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Abstract

Vision-and-Language Navigation (VLN) requires agents to
autonomously navigate complex environments via visual im-
ages and natural language instructions—remains highly chal-
lenging. Recent research on enhancing language-guided nav-
igation reasoning using pre-trained large language models
(LLMs) has shown promising prospects. However, the rea-
soning of such methods is limited to the linguistic modal-
ity, lacking visual reasoning capabilities. Moreover, existing
reasoning modules are optimized separately from navigation
policies, leading to incompatibility and potential conflicts in
optimization objectives. To tackle these challenges, we intro-
duce UNeMo, a novel framework designed for the collabora-
tive optimization of visual state reasoning and navigational
decision-making. It introduces a Multimodal World Model
(MWM) that takes visual features, language instructions, and
navigational actions as inputs to jointly predict subsequent
visual states, enabling cross-modal reasoning. Via a Hierar-
chical Prediction-Feedback (HPN) mechanism, MWM col-
laborates with navigation policies: the first layer generates
actions using current vision-and-language features; MWM
then infers post-action visual states to guide the second
layer’s fine-grained decisions. This forms a dynamic bidirec-
tional promotion mechanism where MWM reasoning opti-
mizes navigation policies, while policy decisions feedback to
improve MWM’s reasoning accuracy. Experiments on R2R
and REVERIE datasets show UNeMo outperforms state-of-
the-art methods by 2.1% and 0.7% in navigation accuracy for
unseen scenes, validating its effectiveness.

Introduction
Vision-and-Language Navigation (VLN) requires an em-
bodied agent to achieve autonomous navigation from the
current to the target position in an unknown environment
based on visual observations and language instructions (An-
derson et al. 2018; Krantz et al. 2020a; Qi et al. 2020). This
capability constitutes the core foundation of an embodied
intelligent system. This task not only needs to address the
problem of efficient fusion of cross-modal information (Gu
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Figure 1: Comparison of main differences between UNeMo
and NavGPT2. UNeMo introduces MWM for visual state
reasoning and achieves joint optimization with the naviga-
tion policy via a hierarchical predictive-feedback navigator.

et al. 2022; Wu et al. 2024b) but also poses new challenges
to the construction of a perception-reasoning collaborative
mechanism in dynamic environments (Zhang et al. 2024b).

Traditional VLN methods use tailored end-to-end deep
learning frameworks, such as sequence-to-sequence mod-
els (Fried et al. 2018), attention-based cross-modal fusion
(Hong et al. 2021a), and graph-based representation learn-
ing (Krantz et al. 2020b). These jointly optimize vision-
language alignment and action policy learning to map mul-
timodal inputs to navigation decisions (An et al. 2024; Yue
et al. 2024). While performing well on large task-specific
datasets, they show poor policy generalization in out-of-
distribution environments or with novel instructions.

Large language models (LLMs) have recently shown
strong abilities in knowledge generalization and complex
reasoning, prompting research into their use for enhancing
VLN with promising results. Researchers have attempted to
use LLMs to assist VLN in tasks such as navigation instruc-
tion parsing (Yang et al. 2024), enhancing scene descriptions
(Wu et al. 2024a), and extracting task knowledge (Shah et al.
2023; Schumann et al. 2024; Wang et al. 2023a). NavGPT
further leverages the decision-making capabilities of LLMs
to directly predict navigation actions (Zhou, Hong, and Wu
2024). However, due to the lack of training on navigation
data, the performance of such methods is inferior to tradi-
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tional VLN-specialized approaches.
Accordingly, NavGPT2 employs navigation data to con-

duct knowledge distillation on LLMs, thereby constructing
a navigation-specialized LLM (Zhou et al. 2024), as illus-
trated in Fig. 1. Equipped with a navigational reasoning
LLM, this approach achieves performance on par with VLN-
specialized methods. However, NavGPT2 is trained exclu-
sively via language-guided reasoning modules, rendering it
incapable of visual state reasoning. Furthermore, its naviga-
tional reasoning module is frozen during the training phase
of navigation policies, creating a disconnect between the
reasoning process and navigation optimization. This hinders
the dynamic refinement of navigational reasoning capabili-
ties in response to policy training progress, thereby imposing
inherent limitations on navigation performance.

To address the aforementioned issues, we propose an
Unlock Next Moment (UNeMo) framework, which enables
the collaborative optimization of cross-modal reasoning and
navigation policies. Specifically, the framework introduces
a Multimodal World Model (MWM) to implement vision
state reasoning: it takes the agent’s current observed visual
features, language instruction features, and navigation ac-
tion prediction results as inputs, and predicts the next visual
state through joint modeling, as shown at the bottom of Fig.
1. The MWM and navigation policies adopt a synchronous
optimization mechanism, endowing the navigation policies
with vision-language cross-modal reasoning capabilities. To
enhance the collaborative effectiveness between the world
model and navigation policies, this study designs a Hierar-
chical Prediction-Feedback Navigator (HPFN). This navi-
gator employs a hierarchical decision-making architecture:
first, it performs coarse-grained navigation action prediction
based on current vision-language features; subsequently, it
uses the MWM to predict the visual state of the future node
that the agent will reach after executing the action, and inte-
grates this visual feedback feature into the decision-making
process of the navigation policy to guide fine-grained navi-
gation action prediction.

Through the synchronous optimization of multimodal rea-
soning and navigation decision-making, UNeMo constructs
a dynamic bidirectional promotion mechanism: the deci-
sions of the navigation policy feed back into the state pre-
diction of the world model, while the reasoning results of
the world model continuously optimize the navigation pol-
icy.

The contributions can be summarized as follows:

• We propose MWM, a multimodal world model that
jointly captures visual observations, language instruc-
tions, and navigation-action predictions to enable dy-
namic visual state reasoning.

• We design a hierarchical prediction-feedback naviga-
tor, employing a closed-loop interaction paradigm of
coarse-grained action prediction → world-model vi-
sual state feedback → fine-grained decision refinement,
thereby strengthening the synergy between navigational
reasoning and decision making.

• Extensive experiments on the R2R and REVERIE bench-
marks demonstrate that, in unseen environments, UN-

eMo outperforms state-of-the-art methods by 2.1% and
0.7% in success rate, respectively, underscoring its ef-
ficacy in enhancing generalization and navigation accu-
racy in complex VLN scenarios.

Related Work
Traditional research in Vision-Language Navigation (VLN)
has centered on state representation learning, including re-
current neural network (RNN)-based historical state mod-
eling (Hong et al. 2021b), sequential encoding for tem-
poral information processing (Chen et al. 2021), topolog-
ical map construction for spatial connectivity (An et al.
2024; Chen et al. 2022), and grid map development for pre-
cise localization (Liu et al. 2023), Additionally, frameworks
such as SUSA (Zhang et al. 2024a) have introduced hybrid
semantic-spatial representations to enhance vision-language
alignment. Recent advances have shifted toward leveraging
Large Language Models (LLMs) to enhance navigation ca-
pabilities.

Navigation with LLM. LLMs, with their strong seman-
tic understanding and reasoning abilities, have been increas-
ingly applied to navigation agents (Huang et al. 2022; Yao
et al. 2023; Shah et al. 2023; Schumann et al. 2024; Wang
et al. 2023a). Early approaches decoupled LLMs from core
navigation systems—using GPT-2 for subtask hints (Qiao
et al. 2023) or GPT-4 prompts to translate instructions
into actions (Song et al. 2025)—limiting holistic integra-
tion. Recent work embeds LLMs directly, such as zero-shot
NavGPT (Zhou, Hong, and Wu 2024), MapGPT (Chen et al.
2024), MC-GPT (Zhan et al. 2024), and fine-tuned LLaMA-
7B variants like LangNav (Pan et al. 2023) and NavCoT (Lin
et al. 2025). Despite improvements, these agents still lag be-
hind specialized VLN models in accuracy and transparency.
NavGPT-2, which freezes the LLM as a vision-language en-
coder with imitation learning (Zhou et al. 2024), lacks dy-
namic scene adaptation. In contrast, our work integrates a
future-state prediction module to dynamically forecast envi-
ronmental changes for enhanced decision-making.

World Model for VLN. World models (Ha and Schmid-
huber 2018) compress high-dimensional sensory data
into dynamic state representations, supporting embod-
ied decision-making. Prior studies explored diverse ar-
chitectures for environmental feature encoding (Chang,
Gupta, and Gupta 2020; Purushwalkam et al. 2020), while
sampling-based planners used these representations for self-
supervised policy learning (Sekar et al. 2020; Yen-Chen,
Bauza, and Isola 2020). Pathdreamer (Koh et al. 2021) and
Dreamwalker (Wang et al. 2023b) predict future observa-
tions (pixel-level or abstract) to extend planning horizons
but focus solely on forward exploration. LookAhead (Wang
et al. 2024) employs a hierarchical neural radiance field
to generate multi-scale future embeddings. However, these
methods separate state prediction from policy learning. Our
work introduces a joint framework for simultaneous fu-
ture state prediction and proposes a hierarchical prediction-
feedback mechanism that co-optimizes state inference and
action selection, fully integrating predicted future states into
navigation decisions for more precise navigation.

18316



Word 
Feature

…

View 1
View 2

View K

Visual observation Ot

ViT

Auto
Encoder

Vision
Embedding

Condition

Candidate node

Current node

Unseen node

Lookahead node

Visited node

Visual
Feature

Update

3x
MLP

Sample
σ

μ

MLP

Freeze

Update

Local view
feature of Vit

Full view
feature of Vit

Instruction T: Go
through the living
room and turn left
in between the
couches and. …

Multimodal World Model

Local view feature of Vit

Candidate view feature of Vit

LLM 

Graph

UNeMo

… …

vj

+

+

Cross-Attention

MLP

+

Hierarchical Prediction
Feedback Navigator

Policy 
FFN

Topology Node 
Embedding

Graph

Cross-Attention

Select node for MWM reasoning 

V
Policy 
FFN

MWM

action 

vj

v1
v2
…

vj
…

Navigation 
by 

Auto
Decoder

Figure 2: Overview of the UNeMo framework. Similar to NavGPT2, the input visual observation Ot and instruction Tare
processed through a pre-trained LLM encoder to obtain visual and word features, respectively. UNeMo introduces two key
components: (1) The Multimodal State Reasoning module receives partial-view representations of the highest-scoring action
node and predicts its complete post-execution visual state; (2) The Decision Making module fuses these state-reasoning results
with linguistic features for final navigation action selection.

Preliminary
Problem setup
In the VLN task, agents need to parse multimodal informa-
tion to achieve goal-oriented path planning in discrete topo-
logical spaces. Specifically, an agent must understand the
global natural language instruction I and select a naviga-
tional action at based on the current visual observation vt.
This process is repeated until the target location is reached
or the number of steps exceeds a threshold.

The action prediction in VLN can be formulated as a
node-selection problem. Early methods confined this space
to the local neighborhood of the agent’s current node; more
recent approaches have extended it to the global scale by
constructing an explicit topological map (Chen et al. 2022;
Zhou et al. 2024). The agent builds a topological map G =
(V, E) based on the nodes it has visited and the nodes within
its visual range, where V = {v1, v2, ..., vN} denotes the set
of N navigable nodes, and E represents the set of connecting
edges between nodes. At each time step t, the agent acquires
observations of adjacent navigable nodes at the current posi-
tion and updates the topological map Gt. For visited nodes,
the node embedding is the observation at that node. For un-
visited but partially observable nodes, the node embedding
aggregates the average of all partial-view embeddings ob-
served from other visited nodes. The final action prediction
at corresponds to selecting a node v ∈ V .

LLM-based navigator
We adopt NavGPT2 (Zhou et al. 2024), one of the most ad-
vanced LLM-based navigation approaches to date, as our

base model. NavGPT2 incorporates three core components:
node embedding, decision making, and loss function. For
node embedding, it employs a Topology Node Embedding
(TNE) encoder. Specifically, let Eo and Ex denote the vi-
sual (observation) and textual (instruction) features, respec-
tively. These are jointly encoded by a pretrained LLM to
produce the corresponding features F o and F x. The TNE
encoder then projects these embeddings into a shared topo-
logical space to form the node embeddings used for naviga-
tion:

Vt = TNE(F o, F x). (1)

For decision making, a two-layer feedforward network is
used to predict the score of each navigational action, and the
node with the highest score is selected for action execution.
The decision-making process is as follows:

at = max
(
Softmax(FFN(Vt))

)
. (2)

For the loss function, NavGPT2 integrates behavioral
cloning and DAgger (Ross, Gordon, and Bagnell 2011) ob-
jectives into a single training criterion:

Lbase = λLBC + LDAG, (3)

where LBC = −
∑T

t=1 log π(v
∗
t | I,Gt) optimizes for ex-

pert demonstrations v∗t , while LDAG = −
∑T

t=1 log π(ṽ
∗
t |

I, G̃t) leverages pseudo-labels ṽ∗t derived from shortest-path
analysis on the agent’s topological map G̃t, with hyperpa-
rameter λ balancing their contributions.
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Method
Overview
Our framework is illustrated in Figure 2. Similar to
NavGPT2, input visual observations Ot and instructions T
are processed via a pre-trained LLM encoder to generate
visual and word features, respectively. To endow the agent
with visual reasoning capabilities, we introduce a Multi-
modal World Model (MWM) for visual state prediction: this
module takes the current visual state encoding, instruction
encoding, and navigation action as inputs, and predicts the
next visual state the agent will encounter. This predicted vi-
sual state updates the embedding of each navigation node,
enriching the agent’s representation with forward-looking
information to support more informed navigation decisions.
To mitigate objective conflicts arising from separate opti-
mization of the navigation policy and reasoning module, we
further propose a Hierarchical Prediction-Feedback Naviga-
tor. This mechanism enables bidirectional interaction: navi-
gation policy decisions feed back to refine the world model’s
state predictions, while the world model’s reasoning outputs
continuously optimize the navigation policy. Together, these
components facilitate the joint optimization of navigation
reasoning and decision-making processes.

Multimodal World Model
While topological maps encode historical
states—encompassing visual observations and node
connectivity—they lack information about future states.
Given that future state prediction enhances navigation
performance (Li and Bansal 2023; Wang et al. 2023b,
2024), we introduce a Multimodal World Model (MWM)
to predict future visual states, leveraging the topological
map’s representation of past states. We employ Conditional
Variational Autoencoders (CVAE) (Sohn, Lee, and Yan
2015) to construct the MWM, which comprises an encoder
for aligning and fusing multimodal inputs, and a decoder
for reasoning about the next-step visual state.

The encoder uses cross-attention to align visual obser-
vations with language instructions. At time t, the naviga-
tor generates a node-scoring distribution at over the topo-
logical map, selecting the highest-scoring node j. The par-
tially observed view embedding Eo

j ∈ R1×768 (visual ob-
servation of neighbor j) is combined with instruction fea-
ture F x ∈ RN×768; both feed into cross-attention for fusion,
yielding cj ∈ R1×768, formally:

cj = Softmax

(
WqE

o
j (WkF

x)⊤
√
d

)
WvF

x, (4)

W∗ denotes learnable projection matrices, with subscripts
q, k, v indicating mappings to attention query, key, and value
vectors; d is the scaling factor. Specifically, observed-view
embedding Eo

j projects to the query, and instruction em-
bedding F x projects to key/value. Stacking L = 3 cross-
attention layers yields the final cross-modal embedding cj ∈
R1×768 (matching query dimensionality). This fused feature
is fed through two MLPs to estimate future-state distribution
parameters: mean µt and variance σ2

t .

In the decoder, the mean µt and variance σ2
t are first repa-

rameterized to sample the latent variable zt = µ+σ⊙ε, ε ∼
N (0, 1), In the decoder, µt and σ2

t are reparameterized to
sample latent zt = µ + σ ⊙ ε (ε ∼ N (0, 1)). Node j’s
intrinsic embedding vtj is concatenated with zt as a condi-
tional feature; an MLP then uses this vector to predict future
visual-state embedding Ŝo

t+1 = MLP(zt; v
t
j). Thereforce,

The entire visual state reasoning process of MWM can be
formulated as:

Ŝo
t+1 = CVAE(Eo

j , F
x|vj), (5)

this reasoning visual-state is integrated into the subse-
quent Hierarchical Prediction-Feedback Navigator to en-
hance navigation performance.

Hierarchical Prediction-Feedback Navigator
Although the MWM enables prediction of future visual
states, integrating these predictions into the navigation pol-
icy remains an open challenge. Here we employ the predic-
tion of MWM to upadate node embeddings and guide deci-
sion making.

To update the node embeddings, we first pass topological-
map node embeddings Vt = {vt,i}Ki=1 through a two-layer
feedforward network to predict the look ahead action a′t.
Then we employ the MWM to predict the visual-state em-
bedding after executing the lookahead exploration Ŝo

t+1 as
described in Eq. 5. This prediction Ŝo

t+1 embodies the ex-
pected observation once the agent arrives at node j. We in-
troduce a cross-attention module to enable deep interaction
between the topological-map node features and the MWM’s
predicted state. Specifically, we treat the node embeddings
Vt as query vectors, and the predicted next-state embedding
Ŝo
t+1 as key/value vectors. Between cross-attention layers,

we use the residual connection to preserve the original node
information. Through successive cross-attention layers, the
node embeddings are progressively enriched with lookahead
information, yielding updated representations:

V ′
t = Softmax

(
WqVt(WkŜ

o
t+1)

⊤
√
d

)
WvŜ

o
t+1, (6)

where W∗ denotes a learnable weight matrix, and the sub-
scripts q, k and v refer, respectively, to the query, key, and
value projections in the attention mechanism. d is the scal-
ing factor.

To incorporate this lookahead prediction into the naviga-
tion policy, the updated node embeddings V ′

t are fed into the
policy head to compute the action-probability distribution
for the next time step:

a′′t = max
(
Softmax(FFN(V ′

t))
)
. (7)

Experiments
Experiment Settings
Datasets Our work primarily focus on the path instruc-
tion following task on the Room-to-Room (R2R) benchmark
dataset (Anderson et al. 2018). R2R requires an agent to
follow step-by-step natural language instructions, averaging
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32 words in length. To rigorously evaluate the generaliza-
tion capabilities of our approach, we additionally conduct
evaluations on the REVERIE benchmark (Qi et al. 2020).
REVERIE presents more challenging high-level instructions
(averaging 21 words), such as ”Find the cell phone on the
nightstand in the bedroom”, and requires the agent to navi-
gate to the target location and localize a distant target object
within a pre-defined ground-truth bounding box. Notably,
the expert demonstration path lengths in REVERIE range
from 4 to 7 steps, compared to an average of 6 steps in R2R.

Evaluation Metrics We adopt the widely recognized eval-
uation framework in vision-and-language navigation. For
core navigation performance assessment, key metrics in-
clude: Success Rate (SR), measuring the proportion of paths
where the agent’s final position is within a preset threshold
(typically 3 meters) from the goal; Success weighted by Path
Length (SPL), which jointly considers task success and path
efficiency; Trajectory Length (TL) representing the average
path length in meters; Navigation Error (NE) indicating the
average distance between the agent’s final position and the
target; and Oracle Success Rate (OSR) showing success rate
under ideal stopping policy. For object referral evaluation,
following REVERIE (Qi et al. 2020), we employ Remote
Grounding Success (RGS) to assess the proportion of suc-
cessfully reaching the correct area and accurately locating
the target object, along with its path-length-weighted vari-
ant (RGSPL). Among all metrics, except TL and NE where
lower values indicate better performance, higher values rep-
resent superior results for other indicators.

Implementation Details To demonstrate that UNeMo
serves as a generalizable framework applicable to di-
verse baseline architectures, we validate its effectiveness on
two distinct topology-based navigation policies: NavGPT2
(Zhou et al. 2024) and DUET (Chen et al. 2022). Both poli-
cies share a common limitation: while capable of processing
vision-language inputs and constructing topological repre-
sentations via imitation learning, they lack prospective state
reasoning capabilities. To address this gap, we integrate ex-
plicit state reasoning tasks into both systems using the UN-
eMo framework. Our experiments retain all baseline pre-
training results and introduce UNeMo exclusively during
the fine-tuning phase. An important implementation distinc-
tion lies in their modality processing: DUET employs con-
ventional vision-language pretraining for feature extraction,
whereas NavGPT2 acquires representations via LLM inter-
mediate layer distillation. This difference provides a con-
trolled setting for evaluating UNeMo’s adaptability to di-
verse multimodal inputs. All experiments were conducted on
Ubuntu 22.04 using NVIDIA RTX 4090 GPUs (single-GPU
configuration), with complete environment specifications to
be provided in our open-source code repository later.

Comparison with State of the Art
R2R Result For the R2R dataset experiments, we com-
pared our method with state-of-the-art (SOTA) approaches
in LLM-based vision-and-language navigation, including

NavCoT (Lin et al. 2025), LangNav(Pan et al. 2023), Nav-
iLLM(Zheng et al. 2024), and NavGPT2(Zhou et al. 2024).
These methods formulate navigation as a language model-
ing problem, employing either prompt engineering or sim-
ple imitation learning paradigms for end-to-end navigation
decision-making.

As shown in Table 1, the results demonstrate that our
method outperforms several competitive methods on both
val unseen and test unseen splits. Specifically, on the val un-
seen split, our approach achieves improvements of 2.1% in
SR and SPL compared to baseline methods. For the more
challenging test unseen split, these key metrics show gains
of 1.5% and 1.3%, respectively. Notably, UNeMo exhibits
superior efficiency: with only a FlanT5-1.5B backbone (30%
parameters of NavGPT2’s FlanT5-5B), it requires less than
half the GPU memory (12GB vs 27GB) while deliver-
ing better navigation performance. Furthermore, UNeMo
demonstrates particular robustness in long-horizon naviga-
tion: on the R2R val-seen split, it exhibits significantly larger
SR gains on long paths than on short paths. For long paths
with a length of ≥7, its SR increases from 64.2% to 69.8%,
a 5.6% improvement, whereas for short paths with a length
of <7, the SR only rises slightly from 71.1% to 72.3%, with
a gain of 1.2%. This indicates its enhanced capability in han-
dling complex, long-trajectory navigation scenarios.

These results confirm two core advantages of our method:
(1) high efficiency via a compact model that reduces
GPU memory footprint while retaining strong performance;
(2) superior long-horizon robustness from the multimodal
framework’s enhanced reasoning. This provides a practical
path for developing efficient, scalable LLM-based naviga-
tion systems.

REVERIE Results We validate UNeMo’s effectiveness
on goal-oriented navigation via the REVERIE dataset, with
comparative experimental results presented in Table 2.
DUET denotes the original results from the method’s pa-
per, while DUET* represents our reproduced results—and
UNeMo outperforms DUET* across all metrics. Specif-
ically, UNeMo achieves a navigation SR of 49.36% on
Val Unseen and 53.21% on Test Unseen, surpassing both
DUET and DUET*. Its remote RGS reaches 34.28% on
Val and 32.15% on Test, outperforming DUET’s 32.15%
and 31.88% as well as DUET*. Notably, UNeMo shows
marginal drops in path efficiency metrics SPL and RGSPL.
This stems from REVERIE’s natural language instructions
providing only coarse-grained object descriptions, unlike
R2R’s detailed route guidance, which makes REVERIE’s
task emphasize agents’ exploration and path correction ca-
pabilities. Unlike DUET’s sole reliance on imitation learn-
ing, UNeMo’s hierarchical prediction-feedback mechanism
incorporates prospective exploration before navigation de-
cisions, enabling course correction for excessive devia-
tions. This may require extra exploratory actions but en-
sures target arrival. The trade-off between path efficiency
and task success aligns with practical goal-oriented navi-
gation needs, confirming UNeMo prioritizes core naviga-
tion requirements—success rates—over marginal efficiency
losses.
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Methods Freeze
LLM

Val Unseen Test Unseen

TL NE↓ OSR↑ SR↑ SPL↑ TL NE↓ OSR↑ SR↑ SPL↑
NavCoT(LLaMa2-7B) No 9.9 6.3 48 40 37 - - - - -
LangNav(LLaMa2-7B) No - - - 46 - - - - - -
NaviLLM(Vicuna-7B) No 12.8 3.5 - 67 59 13.2 3.7 - 68 60

NavGPT2(FlanT5-1.5B) Yes 12.8 3.3 79 70 59 13.5 3.4 77 71 60
NavGPT2(FlanT5-5B) Yes 13.6 3.1 81 72 61 14.6 3.4 78 71 60

UNeMo(FlanT5-1.5B) Yes 13.1 3.0 79.6 72.1 61.1 13.9 3.1 78.4 72.5 61.3

Table 1: Performance comparison with SOTA LLM-based VLN methods on R2R.

Methods Val Unseen Test Unseen

TL OSR↑ SR↑ SPL↑ RGS↑ RGSPL↑ TL OSR↑ SR↑ SPL↑ RGS↑ RGSPL↑
RecBERT 16.78 35.02 30.67 24.9 18.77 15.27 15.86 32.91 29.61 23.99 16.5 13.51
AirBert 18.71 34.51 27.89 21.88 18.23 14.18 17.91 34.2 30.28 23.61 16.83 13.28
HAMT 14.08 36.84 32.95 30.2 18.92 17.28 13.26 33.41 30.40 26.67 14.88 13.08
DUET* 26.17 51.95 46.66 31.03 32.32 21.41 24.25 57.91 52.61 34.82 31.12 20.71
DUET 22.11 51.07 46.98 33.73 32.15 23.03 21.30 56.91 52.51 36.06 31.88 22.06

UNeMo 24.46 53.99 49.36 32.84 34.28 22.90 23.90 58.82 53.21 35.17 32.15 20.90

Table 2: Performance Comparison on REVERIE Dataset. *indicates reproduced results.

Ablation Study
This section presents systematic ablation experiments to val-
idate the effectiveness of different state reasoning methods
and hierarchical prediction feedback mechanisms.

Comparison of Different State Reasoning Methods
Since state reasoning’s effectiveness hinges on the chosen
approach, we develop several variants to identify the most
suitable method. We propose a state deduction framework
that enhances multi-modal reasoning through future state
prediction, implemented via two paradigms: topology-map-
based state prediction and vision-based state decoding.

In the topology-map-based approach, the agent dynam-
ically constructs a graph-structured topological map Gt

where node features are aggregated via average pooling to
form the current state representation St. This representation
is transformed through an MLP, then updated to St+1 after
expert action execution. As shown in Row 2 (TopoState) of
Table 3, this method achieves 2.2% and 1.7% improvements
in SR and SPL, respectively. However, it suffers from label
acquisition constraints—requiring additional navigation ac-
tions and map updates to obtain state labels.

We provide a vision-based alternative: directly predicting
candidate view features of expert-action-targeted nodes as
future state representations. Row 3 (Cond2Vis) of Table 3
demonstrates 2.4% SR and 2.7% SPL gains on R2R val-
unseen data. Notably, predicted states do not directly influ-
ence decisions but implicitly optimize node encoding fea-
tures Vt through gradient backpropagation. Both methods
significantly improve SR and SPL metrics, proving that this
design enables node embedding spaces to autonomously em-
bed latent environmental state dynamics, thereby enhancing
navigation performance.

We also conduct comprehensive ablation studies on the

R2R dataset’s val unseen split to evaluate our UNeMo
framework’s Multi-modal World Model. As demonstrated
in Table 3, the experimental results reveal that utilizing lo-
cal observations of future states from current nodes as input,
coupled with decoding compressed visual features through
the joint navigation module’s condition features (Cond2Vis),
significantly enhances the agent’s navigation capability (SR:
72.4% vs. baseline 70%). However, the world model-based
visual feature decoding approach (Vis-WM), which pre-
dicts future states solely from partial observations, shows
marginally inferior performance (SR: 71.8%) compared to
Cond2Vis. To address this limitation, we incorporate natural
language instructions containing action prompts and scene
descriptions, implementing cross-attention fusion with lo-
cal observations of visual features (UNeMo). The final re-
sults achieve state-of-the-art (SOTA) performance, exhibit-
ing 2.9% (SR: 72.9%) and 2.7% (SPL: 61.7%) improve-
ments over the baseline.

In conclusion, our ablation experiments substantiate the
efficacy of state reasoning methods for LLM-based Vision-
and-Language Navigation (VLN) systems. Considering the
practical challenges in acquiring topological map state la-
bels, we propose a novel approach that leverages Multi-
modal World Model for vision-language data fusion to in-
fer future visual states, while systematically validating the
utility of each modular component.

Ablation Analysis of Hierarchical Prediction-Feedback
Navigator To rigorously validate the pivotal role of the
hierarchical prediction-feedback mechanism within the UN-
eMo framework, this study constructs a dedicated baseline
model that explicitly excludes the Hierarchical Prediction-
Feedback Navigator (HPFN) for systematic comparative
analysis. As demonstrated in Table 4, when the frame-
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Methods Modality Val Unseen

Vision Language TL NE↓ OSR↑ SR↑ SPL↑
NavGPT2 × × 12.8 3.33 79 70 59

TopoState × × 13.2 3.08 80 72.2 60.7
Cond2Vis ✓ × 12.6 3.09 79.7 72.4 61.7

Vis-WM ✓ × 13.4 3.18 80.6 71.8 60.7
UNeMo ✓ ✓ 13.3 3 80.6 72.9 61.7

Table 3: Comparison of Different State Reasoning Methods. “TopoState” denotes the topology-map-based approach,
“Cond2Vis” denotes vision-based approach, “Vis-WM” denotes the vision-based world model, “UNeMo” denotes our multi-
modal-based world model.

Methods Val Unseen

TL NE↓ OSR↑ SR↑ SPL↑
MWM only 13.1 3.3 79.7 71.5 61.0

a′ only 13.1 3.0 79.6 72.1 61.1
a′′ only 13.3 3.0 80.6 72.9 61.7
a′ and a′′ 14.1 3.2 80.3 72.1 60.3

Table 4: Ablation Study on Dual-Phase Action Learning
policies in Hierarchical Prediction-Feedback Navigator.

work solely employs the MWM as an auxiliary training
branch without the integration of HPFN, the navigation met-
rics—including key indicators such as success rate, path
length, and normalized dynamic time warping—on the val-
idation Unseen set exhibit a substantial decline, rendering
them significantly inferior to those of the optimized solu-
tion that incorporates HPFN. This compelling empirical ev-
idence directly substantiates the critical function of the hi-
erarchical decision-making mechanism in enhancing overall
navigation performance, as it bridges the gap between visual
state reasoning and actionable navigation policies.

Furthermore, to gain deeper insights into the optimal con-
figuration of HPFN, we designed comparative experiments
to evaluate different learning policies for HPFN’s dual-node
scoring mechanism, systematically examining three distinct
approaches: learning solely from action1 scoring(a′ only),
learning solely from action2 scoring(a′′ only), and joint
learning from both scoring processes(a′ and a′′). Our exper-
imental results demonstrate that the learning policy focusing
on the second scoring output - which integrates state infer-
ence results from MWM - optimally balances navigation ac-
curacy and path efficiency in HPFN, thereby establishing the
most effective decision-making framework for the UNeMo
method.

Conclusion
This paper addresses the key challenges in Vision-and-
Language Navigation (VLN), where existing LLM-based
methods are limited by insufficient visual reasoning capabil-
ities and disjoint optimization between reasoning modules
and navigation policies. We propose UNeMo, a novel frame-

work that enables collaborative optimization of visual state
reasoning and navigational decision-making through its
Multimodal World Model (MWM) and hierarchical mech-
anism. MWM facilitates cross-modal reasoning by jointly
predicting subsequent visual states from visual features, lan-
guage instructions, and navigational actions. The hierar-
chical interaction between MWM and navigation policies
establishes a dynamic bidirectional promotion mechanism,
where MWM reasoning enhances policy optimization while
policy decisions refine MWM’s reasoning accuracy. Ex-
perimental results on R2R and REVERIE datasets demon-
strate that UNeMo outperforms state-of-the-art methods,
validating its effectiveness in improving VLN performance.
This work highlights the potential of integrating multimodal
world modeling with hierarchical decision-making mech-
anism, offering a new direction for developing more ro-
bust and adaptive VLN agents. Furthermore, benefiting from
Matterport3D’s real-world data, UNeMo narrows the visual
gap between simulation and reality. Our future work will
extend UNeMo to more complex settings and validate its
real-world navigation performance via physical robot de-
ployment.
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