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Abstract

Existing vision-and-language navigation models often devi-
ate from the correct trajectory when executing instructions.
However, these models lack effective error correction capa-
bility, hindering their recovery from errors. To address this
challenge, we propose Self-correction Flywheel, a novel post-
training paradigm. Instead of considering the model’s error
trajectories on the training set as a drawback, our paradigm
emphasizes their significance as a valuable data source. We
have developed a method to identify deviations in these er-
ror trajectories and devised innovative techniques to automat-
ically generate self-correction data for perception and action.
These self-correction data serve as fuel to power the model’s
continued training. The brilliance of our paradigm is revealed
when we re-evaluate the model on the training set, uncov-
ering new error trajectories. At this time, the self-correction
flywheel begins to spin. Through multiple flywheel iterations,
we progressively enhance our monocular RGB-based VLA
navigation model CorrectNav. Experiments on R2R-CE and
RxR-CE benchmarks show CorrectNav achieves new state-
of-the-art success rates of 65.1% and 69.3%, surpassing prior
best VLA navigation models by 8.2% and 16.4%. Real robot
tests in various indoor and outdoor environments demonstrate
CorrectNav’s superior capability of error correction, dynamic
obstacle avoidance, and long instruction following.

Introduction
In the Vision-and-Language Navigation (VLN) task, users
control the robot to move to desired locations in unexplored
environments via natural language instructions, like “Move
forward and turn right into the living room to wait near
the sofa.” Due to its user-friendly interaction characteris-
tic, VLN becomes a fundamental capability essential to em-
bodied intelligence and attracts widespread research inter-
est. During the navigation process, models inevitably pre-
dict wrong movement actions, causing the robot to devi-
ate from the correct path. These deviations often produce
misalignment between the environment and the instructions.
Taking the above instruction as an example. If the robot di-
rectly turns right at the current position rather than moving
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forward first, it will enter the kitchen and cannot locate the
sofa. At this time, the robot easily gets confused about such
misalignment and fails to reach the destination.

Existing VLN models mainly focus on enhancing visual
perception and multimodal reasoning capabilities by im-
proving feature representation (An et al. 2024; Hong et al.
2023) or increasing training data (Zhang et al. 2024a, 2025).
They aim to enable the model to navigate correctly as much
as possible in every step. However, the reality turned out to
be different from expectations. Only several imperfect step-
wise predictions can accumulate significant deviation from
the correct path and ultimately cause failure. The absence of
self-correction ability makes previous VLN models strug-
gle to recover from mistakes and get back on track when
errors occur, which limits their overall navigation perfor-
mance. This deficiency raises an important question - Can
we teach robots to self-correct errors during navigation?

For this problem, we analyze what kinds of errors to
correct and how to teach the navigation model to correct
them. As a Vision-Language-Action (VLA) task, VLN re-
quires the model to dynamically perceive the environment
and follow the given instruction to navigate. Errors often
come from two sources: misperception of landmarks and
misunderstanding of instruction-specified actions. These er-
rors propagate through the decision-making pipeline, ad-
versely impacting movement prediction. Therefore, atten-
tion should be directed toward errors stemming from per-
ception and actions. Besides, real-world applications impose
time requirements on the model inference, necessitating that
self-correction capabilities should be implicitly integrated
into the model through training, rather than being achieved
by increasing modules or the reasoning process.

Consequently, we propose Self-correction Flywheel, a
novel post-training paradigm for navigation. This approach
stems from our observation that well-trained navigation
models still produce error trajectories when evaluated on the
training set. Rather than viewing these errors as mere short-
comings, we regard them as valuable opportunities to en-
hance the model further. Our Self-correction Flywheel pro-
ceeds through the following four steps: (1) Evaluating the
trained model on its training set to collect error trajecto-
ries. (2) Then, we design an automatic approach capable
of detecting the deviations and pinpointing their exact loca-
tions in error trajectories. (3) After identifying deviations,
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Figure 1: Diverse Capabilities of CorrectNav. The model takes only monocular RGB video and language instructions as inputs,
predicting navigation actions. Empowered by the Self-correction Flywheel post-training, CorrectNav not only maintains out-
standing multimodal reasoning (Blue), but also displays improved deviation correction (Red), obstacle avoidance (Green), and
complex action execution (Yellow).

we create self-correction data from action and perception
perspectives. For action correction, we gather trajectories
that demonstrate effective recovery from deviations. For per-
ception correction, we leverage large-scale multimodal mod-
els to analyze keyframes associated with navigation errors.
(4) With these self-correction data, we drive the continued
training of the navigation model to improve its performance.
Completing the above four steps constitutes one round of the
Self-correction Flywheel. When we continue to evaluate the
model, which has undergone one round of self-correction
training, on the training set, a remarkable thing happens. We
can identify new error trajectories, thereby generating fresh
self-correction data and further training the model. At this
time, the Self-correction Flywheel is in motion, and the per-
formance of the navigation model will continuously improve
with multiple rounds of training iterations.

Furthermore, we design a suite of navigation fine-tuning
strategies, including observation randomization, instruction
generation, and general multimodal data recall. Through our
proposed fine-tuning and post-training strategies, we de-
velop a new monocular RGB-based VLA navigation model
CorrectNav. On VLN-CE benchmarks R2R-CE and RxR-
CE, CorrectNav achieves success rates of 65.1% and 69.3%,
surpassing previous state-of-the-art models by 8.2% and
16.4%. The real robot tests conducted in diverse indoor
and outdoor environments demonstrate that CorrectNav pos-
sesses strong capabilities of error correction, dynamic obsta-
cle avoidance, and long instruction following, outperform-
ing existing navigation models.

Related Work
Vision-and-Language Navigation
Vision-and-Language Navigation (VLN) involves an em-
bodied agent navigating to a target location following nat-

ural language instructions. Datasets like R2R (Anderson
et al. 2018) and RxR (Ku et al. 2020) provide navigation in-
structions and trajectories in the discretized MP3D (Chang
et al. 2017) environment, while VLN-CE (Krantz et al.
2020) adapts these to continuous settings. Current VLN-
CE models can be categorized into two groups: topology
graph-based approaches, such as BEVbert (An et al. 2023)
and ETPnav (An et al. 2024), which rely on multiple sen-
sors to predict waypoints; and models built on pretrained
vision-language models (VLMs), including NaVid (Zhang
et al. 2024a), Uni-NaVid (Zhang et al. 2025), and NAV-
ILA (Cheng et al. 2024), which infer actions end-to-end ac-
cording to RGB observation. Existing methods commonly
employ techniques such as auxiliary tasks (Zhang et al.
2025, 2024a), instruction augmentation (Wei et al. 2025b),
and dataset expansion (Wei et al. 2025a) to enhance per-
formance, but devote less attention to error correction. For
easier real robot application, we also construct our Correct-
Nav based on a pretrained VLM. However, we highlight the
value of error correction, which helps us break through the
performance bottleneck of current technologies.

Error Correction in Embodied Intelligence
Errors are usually inevitable in embodied intelligence tasks.
To enhance the robustness, the ability to correct errors is es-
sential. Error correction methods have been explored in ma-
nipulation tasks (Ha, Florence, and Song 2023; Ma et al.
2023; Duan et al. 2024; Liu, Bahety, and Song 2023). How-
ever, error correction in navigation tasks is less explored.
SmartWay (Shi et al. 2025) uses closed-source large models
to reflect on trajectories and decide whether to backtrack,
while EnvolveNav (Lin et al. 2025) trains models to gener-
ate time-consuming chains of thought with limited improve-
ment. These methods often require additional models or in-
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ference steps, reducing efficiency and hindering deployment
in the real world. In contrast, our method implicitly teaches
error correction through Self-correction Flywheel training,
eliminating the need for additional modules or long think-
ing, thereby facilitating deployment on real robots.

CorrectNav Model
Task Definition
Given a language instruction Lnav , the vision-and-language
navigation task requires the model to predict the next nav-
igation action at+1 ∈ A at time step t based on observa-
tion {O1, O2, . . . , Ot}. Recently, to overcome the reliance
on multi-sensor, researchers (Zhang et al. 2024a) have sim-
plified observation into a sequence of monocular RGB im-
ages {I1, I2...It} captured during navigation.

Algorithm 1: Self-correction Flywheel Post-training

1: Input: oracle trajectories {T (i)
g , L

(i)
nav}, dataset

Dnav , modelM, number of flywheel iteration N ,
distance threshold S, trajectory planner Γ

2: Output: ModelM
3: Initialize:M← Train(Dnav,M)
4: for c = 1 to N do
5: {T (i)

m } ←M({L(i)
nav})

6: Initialize Dnew ← ∅
7: for each sample i in the dataset do
8: K(i), T

(i)
c ← DeviDetect(T (i)

g , T
(i)
m , S,Γ)

9: Cap(i) ← MLLM Description(K(i))

10: Qa(i) ← MLLM QA(K(i))

11: Add (T
(i)
c ,Cap(i),Qa(i)) to Dnew

12: end for
13: Dtrain ← Sample(Dnav) ∪ Sample(Dnew)
14: M← Train(Dtrain,M)
15: end for

Model Structure
Our CorrectNav consists of three modules: the Vision En-
coder v(·), the Projector p(·), and the Large Language
Model (LLM) f(·). Specifically, we employ SigLIP (Zhai
et al. 2023), a 2-layer MLP (Liu et al. 2024), and
Qwen2 (Yang et al. 2024). Given an RGB video, the Vision
Encoder extracts visual features from the sampled frames,
producing Zv = v({I1, I2...It}). The MLP Projector maps
these visual features to the semantic space of the LLM, re-
sulting in a sequence of visual tokens Hv = p(Zv). Using
the visual tokens Hv together with textual tokens X encoded
from the task instruction L, the LLM f(·) makes predictions
in an auto-regressive manner. Before navigation finetuning,
CorrectNav is initialized from LLaVA-Video 7B (Zhang
et al. 2024b).

Navigation Fine-tuning
Navigation Action Prediction We collect oracle naviga-
tion trajectories from VLN-CE R2R and RxR train splits in

MP3D indoor scenes. Each oracle trajectory contains one
navigation instruction and step-wise RGB observations and
navigation actions τ = (Lnav, {(It, at)}Tt=1). To enhance
visual diversity, we implement a set of domain random-
ization strategies. These strategies encompass randomizing
camera height, adjusting the field of view, varying obser-
vation resolution, and altering illumination conditions, as
shown in Figure 2. With these strategies, we collected more
than 2.1 million step-wise navigation action prediction data
Dnav , including 527K samples from R2R and 1.58 million
samples from RxR. In this task, we take navigation instruc-
tion Lnav and step-wise RGB observations {I1, I2...It} as
CorrectNav’s input and require the model to predict an ac-
tion trunk {at+1, at+2...at+m} with m steps.

Trajectory-based Instruction Generation In this task,
we collect complete oracle navigation trajectories from
VLN-CE R2R and RxR datasets. Among these trajectories,
10K are from R2R and 20K are from RxR. CorrectNav
needs to generate language-format navigation instructions
based on the monocular RGB observation history. During
the training, we input the RGB observations of the whole
oracle trajectory {I1, I2...IT }, and take the corresponding
instruction Lnav as the target.

General Multimodal Data Recall The format of our
downstream navigation task differs significantly from gen-
eral multimodal training tasks. Only training on the navi-
gation tasks results in general multimodal capability forget-
ting during the training. To address this, we include a subset
of video data from the LLaVA-Video 178K dataset (Zhang
et al. 2024b). We focus on Activitynet-QA (Yu et al. 2019)
and NextQA (Xiao et al. 2021), which emphasize tempo-
ral and spatial scene understanding, aligning with our goals.
Therefore, we randomly sample 240K training instances
from ActivityQA and NextQA to maintain the model’s gen-
eral multimodal abilities.

Self-correction Flywheel Post-training
To teach the navigation model how to recover from de-
viations, we propose a new post-training paradigm, Self-
correction Flywheel. One iteration of training includes
model evaluation, deviation detection, self-correction data
creation, and continued training. These four steps can form
a closed loop at both ends to create a self-correcting fly-
wheel. Through multiple training iterations, self-correction
capabilities can be specifically improved. The overview is
introduced in Algorithm 1. Each step will be detailed below.

Step 1 - Model Evaluation on Train Split The training
splits of R2R-CE and RxR-CE provide a large number of
instructions and oracle trajectory pairs. In the dataset, each
oracle trajectory is defined by a sequence of ordered refer-
ence points, denoted as Tg = (G1, . . . , Gn). During the nav-
igation fine-tuning, we have already used this data to pro-
vide step-by-step supervision signals for CorrectNav train-
ing. Although the model has been trained on these data, we
found that it still makes errors when evaluated on the train-
ing set. We realize that this is an excellent source for col-
lecting correction data. The training dataset not only con-
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Figure 2: The overview of CorrectNav training. CorrectNav is first finetuned on the navigation tasks (Left), including action
prediction and instruction generation. To enhance vision diversity, we implement a suite of domain randomization strategies.
Subsequently, CorrectNav is post-trained with our proposed Self-correction Flywheel paradigm (Right). This paradigm operates
in a continuous loop of model evaluation, deviation detection, data creation, and continued training. Specifically, the data
creation part can automatically collect error-correcting trajectory and keyframe perception data. Through multiple training
iterations, CorrectNav can learn how to recover from deviations.

tains abundant data but also includes ground truth reference
points. Therefore, we collect error trajectories produced dur-
ing model evaluation on the training set. These trajectories
can be denoted by Tm = (M1, . . . ,Mm), where Mi repre-
sents the position of the robot at the i timestep.

Step 2 - Trajectory Deviation Detection Since the col-
lected error trajectories lack annotations indicating where
deviations occur, we develop a method to detect such devia-
tions. The key principle is to assess deviations by measuring
the distance between the error trajectories and the oracle tra-
jectories. To compute the distance from a robot position Mi

to the oracle trajectory Tg , we begin by uniformly interpolat-
ing between reference points, which forms an evenly spaced
sequence T ′

g . For each robot position Mi ∈ Tm, we define
the distance from Mi to the Tg as

hi = min
x∈T ′

g

∥Mi − x∥2

We further define the orthogonal foot of Mi on Tg as

Pi = argmin
P∈T ′

g

∥Mi − P∥2.

Let S be a predefined threshold. If there exists a timestep t
such that

ht > S and hi ≤ S, ∀i < t, i ∈ N∗

Then we claim that the model begins to deviate from the
oracle trajectory at Mt. The observations near timestep t can
be marked as keyframes for error correction.

Step 3 - Self-correction Data creation By analyzing de-
viations in error trajectories, we identify that navigation er-
rors primarily originate from perception and action. Accord-
ingly, we propose self-correction tasks and data creation
methods addressing these two aspects.
Error-correcting Trajectory To teach the model how to re-
cover from deviations, we collect error-correcting trajecto-
ries based on the detected deviations. Given an oracle trajec-
tory Tg and model trajectory Tm with deviations, we already
detect the deviation point Mt and the corresponding orthog-
onal foot Pt in Step 2. If Pt lies on the segment GkGk+1

(Gk, Gk+1 ∈ Tg), we can know the model has correctly
passed through Gk and all previous reference points but de-
viates slightly while moving towards Gk+1. We then utilize
a trajectory planner Γ to generate a new trajectory

Te = (Mt, Gk+1, . . . , Gn)

This trajectory begins at Mt, passes through the subsequent
reference points, and concludes at the destination Gn. Thus,
we get an error-correcting trajectory, which can serve as
training data for action correction. The training is similar
to navigation action prediction. To ensure the model focuses
on learning correction behavior, action learning is only per-
formed on the error-correcting trajectory Te while the trajec-
tory before Mt solely provides observation history.
Keyframe Perception To truly equip CorrectNav with
error-correcting ability, we should not only teach it what to
act but also why. Errors in the process of vision-language
navigation often stem from multimodal perception errors
made by the navigation model near the deviation position
Mt. To enhance the multimodal perception capabilities of
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Observation R2R-CE Val-Unseen RxR-CE Val-Unseen

S.RGB Pano. Depth Odo. NE ↓ OS ↑ SR ↑ SPL ↑ NE ↓ SR ↑ SPL ↑ nDTW ↑

HPN+DN∗ (Krantz et al. 2021) ✓ ✓ ✓ 6.31 40.0 36.0 34.0 - - - -
CMA∗ (Hong et al. 2022) ✓ ✓ ✓ 6.20 52.0 41.0 36.0 8.76 26.5 22.1 47.0
VLN⟳BERT∗ (Hong et al. 2022) ✓ ✓ ✓ 5.74 53.0 44.0 39.0 8.98 27.0 22.6 46.7
Sim2Sim∗ (Krantz and Lee 2022) ✓ ✓ ✓ 6.07 52.0 43.0 36.0 - - - -
GridMM∗ (Wang et al. 2023c) ✓ ✓ ✓ 5.11 61.0 49.0 41.0 - - - -
Ego2-Map∗ (Hong et al. 2023) ✓ ✓ ✓ 5.54 56.0 47.0 41.0 - - - -
DreamWalker∗ (Wang et al. 2023a) ✓ ✓ ✓ 5.53 59.0 49.0 44.0 - - - -
Reborn∗ (An et al. 2022) ✓ ✓ ✓ 5.40 57.0 50.0 46.0 5.98 48.6 42.0 63.3
ETPNav∗ (An et al. 2024) ✓ ✓ ✓ 4.71 65.0 57.0 49.0 5.64 54.7 44.8 61.9
HNR∗ (Wang et al. 2024) ✓ ✓ ✓ 4.42 67.0 61.0 51.0 5.50 56.3 46.7 63.5
BEVBert∗ (An et al. 2023) ✓ ✓ ✓ 4.57 67.0 59.0 50.0 - - - -
HAMT+ScaleVLN∗ (Wang et al. 2023b) ✓ ✓ ✓ 4.80 - 55.0 51.0 - - - -

AG-CMTP (Chen et al. 2021) ✓ ✓ ✓ 7.90 39.0 23.0 19.0 - - - -
R2R-CMTP (Chen et al. 2021) ✓ ✓ ✓ 7.90 38.0 26.0 22.0 - - - -
InstructNav (Long et al. 2024) ✓ ✓ ✓ 6.89 - 31.0 24.0 - - - -
LAW (Raychaudhuri et al. 2021) ✓ ✓ ✓ 6.83 44.0 35.0 31.0 10.90 8.0 8.0 38.0
CM2 (Georgakis et al. 2022) ✓ ✓ ✓ 7.02 41.0 34.0 27.0 - - - -
WS-MGMap (Chen et al. 2022) ✓ ✓ ✓ 6.28 47.0 38.0 34.0 - - - -
AO-Planner (Chen et al. 2024) ✓ ✓ 5.55 59.0 47.0 33.0 7.06 43.3 30.5 50.1
Seq2Seq (Krantz et al. 2020) ✓ ✓ 7.77 37.0 25.0 22.0 12.10 13.9 11.9 30.8
CMA (Krantz et al. 2020) ✓ ✓ 7.37 40.0 32.0 30.0 - - - -
RGB-Seq2Seq (Krantz et al. 2020) ✓ 10.10 8.0 0.0 0.0 - - - -
RGB-CMA (Krantz et al. 2020) ✓ 9.55 10.0 5.0 4.0 - - - -
NaVid (Zhang et al. 2024a) ✓ 5.47 49.0 37.0 35.0 - - - -
Uni-NaVid (Zhang et al. 2025) ✓ 5.58 53.5 47.0 42.7 6.24 48.7 40.9 -
NaVILA (Cheng et al. 2024) ✓ 5.22 62.5 54.0 49.0 6.77 49.3 44.0 58.8
StreamVLN (Wei et al. 2025a) ✓ 4.98 64.2 56.9 51.9 6.22 52.9 46.0 61.9
CorrectNav (Ours) ✓ 4.24 67.5 65.1 62.3 4.09 69.3 63.3 75.2

Table 1: Comparison with state-of-the-art methods on the Val-Unseen split of R2R-CE (Anderson et al. 2018) and RxR-CE (Ku
et al. 2020). ∗ indicates methods using the waypoint predictor from Hong et al. (2022). CorrectNav outperforms all methods that
do not rely on simulator pre-trained waypoint predictors, even when those methods leverage additional inputs such as depth,
panoramic views, and odometry.

CorrectNav during correction training, we select the obser-
vation frame at Mt, as well as the frames before and after
Mt, as correction keyframes {K1,K2,K3}. We then lever-
age a multimodal LLM Qwen-VL-Plus to create vision anal-
ysis data based on these key correction frames as shown in
the right part of Figure 2. The first type of vision analysis
is describing potential navigation landmarks, such as furni-
ture, decorations, or architectural structures, that appear in
the given frames.

Ci = MLLM(Ki, Lcap)

The second type of vision analysis is generating visual ques-
tion answering pairs about the frames. These questions con-
centrate on important visual elements in navigation, includ-
ing object relative position, object color, and the current
robot’s orientation.

{(Qj , Aj)}xj=1 = MLLM(Ki, Lqa)

During the training, we input the observation video
{I1, I2...Ki} and use the caption C as the target, train Cor-
rectNav to comprehend the current observation; With the
same video, and for any (Qi, Ai), we instruct CorrectNav
to answer Qi based on current observation (Ki), activating
CorrectNav to comprehend error correction behavior.

Step 4 - Model Continued Training With collected self-
correction data, we continue the training of CorrectNav.
To enhance efficiency, we randomly sample half of the
error-correcting trajectories along with their corresponding
keyframe perception data for training. Additionally, we in-
corporate oracle trajectories from the original training data
to maintain training stability. The number of these oracle tra-
jectories is set to be half the number of the sampled error-
correcting trajectories. By leveraging these automatically

generated data, we can further train CorrectNav to enhance
its self-correction capabilities. At this time, we have com-
pleted one round of Self-correction Flywheel training.

Multi-Round Self-Correction Iteration When we test
the self-corrected CorrectNav on the training set again, new
error trajectories emerge. These new errors allow us to gen-
erate fresh correction task data for the continued training
of CorrectNav. This starts the Self-correction Flywheel, en-
abling multiple rounds of self-correction training iterations.

Implementation Details
CorrectNav is trained on a server with 8 NVIDIA A100
GPUs. The navigation finetuning requires 80 hours while
one iteration of Self-correction Flywheel consumes 20
hours. At inference time, CorrectNav takes 16 sampled RGB
frames as input and predicts an action chunk with 4 effective
actions. More details are included in the appendix.

Experiments
We conduct experiments to answer the questions: (1) How
does CorrectNav compare to state-of-the-art models on
VLN-CE benchmarks? (2) What improvements does Cor-
rectNav achieve through Self-correction Flywheel itera-
tions? (3) What is the individual impact of each self-
correction training technique on CorrectNav ’s perfor-
mance? (4) How effective is CorrectNav in real-world sce-
narios?

Simulation Experiments
Environment and Metrics We evaluate our VLA on the
VLN-CE benchmarks, which provide continuous environ-
ments for executing navigational actions in reconstructed
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(R2R-CE) Exit the bedroom. Walk the opposite way of the picture 
hanging on the wall through the kitchen. Walk to the grey sofa.
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(RxR-CE) You are facing towards the round table, turn left and move 
towards the open door. Turn slight left and move towards the steps. 
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3

3

32
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Figure 3: Case study about CorrectNav with and without Self-correction Flywheel post-training. Left Top: CorrectNav mistak-
enly enters the wrong path, loses the target, and then promptly turns back to return to the correct path. Right Top: CorrectNav
first enters the front door, and after realizing there is no target (steps), it leaves and directly enters the correct side door. Vanilla
CorrectNav fails in both cases.

photorealistic indoor scenes. We focus on the Val-Unseen
split in both R2R (Room-to-Room) and RxR (Room-across-
Room) datasets with VLN-CE, as these are the two most
recognized benchmarks in VLN. Following the setting of
VLN-CE (Krantz et al. 2020) benchmark, we take Habitat
3.0 (Puig et al. 2023) as the simulator to conduct the evalua-
tion. Besides, we employ the following widely used evalua-
tion metrics: Navigation Error (NE), Oracle Success Rate
(OS), Success Rate (SR), Success-weighted Path Length
(SPL), and normalized dynamic time wrapping (nDTW).
Navigation Error, representing the average distance in me-
ters between the agent’s final location and the target; Success
Rate, indicating the proportion of paths with NE less than 3
meters; Oracle Success Rate, representing the SR given or-
acle stop policy. nDTW (Ilharco et al. 2019) involves time
warping to measure the distance between the model trajec-
tory and ground truth.

Comparison with other VLN-CE Models We compare
our VLA with existing VLN-CE models on R2R-CE and
RxR-CE benchmarks. These baselines include waypoint
predictor-based models and navigation large models. From
Table 1, although our CorrectNav only takes monocular
RGB observation as input, it outperforms all existing mod-
els on R2R-CE and RxR-CE benchmarks. Compared to the
state-of-the-art navigation large model StreamVLN, Cor-
rectNav achieves an improvement of 8.2% and 16.4% in suc-
cess rates on R2R-CE and RxR-CE, respectively. Addition-
ally, CorrectNav outperforms the top waypoint predictor-
based models, surpassing HNR by 4.1% on R2R-CE and by
13.0% on RxR-CE.

The Effect of Self-correction Training Technologies To
study the contribution of different self-correction training
technologies to the improvement of model performance, we
conducted ablation studies by removing each technology in-
dividually during the first iteration of the Self-correction
Flywheel. As shown in Table 2, eliminating any of these
technologies results in reduced performance of CorrectNav
on both the R2R-CE and RxR-CE Val-Unseen splits. No-
tably, removing the Navigation Trajectory Correction strat-

R2R-CE Val-Unseen RxR-CE Val-Unseen

NE ↓ SR ↑ SPL ↑ NE ↓ SR ↑ SPL ↑

CorrectNav 4.50 63.0 59.0 4.40 63.1 57.0
w/o Navigation Trajectory Correction 4.92 59.2 57.2 4.55 60.7 55.1
w/o Error-correcting Keyframe Perception 4.70 60.1 56.5 4.47 61.0 56.3
w/o Data Sampling Strategy 4.71 60.0 57.5 4.47 62.2 56.2

Table 2: Ablation study of self-correction flywheel post-
training tasks on the Val-Unseen splits of R2R-CE (Ander-
son et al. 2018) and RxR-CE (Ku et al. 2020). The exper-
iments are conducted based on the 1st self-correction fly-
wheel post-training.

egy causes the most substantial performance drop. These ab-
lation results confirm that each self-correction training tech-
nology we proposed contributes positively to enhancing the
model’s overall effectiveness.

The Power of Self-correction Flywheel Iteration To in-
vestigate the power of the Self-correction Flywheel on im-
proving the navigation performance, we evaluate Correct-
Nav ’s success rate and navigation errors on the R2R-CE and
RxR-CE Val-Unseen benchmarks after each Self-correction
Flywheel training iteration. The experimental results are
plotted as the line graphs shown in Figure 5. From the figure,
we can observe that as the Self-correction Flywheel train-
ing iterations progress, CorrectNav demonstrates a contin-
uous performance improvement on both benchmarks in the
first three iterations. This quantitatively demonstrates that
multiple iterations of the Self-correction Flywheel can effec-
tively enhance the capabilities of the navigation VLA model.
When CorrectNav’s performance drops in the fourth itera-
tion, we stop the training. Additionally, we conduct a qual-
itative analysis of the Self-correction Flywheel’s effects, as
illustrated in Figure 3. From the figure, CorrectNav post-
trained with Self-correction Flywheel achieves error correc-
tion capability compared with the vanilla CorrectNav.

Real Robot Experiments
For real-world experiments, we use the AgiBot Lingxi D1
quadruped robot as our platform. Each Lingxi D1 robot is

18742



Figure 4: Qualitative results from the real-world deployment of CorrectNav. (c)(d) The robot dynamically avoids pedestrians
and obstacles, correctly passing through cluttered environments to reach the destination. (e)(f) The robot successfully recovers
from a navigation error to complete a long-horizon instruction. (g) The robot completes outdoor long-distance navigation.
Videos are included in the appendix.

R2R-CE

RxR-CE

Figure 5: CorrectNav’s performance on R2R-CE and RxR-
CE Val-Unseen splits over Self-correction Flywheel itera-
tions.

Office Home Campus

Simple Complex Simple Complex Simple Complex

NE↓ SR↑ NE↓ SR↑ NE↓ SR↑ NE↓ SR↑ NE↓ SR↑ NE↓ SR↑

NaVid (Zhang et al. 2024a) 1.88 0.55 4.89 0.30 2.22 0.50 5.27 0.15 1.94 0.55 5.02 0.25
NaVILA (Cheng et al. 2024) 2.06 0.45 5.25 0.20 2.21 0.45 5.49 0.10 1.97 0.50 5.18 0.20
CorrectNav (Ours) 1.52 0.80 1.81 0.75 1.33 0.95 1.54 0.80 1.47 0.85 1.86 0.75

Table 3: Real-world experiments in different environ-
ments. Simple and Complex refer to simple and complex
instruction-following tasks, respectively.

equipped with a monocular RGB camera and robust mo-
tion APIs. After the robot receives a navigation instruction,
it will upload the RGB observation image to the Correct-
Nav deployed on the remote server with an NVIDIA A100
GPU. CorrectNav will predict the navigation action chunk
with four actions and call the D1 motion API to execute.

To comprehensively evaluate the effectiveness of our ap-

proach, we conduct comparisons with two state-of-the-art
navigation large models, NaVID and NaVILA in the office,
home, and campus. In each scenario, we test every model
on 20 simple instructions and 20 complex instructions, re-
spectively. Complex instructions involve long trajectories,
complex architectural structures, crowded obstacles, and dy-
namic scene changes. The real-world quantitative perfor-
mances in terms of Success Rate (SR) and Navigation Er-
ror (NE) metrics are reported in Table 3. Figure 4 demon-
strates the real-world qualitative performances of Correct-
Nav in indoor and outdoor environments. More real-world
experiment results are shown in the appendix.

From Table 3, we can observe that compared to exist-
ing navigation large models, CorrectNav demonstrates a
stronger ability to execute navigation instructions in the real
world. As shown in Figure 4, such improvement mainly
stems from the deviation correction capabilities that Cor-
rectNav acquires through Self-correction Flywheel post-
training. These capabilities enhance the robustness of Cor-
rectNav on complex instructions, enabling it to quickly cor-
rect its own errors or adapt to changes in the environment.

Limitation and Future Work
Although monocular RGB observation-based VLA naviga-
tion models, including our CorrectNav, save on the cost of
additional sensors, they face a shared limitation: inadequate
precision in perceiving the relative positional relationship
between the robot’s body and its surroundings. The poten-
tial risk arising from this deficiency is that when the robot,
such as a quadrupedal robot, passes close to obstacles, its
hind legs may scrape against them. A promising direction for
future research is to explore how to incorporate the robot’s
body dimensions and state information as prior knowledge
for navigation model inference, thereby further improving
monocular RGB-based VLA navigation models.
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