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A. Additional Implementation Details
A.1. Dataset and Training Details

To train a navigation model capable of handling the com-
plexities of the physical world, we construct a simulation-
based training dataset incorporating diverse challenges. The
dataset generation is organized into two stages: Super-
vised Fine-Tuning (SFT) and Error-Correction Fine-Tuning
(ECF).

As in mainstream VLMs [3, 4, 6, 7, 10, 11, 13-16],
we leverage the SFT stage to establish strong cross-modal
alignment between navigation instructions and expert tra-
jectories. We collect training data in the Habitat simula-
tor from three datasets: R2R-CE [1], R2R-EnvDrop [9],
and RxR-CE [2]. To bridge the gap between ideal simu-
lator motion and the inherent uncertainty of real-world ac-
tuators, we employ a stochastic step strategy during data
collection. In real-world scenarios, factors such as wheel
slip and limited motor precision introduce small deviations
at every movement step, causing gradual trajectory drift. To
mimic this phenomenon, we introduce slight random off-
sets into motion actions during data collection, improving
policy’s robustness to real-world noise and drift. To further
enhance visual diversity, we apply several image augmen-
tation strategies such as Gaussian blur and random mask-
ing, with parameters listed in Tab. 1. Additionally, we em-
ploy a reverse augmentation strategy to expand the naviga-
tion paths. Specifically, we utilize the Qwen3 LLM [12] to
rewrite each original instruction / into a reverse navigation
instruction I,..,, representing the same path in the opposite
direction.

During the ECF stage, the SFI-trained model 7grr per-
forms autonomous rollouts in the simulator environment.
When the model deviates from the expert trajectory, we in-
troduce a ShortestPathFollower (SPF) as an expert policy to
provide corrective actions that guide the agent back toward
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Augmentation Strategy Parameters

Random Brightness factor = 0.2, prob =0.5
Random Saturation factor = 0.2, prob =0.5
Posterization bits =4, prob=0.5
Random Sharpness factor = 0.2, prob =0.5
AutoContrast prob =0.3
Gaussian Blur prob =0.2
Random Masking prob =0.2

Table 1. Image augmentation strategies and their corresponding
parameters used in the SFT stage.

the optimal path. By collecting these high-quality state-
action pairs, the model learns to recover effectively from
errors. Notably, during this phase, we retain only visual-
domain randomization and remove the action-level stochas-
tic offsets to ensure the accuracy and stability of the expert
correction signals.

A.2. Navigation Instructions

To help the VLM to effectively understand its role within
the POMDP [8] and differentiate between information
modalities, we adopted a structured prompt format, explic-
itly categorizing the input information into three types: Sys-
tem Message, Task Instruction, and Visual Context. First,
the System Message is used to define the agent’s role, with
the relevant prompt being, You are a robot designed for
navigation tasks,” which activates reasoning capabilities re-
lated to embodied tasks. Next, the Task Instruction includes
the dataset’s natural language instruction I along with pre-
defined action space, following standard VLN conventions:
{Move Forward 25cm, Turn Left 15 degrees, Turn Right 15
degrees, Stop}. Finally, the Visual Context is divided into
two parts: historical memory and current observation. The
historical memory consists of the refined sequence of his-
torical frames obtained by the adaptive memory refinement
strategy, while the current observation is the current ego-
centric view. This explicit separation is designed to guide
the model to prioritize anchoring its decisions on the cur-



rent visual state, while treating the “historical memory” as
a queryable memory bank to assist with long-horizon rea-
soning and resolve perceptual aliasing issues.

B. Real-World Deployment

In our real-world experiments, we deploy DecoVLN on a
Unitree GO2 quadruped robot. The system adopts a device-
server collaboration architecture. The robot is equipped
with a Jetson Orin, which serves as the onboard compu-
tational core. It is responsible for running a lightweight
Automatic Speech Recognition (ASR) model and the low-
level motion control APIs. A remote server with a single
NVIDIA RTX 4090 GPU runs the computationally inten-
sive DecoVLN model. The system’s asynchronous data
loop operates as follows: the onboard ASR model converts
the user’s voice commands into text instructions I in real-
time. These instructions and the current ego-centric video
stream og, are transmitted (uplinked) to the server via a
wireless video transmission protocol. Upon receiving this
data, the server performs VLM inference and returns (down-
linked) the resulting symbolic action chunk, containing four
discrete navigation actions, which is then executed by the
onboard controller.

C. Limitations and Future Work

Our current VLN framework is is built upon LLaVA-Video-
7B [5], whose computational cost prevents fully onboard
inference on devices such as the Jetson Orin. Current real-
time operation relies on a device—server collaborative ar-
chitecture, where heavy VLM inference is offloaded to a
remote GPU server via wireless communication. This setup
introduces additional network latency and limits deploy-
ment in environments with poor connectivity. Future work
will explore model distillation and parameter-efficient tun-
ing to transfer the high-level navigation capabilities of the
7B model to more lightweight models ranging from 0.5B to
2B parameters, enabling fully onboard real-time inference.

In challenging real-world scenes, the agent may still lose
orientation when visual landmarks disappear or perceptual
aliasing occurs. The current system lacks a deep intro-
spective mechanism to address such scenarios of total de-
viation. To solve this problem, we plan to incorporate a
Chain-of-Thought (CoT)-based error-recovery module that
leverages historical memory to backtrack, identify a reliable
waypoint, and replan a corrected trajectory, improving ro-
bustness in long-horizon navigation.
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