43.94 29.63 42.76 29.34 27.34

NavMorph 22.54 5.75 56.88 47.91 33.22 44.86 32.73 21.22

* Note that the last column displays the average execution time of the VLN agent for a single instruc-

tion, calculated on the Validation Unseen set of R2R-CE.

Discussion. Astute readers may notice that our evolving

world model accumulates scene-specific information from

test environments stored as memory information during on-

line testing. While this memory mechanism operates with-

out access to ground truth actions of testing samples, it

may potentially raise concerns about evaluation fairness.

Recent research [16] has established the practical signifi-

cance of online test-time adaptation in VLN tasks, demon-

strating its value for real-world deployments where agents

must continuously adapt to novel environments. As shown

in Table 5, our self-evolving world model, which employs

memory-based forward updates, significantly outperforms

gradient-based test-time adaptation method, FSTTA [16],

in both navigation accuracy and efficiency. In fact, Rows

2-3 of Table 3 also demonstrate the effectiveness of our ap-

proach in leveraging accumulated information for efficient

adaptation while maintaining robust performance.

5. Conclusion
This paper presents NavMorph, a novel self-evolving world

model architecture that addresses the challenges of vision-

and-language navigation in continuous environments. At

its core, NavMorph integrates World-aware Navigator and

Foresight Action Planner to model environmental dynamics

in latent space, enabling effective adaptation to diverse on-

line scenarios through cross-episodic learning by the intro-

duced Contextual Evolution Memory mechanism. Exten-

sive experiments demonstrate the effectiveness of our ap-

proach, suggesting valuable directions for advancing adap-

tive navigation tasks in complex dynamic environments.

An open challenge is to design a navigational reward

function directly from ground truth, enabling explicit plan-

ning within world models to better balance task objectives

with environmental constraints, thus enhancing long-term

decision-making. Another promising direction lies in devel-

oping a modular world model framework with standardized

components, enabling flexible composition and evolution of

agent capabilities through systematic modular abstractions.
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