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Abstract

Vision-Language Navigation (VLN) tasks often leverage
panoramic RGB and depth inputs to provide rich spatial cues
for action planning, but these sensors can be costly or less ac-
cessible in real-world deployments. Recent approaches based
on Vision-Language Action (VLA) models achieve strong
results with monocular input, yet they still lag behind meth-
ods using panoramic RGB-D information. We present Mon-
oDream, a lightweight VLA framework that enables monocu-
lar agents to learn a Unified Navigation Representation (UNR).
This shared feature representation jointly aligns navigation-
relevant visual semantics (e.g., global layout, depth, and fu-
ture cues) and language-grounded action intent, enabling more
reliable action prediction. MonoDream further introduces La-
tent Panoramic Dreaming (LPD) tasks to supervise the UNR,
which train the model to predict latent features of panoramic
RGB and depth observations at both current and future steps
based on only monocular input. Experiments on multiple VLN
benchmarks show that MonoDream consistently improves
monocular navigation performance and significantly narrows
the gap with panoramic-based agents.

Project page —
https://horizonrobotics.github.io/robot_lab/monodream

Introduction

Vision-Language Navigation tasks (Wu et al. 2024; Anderson
et al. 2018; Gu et al. 2022) require embodied agents to fol-
low language instructions and navigate to specified targets in
3D environments. Early successful approaches often rely on
global perceptual inputs, such as panoramic RGB-D images
(Hong et al. 2022; Wang et al. 2023; An et al. 2022), which
provide a wide field of view and explicit visual and geomet-
ric information. These inputs allow agents to build a more
complete understanding of the environment and achieve high
navigation success rates.

However, panoramic cameras and depth sensors introduce
higher cost, power consumption, added weight and hard-
ware integration complexity, making them less practical in
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many real-world deployments. Recent research has there-
fore focused on more lightweight settings where the agent
is equipped with only a single forward-facing RGB camera
(Zhang et al. 2024b,a; Cheng et al. 2024).

While monocular agents are easier to deploy, their nav-
igation performance still lags significantly behind systems
with panoramic RGB-D inputs. This gap arises from the nar-
row egocentric view of monocular agents, which limits the
ability to infer latent global spatial and geometric cues that
are beneficial for navigation. While such cues can be more
directly captured from panoramic or depth observations, they
are harder to extract from a monocular view. For example,
when navigating a building, the agent may see a long hallway
but be unaware of a side door or staircase just outside its view.
Such blind spots make it difficult to reason about local cues
into a coherent global picture and plan several steps ahead,
which are all critical for reliable navigation.

To tackle this issue, we propose MonoDream, a
lightweight VLA framework that equips monocular VLN
agents with a latent imagination capability. Our approach
is built upon a key insight: navigation-relevant information,
including the predicted actions and the understanding of the
global scene, can be encoded into a shared representation
space and could be inferred by the agent. This insight is
inspired by neuroscientific findings that the human brain rea-
sons the current panoramic scene from partial views (Robert-
son et al. 2016) and internally simulates upcoming scenes
based on intention (Seeber et al. 2025). MonoDream enables
monocular agents to learn to infer and complete a holistic
understanding of the current and future environments from
limited egocentric observations.

To achieve this, MonoDream jointly aligns the navigation-
relevant information, including implicit action intent,
panoramic scene layout, depth perception, and future dy-
namics, into a unified latent space called the Unified Naviga-
tion Representation (UNR). The UNR can be decoded into
navigation actions or directly as features of global informa-
tion. We further design Latent Panoramic Dreaming (LPD)
tasks that supervise the UNR by aligning the latent features
of panoramic RGB-D observations at both the current and
future steps. These tasks encourage the agent to develop a
coherent, geometry-aware and future-aware internal model
of the environment, enabling more informed navigation deci-
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Figure 1: Overview of the MonoDream framework. MonoDream employs a Vision-Language Action (VLA) framework to encode
both visual observations and textual instructions into a Unified Navigation Representation (UNR). The Action Prediction task
generates the next action in natural language and is trained with action loss. The Latent Panoramic Dreaming (LPD) encourages
the model to internally imagine the latent features of panoramic RGB-D images of current and future steps, providing global
visual and geometric context via feature-basd loss. This multi-task co-training enables monocular agents to reason beyond the
limited field of view and make more informed navigation decisions.

sions from limited monocular input. Our contributions are as
follows:

* We propose MonoDream, a novel monocular VLN frame-
work that enhances the agent’s internal global-aware abil-
ity. MonoDream enables the agent to infer implicit global,
geometric and temporal context with monocular images.

* We introduce two key components: a Unified Navigation
Representation that jointly encodes navigation actions
and latent global scene, and Latent Panoramic Dreaming
tasks that supervise UNR learning from current and future
panoramic RGB-D latent features.

* We demonstrate the effectiveness of MonoDream by
achieving state-of-the-art performance on the monocu-
lar VLN-CE benchmark, including R2R-CE and RxR-CE,
while using a smaller VLA model without external train-
ing data. Cross-dataset evaluations further validate the
strong generalization ability of our approach.

Related Work
Vision Language Navigation

Vision-Language Navigation tasks (Nguyen et al. 2019; Wang
et al. 2022; Wu et al. 2020; Schumann et al. 2024) challenge
an embodied agent to follow natural language instructions
and reach a target location within a previously unseen envi-
ronment. Although early approaches largely focus on discrete
navigation settings (Hong et al. 2021; Chen et al. 2021; Liu
et al. 2023), where the agent moves along a predefined graph
and typically has access to panoramic RGB-D observations,
more recent studies (Hong et al. 2022; Wang et al. 2023; An
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et al. 2022; Dai et al. 2024) have shifted toward more real-
istic, continuous environments to predict low-level actions,
and some works also begin to investigate monocular RGB-D
settings.

Recent works based on large models (Liu et al. 2025;
Zhang et al. 2024a; Cheng et al. 2024; Wei et al. 2025) lever-
age large-scale, RGB-only video models to build monocular
VLN systems with enhanced generalization and real-world
applicability. However, agents in these works rely on a single
forward-facing RGB camera, which poses additional chal-
lenges due to the limited field of view and the absence of
explicit depth information. Some works (Wang et al. 2024b;
Wang, Lee, and Lee 2025) attempt to use neural rendering
techniques to recover observations from novel viewpoints
from the reconstructed map. However, these methods rely
on additional localization and mapping modules, and their
performance still falls significantly short compared to ap-
proaches that directly utilize the panoramic input.

To tackle the limitation, MonoDream introduces LPD
tasks, predicting the latent features of global and geometric
information as auxiliary tasks, to enhance the performance
of monocular VLN systems. We demonstrate that our monoc-
ular navigation model with the unified navigation representa-
tion, equipped with panoramic, depth, and future awareness
through auxiliary supervision, achieves state-of-the-art per-
formance in monocular settings.

Vision Imagination in Embodied Agents

Learning to imagine vision information has become an in-
creasingly popular strategy for improving policy learning in
embodied agents, particularly when the agent operates un-



der egocentric and limited monocular observations. In such
settings, inferring spatial layouts, geometric structures, and
future dynamics beyond the current observation becomes
essential for decision-making. Early approaches (Wu et al.
2023; Wang et al. 2024a) often adopt a two-stage pipeline,
where future states are predicted using off-the-shelf world
models (Zheng et al. 2024; Bar et al. 2025) or neural render-
ing (Mildenhall et al. 2021; Kerbl et al. 2023) from recon-
structed maps. Although simple and modular, these methods
are inherently constrained by the accuracy and generalizabil-
ity of the underlying world models. More recent works (Cen
et al. 2025; Tian et al. 2024; Chen et al. 2024) advocate for
end-to-end training paradigms that integrate forecasting and
action planning within a unified framework. These methods
allow the agent to jointly predict future observations and ac-
tions, leading to improved performance and generalization.
Notably, DreamVLA (Zhang et al. 2025) introduces a future-
aware policy that forecasts dynamics, depth, and semantics
simultaneously from monocular RGB input, demonstrating
the benefits of future modeling in visual language tasks.

Our proposed MonoDream is the first VLN framework
to learn a unified latent representation supervised by global
panoramic scene layouts, while using only monocular RGB
images as input. This panoramic-aware latent supervision
equips the agent with a holistic spatial understanding essen-
tial for navigation, and leads to state-of-the-art performance
under the monocular setting.

Method

Overview. We study monocular Vision-and-Language Nav-
igation in Continuous Environments (VLN-CE), where an
agent navigates in realistic spaces based on natural language
instructions. At each step ¢, the agent receives three types of
inputs: the natural language instruction Z, the current ego-
centric RGB observation o, and a sampled history of past
observations O;. The primary objective is to predict the next
navigation action a; based on these multimodal inputs.

The framework of our proposed MonoDream (denoted as
mp with the network parameters as 6) is illustrated in Figure
1, which is built based on a Vision Language Model (VLM),
including a vision encoder, a text encoder and decoder, and
an LLM-based backbone. MonoDream constructs the Unified
Navigation Representation, a shared latent space produced
by the VLM backbone, which is designed to jointly align
navigation actions and the agent’s internal estimation of the
implicit global information, including panoramic visual and
structural cues for the current and future observations, based
on only monocular inputs. To supervise the formation of such
representations, we introduce a set of auxiliary tasks termed
Latent Panoramic Dreaming. These tasks are only applied
during training, where the agent is guided to predict the latent
features of: (1) the panoramic RGB-D observation at the
current step, and (2) the panoramic RGB-D of a future step.
Through this joint design, MonoDream learns to align action
decisions with imagined global and future context, thereby
significantly enhancing monocular navigation performance.
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Unified Navigation Representation

To enable the agent to internalize global and future scene
awareness from limited monocular observations, we propose
the Unified Navigation Representation that captures rich
navigation-relevant information in a compact latent space.
UNR aligns navigation-relevant information together, includ-
ing implicit features of actions, panoramic scene layout,
panoramic depth perception, and future dynamics, into a
shared latent space. It can be decoded into navigation ac-
tions, instruction-like text, or directly as navigation-relevant
features. In this section, we detail how language and visual
observations are encoded into a shared feature space, which
serves as the output of our MonoDream backbone.

For the input, the language instruction Z is tokenized and
processed by a text encoder, @ (+), to produce text feature
Eiexe € REX4 where L is the text sequence length and d is
the hidden dimension.

Etext = (I)lexl(I) (1)

The agent’s visual input contains the current view oy
and a sampled historical images. To maintain computa-
tional efficient while preserving essential historical con-
text, we uniformly sample N frames, denoted as O; =
{0pgs- -+, 0py_, }, from the full sequence of past observa-
tions. Each of these images is independently processed by
the vision encoder, ®,;(-), which encodes each image into
d-dimensional feature and these individual image features
are collected to form the visual input sequence E\. E\is
represents the agent’s complete visual context at step ¢ from
monocular image sequence.

Eys = {(I)vis(op)a ceey évis(OpN,l)y (I)vis(ot)} 2)

After encoding, the text feature Ei.x and the vision feature
FE;s are combined into a single input sequence S; for the
LLM-based backbone of MonoDream:

St - [Elexla Evis] (3)

This sequence is then fed into the backbone and the back-
bone outputs the hidden states h; € Rlseaxd wwhere lseq 15
the length of the output sequence. This representation encap-
sulates the comprehensive state of the agent at step ¢:

ht = MonoDream-Backbone(.S;) 4

We define hidden feature h; as the Unified Navigation Rep-
resentation. To ensure that h; encodes all navigation-relevant
information, even under limited monocular observations, we
design a multitask training framework. In this framework,
MonoDream learns h; to capture both vision-based signals
(global layout, geometric structure, and future dynamics) and
language-based signals (actions and instructions). Specifi-
cally, we jointly train the model with multiple objectives:
Latent Panoramic Dreaming (Section ), action prediction and
instruction reasoning (Section ).

Latent Panoramic Dreaming

To supervise the learning of the proposed UNR h;, we intro-
duce a set of auxiliary tasks collectively referred to as Latent



Trajectories
MonoDream

Groud Truth ﬂ

w/o LPD

R

(A) @ Instruction: Exit bathroom, make hard left into bedroom, wait by bed.

K

MonoDream

N
Groud Truth
’:j

(8) @

the bathroom and wait in front of the sink.

Frames and Actions in Nav:ga‘hon Progress

Instruction: Take a left and take a right at the doll hutch. Walk into the bedroom and take a left. Walk into

Figure 2: Quantitative results of MonoDream. We compare MonoDream with the ablated variant w/o LPD. Green arrows indicate
correct actions, and red arrows indicate errors. (A) MonoDream correctly identifies the hard turning point at the fourth frame. In
contrast, the w/o LPD baseline misreads the hallway layout, proceeds straight, and stops in the wrong room. (B) The w/o LPD
model makes a critical mistake at the very first step, while MonoDream by leveraging internalized global features from LPD,
correctly turns left even without explicit corner information in the initial monocular view.

Panoramic Dreaming. These tasks guide the agent to enrich
h with the latent feature of the global scene, depth geometry,
and future information, all without requiring explicit scene
reconstruction.

First, we supervise the agent to align h; with the latent
feature of the global and geometric context of the current
scene from its limited forward-facing view. This encourages
the learned UNR A, to capture a more complete spatial un-
derstanding beyond the monocular observation.

 HP: Panoramic RGB at step .

 HPP: Panoramic depth at step ¢.

In addition, we guide the agent to anticipate how the scene
evolves by predicting the latent features of the next-step
panoramic RGB and depth, i.e. H}%; and H}?,. This future-
aware supervision encourages h; to incorporate short-term
temporal dynamics and improves the agent’s ability to plan
ahead during navigation.

These latent supervision signals are obtained by encod-
ing the corresponding panoramic RGB and depth using a
vision encoder that shares weights with the visual encoder
.5, which is also used to encode the monocular input im-
ages. This unified encoder design ensures that the supervision
features and the learned UNR A, align in the same feature
space and benefit from joint training.

The LPD training objective minimizes the mean squared
error (MSE) between h; and the above latent targets. The
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feature loss function is:

@)= S he—HP 1P+ Y [he — 1|
meM meM

where M = {PI, PD}.

Through this auxiliary supervision, LPD encourages the
Unified Navigation Representation A, to internalize implicit
global semantics, geometric layout, and short-term future
cues. Our design improves the agent’s holistic understanding
of the environment, leading to more informed and anticipa-
tory navigation decisions.

Notably, the LPD module is used only during training.
Panoramic RGB and depth signals are not required during in-
ference, where the agent predicts actions based on monocular
RGB images with the internalized global awareness.

Multi-Task Co-Training

In addition to the LPD task, which aligns the UNR h; with
visual features, we further supervise h; using two language-
based objectives: action prediction and instruction reasoning.
These tasks align h,; with the linguistic representation of
navigation behaviors and goals, ensuring the learned UNR
effectively bridges both visual and textual modalities.

At each time step ¢, the model predicts navigation actions
in the natural language form. Specially, the model predicts a
sequence of the next three actions (a¢, a1, at42) based on
the embedding h., generated from the instruction /, current
observation o;, and navigation history O; for the sample at



step t. This setup encourages short-term action forecasting
while retaining reactivity to new observations. The training
objective for each timestamp ¢ is defined as:
K
L) = =3 log molai k)
k=0

where a;, , denotes the ground-truth action at step ¢ + k.

To further enhance the agent’s understanding of instruc-
tions, we introduce instruction reasoning as another auxil-
iary task, which infers the underlying language instruction
7T based on the agent’s visual trajectory context, effectively
promoting multimodal alignment from vision to language.

For each training trajectory, we uniformly sample NV visual
observations to construct the input sequence O;. These im-
ages are processed by the MonoDream backbone to produce
the UNR h;. A text decoder is then applied to generate the
distribution over instruction tokens based on hr, and the loss
is computed accordingly:

(6)

LI"(0) = —log wo (I |hr) @)

During training, we co-train the action prediction and all

the auxiliary tasks and switch between different tasks by

changing the prompt (see our supplementary material for the

prompts of different tasks). The final loss function is:
T,

L= (D (L{0) + AL (6)) + L1"*(6))
TeD t

where D is the set of training trajectories, 7 is the step num-

ber of trajectory 7, and A is the hyperparameter of weight.

®)

Implementation Details

Action Design The action space of the agent is designed
into four categories: move forward, turn left, turn right, and
stop. The forward action includes step sizes of 25 cm, 50
cm, and 75 cm, while the turn actions are parameterized by
rotation angles of 15°, 30°, and 45°. This fine-grained design
allows for more precise and flexible control, which is critical
in complex environments.

Training Datasets All the training data used in our work
are collected from simulated environments, including the
training splits of R2R-CE (Krantz et al. 2020) and RxR-CE
(Ku et al. 2020), as well as additional data collected using the
DAgger (Ross, Gordon, and Bagnell 2011) strategy. We first
construct step-wise navigation data based on the action anno-
tations provided in R2R-CE and RxR-CE, resulting in 320K
and 600K samples respectively. In addition, we construct
auxiliary supervision data based on R2R-CE by applying the
aforementioned image preprocessing and instruction reason-
ing tasks. Moreover, following the DAgger strategy (Ross,
Gordon, and Bagnell 2011), we further collect 500K step-
wise samples from non-oracle trajectories generated in the
R2R-CE training environments.

For the training panoramic images in LPD tasks, we adapt
the cubemap (Trindade and Raposo 2011) format and split
into four canonical directions (left, front, right, and back).
For the depth image, we apply log scaling to the raw values
to compress large-scale variations, followed by a colormap-
based RGB rendering (Itseez 2015).
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Model Training We adopt NVILA-lite-2B (Liu et al. 2024)
as our base model, which includes a SigLIP vision en-
coder (Tschannen et al. 2025), a projection module, and
a Qwen2-based language model (Bai et al. 2025). Starting
from NVILA-lite-2B’s pre-trained weights, we perform su-
pervised fine-tuning for our tasks. All components of the
model are trainable during fine-tuning. Training is conducted
on 8 NVIDIA H20 GPUs for 5 epochs with the learning
rate of le-5 , the warm-up as 0.03, and the batch size of 80.
During training and inference, we set the number of future ac-
tions to predict (K) to 3, and the number of historical frames
to sample (V) to 8.

Experimental Results
Experiment Setup

Simulated environments We evaluate our method on the
VLN-CE benchmarks R2R-CE (Krantz et al. 2020) and RxR-
CE (Ku et al. 2020) following the standard VLN-CE settings.
All the methods are evaluated on the R2R val-unseen split and
RxR val-unseen split. The quantitative results are in Figure 2.

Metrics We follow the standard VLN evaluation protocol
(Krantz et al. 2020; Ku et al. 2020) to evaluate navigation per-
formance for all methods, including success rate (SR), oracle
success rate (OSR), success weighted by path length (SPL),
and the navigation error from the goal (NE). Among them,
SR and SPL are widely regarded as the primary metrics, re-
flecting the task completion and path efficiency respectively.

Comparison on VLN-CE Benchmarks

We evaluate our method on the VLN-CE benchmarks inlud-
ing R2R-CE and RxR-CE, which provide continuous environ-
ments for navigational actions in reconstructed photorealistic
indoor scenes. We first focus on the val-unseen split in R2R-
CE dataset in Table 1. To ensure a fair comparison, we group
methods based on their sensor settings and mark those that
do not rely on large language models (}).

As in Table 1, our proposed MonoDream achieves strong
performance without relying on any external data beyond
the simulation datasets. This demonstrates the data efficiency
of our method, which learns effective navigation behaviors.
We attribute this success primarily to the incorporation of
LPD supervision. By jointly training on panoramic images,
panoramic depth maps, and future panoramic views, the
model learns to build a more comprehensive understand-
ing of the scene structure and spatial layout. This enhances
the model’s generalization ability, even when trained solely
on limited simulator-generated data. The synergy between
action prediction and LPD further amplifies the effectiveness
of each training sample, enabling the model to extract richer
visual cues and improve data efficiency.

To further evaluate MonoDream’s robustness and long-
term ability, we conduct experiments on the RxR-CE Val-
Unseen split (Ku et al. 2020), as in Table 2. Compared to
R2R-CE, RxR-CE presents significantly more complex chal-
lenges due to its longer trajectories and more natural, di-
verse language instructions. Despite these challenges and
the monocular setting, MonoDream achieves state-of-the-art



Method Observation R2R Val-Unseen Training

SRGB Depth Pano. NE| OSR{T SRt SPL1T External Data
BEVBert'(An et al. 2022) v v 4.57 67.0 59.0 50.0 -
ETPNav'(An et al. 2024) v v 4.71 65.0 57.0 49.0 -
ENP-ETPNav'(Liu, Wang, and Yang 2024) v v 4.69 65 58 50 -
Seq2Seq’ (Krantz et al. 2020) v v 7.77 37.0 250 22.0 -
CMAT(Krantz et al. 2020) v v 7.37 40.0 32.0 30.0 -
LAWT(Raychaudhuri et al. 2021) v v 6.83 44.0 350 31.0 -
CM21(Georgakis et al. 2022) v v 7.02 41.0 340 27.0 -
WS-MGMap'(Chen et al. 2022) v v 6.28 47.0 38.0 34.0 -
sim2real’(Wang et al. 2024b) v v 5.95 55.8 449 304 -
NavMorphT(Yao, Gao, and Xu 2025) v v 5.75 56.9 479 332 -
NaVid-4D (Liu et al. 2025) v v 5.99 55.7 43.8  37.1 1500K
NaVid (Zhang et al. 2024b) v 5.47 49.1 374 359 0K
Uni-NaVid(Zhang et al. 2024a) v 5.58 533 470 427 2300K
NaVILA(Cheng et al. 2024) v 5.22 625 540 49.0 2215K
Aux-Think (Wang et al. 2025) v 5.49 629 557 487 1600K
MonoDream (Ours) v 545 61.5 55.8 49.1 0K

Table 1: Comparison of different methods on the R2R-CE Val-Unseen split. Observations used include single RGB camera
(S.RGB), depth sensor (Depth) and panoramic view (Pano.). { indicates methods without using LL.Ms. External data refers to
sources beyond the navigation simulator, such as real-world web data, general VQA datasets, and other similar resources.

results on the primary metrics (SR and SPL), outperforming
strong baselines like Uni-NaVid (Zhang et al. 2024a) and
NaVILA (Cheng et al. 2024) while using substantially less
training data. These findings demonstrate the advantage of
leveraging visual imagination as auxiliary supervision.

Cross-dataset Evaluation We assess the generalization
capability of MonoDream on the RxR-CE Val-Unseen split
(Table 3). Notably, all the methods are trained without any
RxR-CE training data and our method achieves the state-of-
the-art performance.

The effectiveness of our model in a cross-dataset setting
highlights three key insights. First, the use of LPD strength-
ens the backbone’s ability to form a richer and more general-
izable representation of the environment. Second, our LPD
tasks exhibit strong generalization capabilities, with their
benefits extending beyond the distribution of the training set.
Third, for long-horizon navigation tasks in RxR-CE, having
a global understanding or imagination of the environment
significantly enhances the agent’s navigation capabilities.

Ablation Study

In the ablation study, we separately evaluate the effectiveness
of the two auxiliary tasks, LPD and Instruction Reasoning,
as well as the individual contributions of the four sub-tasks
in LPD. To ensure efficiency, all ablation experiments are
conducted using only the R2R-CE training split and test on
R2R-CE val-unseen split only.

Impact of Auxiliary Tasks We conduct ablation experi-
ments to evaluate the contribution of the two auxiliary tasks:
Instruction Reasoning and LPD. As shown in Table 4, re-
moving both auxiliary tasks leads to the poorest performance.
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RxR Val-Unseen

Method

NE| OSRtT SRt SPLt
CMAT (Hong et al. 2022) 8.76 26.5 22.1
VLNBERT' (Hong et al. 2022)  8.98 27.0 226
Seq2Seqf (Krantz et al. 2020) 11.8 - 139 119
sim2realf(Wang et al. 2024b) 8.79 367 255 18.1
Uni-NaVid(Zhang et al. 2024a) 6.24 55.5 48.7 409
NaVILA(Cheng et al. 2024) 6.77 - 493 44.0
MonoDream (Ours) 6.38 558 494 409

Table 2: Comparison of different methods on the RxR Val-
Unseen split. T indicates methods without using LLMs.

RxR Val-Unseen

Method

NE| OSRtT SRt SPLt
Seq2Seq(Krantz et al. 2020) 11.8 5.02 351 343
CMA(Krantz et al. 2020) 11.7 10.7 441 247
LAW(Raychaudhuri et al. 2021)  10.87  21.0 8.0 8.0
CM2(Georgakis et al. 2022) 8.98 25.3 14.4 9.2
WS-MGMap(Chen et al. 2022) 9.83 29.8  15.0 12.1
A2NAV(Chen et al. 2023) - - 16.8 6.3
NaVid(Zhang et al. 2024b) 8.41 345 238 212
MonoDream (Ours) 8.57 359 251 216

Table 3: Cross-dataset performance on the RxR-CE Val-
Unseen split. All results are obtained without training on
the RxR-CE training set.



Introducing IR alone yields moderate gains across all metrics,
demonstrating that aligning the UNR h; with language-based
supervision (i.e., instruction prediction) enhances the model’s
understanding of high-level navigation goals.

The most substantial improvement comes from LPD. In-
troducing LPD achieves the best performance across all met-
rics. These results confirm the complementary benefits of
language- and vision-oriented supervision: IR improves se-
mantic goal alignment, while LPD enriches UNR with global,
geometric, and predictive spatial cues that are otherwise miss-
ing in monocular observations.

Auxiliary Tasks Metrics

IR LPD NE| OSRf SRt SPL?
778 437 351 302

v 7.67 458 377 32.1

v v 619 511 46.1 399

Table 4: Ablation study on auxiliary tasks. IR: Instruction
Reasoning; LPD: Latent Panoramic Dreaming

Impact of Auxiliary Panoramic Dreaming Tasks Table 5
presents the ablation study of the four auxiliary tasks in LPD,
including the latent feature of panoramic RGB image (PI),
panoramic depth (PD), future panoramic RGB image (FPI),
and future panoramic depth (FPD). We add each component
on top of the baseline and evaluate their individual and cumu-
lative contributions to navigation performance.

The results show that each LPD task brings consistent
improvements, confirming their effectiveness as auxiliary su-
pervision signals. In particular, latent panoramic and depth
provide the most significant gains. We attribute this to their
role in enhancing the agent’s spatial and structural under-
standing of the environment, while implicit depth introduces
geometric awareness that complements RGB observations.

LPD Tasks Metrics
PI PD FPI FPD | NEJ OSRT SRt SPLt

7.67 458 377 321

v 722 442 39.6 353
v 671 474 422 377

v 7.03 445 391 342

v | 680 453 398 354

v v v 1619 511 461 399

Table 5: Ablation study on four LPD tasks. PI: Panoramic
RGB image; PD: Panoramic depth; FPI: Future panoramic
RGB image; FPD: Future panoramic depth.

Impact of Prediction Steps in Latent Panoramic Dream-
ing We further investigate the effect of predicting the future
panoramic feature of different future steps in LPD, and we
take FPI as a representative example. As shown in Table 6,
predicting a single future step delivers the best performance.
Extending the prediction horizon to 2 or 3 future steps leads
to performance degradation, due to compounded uncertainty
in long-range forecasting under partial observations.
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#step | NE, OSRT SRt SPLt

1 7.03 445 391 342
2 7.89 439 343 29.1
3 877 400 292 262

Table 6: Ablation on the prediction steps in LPD.

Model Efficiency

In addition to navigation performance, we compare the effi-
ciency of our method MonoDream with recent state-of-the-art
VLN methods. Specifically, we report the size of model pa-
rameters and the average inference time per step on a single
NVIDIA 4090 GPU with the same local hardware.

As in Table 7, our method achieves smaller model size and
fastest inference speed among compared approaches. Despite
introducing auxiliary latent imagination tasks during training,
MonoDream is inference-efficient as auxiliary modules are
disabled at test time. This makes MonoDream a practical
solution for real-time embodied navigation applications.

Method Params. Time / Step
NaVILA (Cheng et al. 2024) 8B 1.2s
Aux-Think (Wang et al. 2025) 8B 1.2s
MonoDream (Ours) 2B 0.8s

Table 7: Comparison of model efficiency.

Conclusion

In this work, we present MonoDream, a unified framework
for vision-language navigation (VLN) that leverages a vision-
language model as the backbone to integrate action prediction
and latent imagination. We propose the Unified Navigation
Representation to align all navigation-relevant information
and use LPD task to co-train the UNR. MonoDream achieves
SOTA performance on the monocular VLN-CE benchmark
by implicitly modeling panoramic understanding, depth per-
ception, and future view prediction by latent supervision.

Our model training is conducted using only simulator-
based data from the R2R-CE and RxR-CE datasets, with-
out relying on external data. Our experiments demonstrate
that MonoDream can achieve strong performance using only
monocular inputs, narrowing the gap with methods that ex-
plicitly consume panoramic or depth data. This work high-
lights the potential of implicit multimodal learning as a scal-
able and efficient solution for embodied navigation agents
using only monocular inputs.

Limitations. MonoDream imagines the current scene and
immediate future from past monocular observations, without
explicitly reconstructing panoramic history. Incorporating
richer temporal modeling, such as memory-based reasoning,
may further improve planning and robustness.
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