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Abstract

Vision-and-Language Navigation (VLN) requires an agent
to dynamically explore complex 3D environments following
human instructions. Recent research underscores the poten-
tial of harnessing large language models (LLMs) for VLN,
given their commonsense knowledge and general reason-
ing capabilities. Despite their strengths, a substantial gap in
task completion performance persists between LLM-based
approaches and domain experts, as LLMs inherently strug-
gle to comprehend real-world spatial correlations precisely.
Additionally, introducing LLMs is accompanied with sub-
stantial computational cost and inference latency. To ad-
dress these issues, we propose a novel dual-process think-
ing framework dubbed R3, integrating LLMs’ generalization
capabilities with VLN-specific expertise in a zero-shot man-
ner. The framework comprises three core modules: Runner,
Ruminator, and Regulator. The Runner is a lightweight
transformer-based expert model that ensures efficient and ac-
curate navigation under regular circumstances. The Rumina-
tor employs a powerful multimodal LLM as the backbone and
adopts chain-of-thought (CoT) prompting to elicit structured
reasoning. The Regulator monitors the navigation progress
and controls the appropriate thinking mode according to three
criteria, integrating Runner and Ruminator harmoniously. Ex-
perimental results illustrate that R® significantly outperforms
other state-of-the-art methods, exceeding 3.28% and 3.30%
in SPL and RGSPL respectively on the REVERIE bench-
mark. This pronounced enhancement highlights the effective-
ness of our method in handling challenging VLN tasks.

Code — https://github.com/IAII-CAS/navigation_R3

Introduction

Vision-and-language navigation (VLN) requires an embod-
ied agent to adhere to human directives, perceive visual
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Figure 1: Comparison of inference efficiency and navigation
performance. Our R? requires only one-fifth of the inference
time compared with other LLM-assisted methods. NavGPT-
2 exhibits a little better efficiency since it deploys LLMs lo-
cally while others query the GPT model via APL.

surroundings, and navigate through photorealistic environ-
ments to reach the target location (Anderson et al. 2018).
This exploratory interaction form is on the cusp of embod-
ied intelligence research due to its potential significance
for service robotics, enabling these machines to automat-
ically move toward designated areas and perform down-
stream tasks. Despite notable advancements achieved, one
key hindrance to real-world applications concerns agents’
limited generalizability to new scenarios.

With the considerable development of large language
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Figure 2: Overview of the proposed R®. Our system comprises three core modules: Runner, Ruminator, and Regulator. The
working flow operates as (i)—(ii)—(iii). The navigation initiates with the Runner. For each timestep, the Regulator evaluates
the current condition. If the condition is nominal, the Runner proceeds ((iii)-a); otherwise, the Ruminator engages to resolve

exceptions ((iii)-b)

models (LLMs), emerging studies have sought to address the
generalizing issue by incorporating LLMs. This stems pri-
marily from LLMs’ rich commonsense knowledge and pow-
erful reasoning abilities, which facilitate enhanced cross-
modal understanding and long-term planning across di-
verse environments. Several works (Zhou et al. 2025; Zheng
et al. 2024a) adopt sequence-to-sequence-based behavior
cloning (BC) to learn action patterns from navigation ora-
cles through large-scale instruction-trajectory pairs. Specif-
ically, they transform visual observations into linguistic de-
scriptions or encoded representations using pretrained vi-
sion—language models, which are then fed into LLMs. From
the resulting textual output, subsequent actions can be ex-
tracted. However, these methods still underperform special-
ist VLN models, primarily due to (1) the scarcity of VLN-
specific training data for such large-scale backbones; and
(2) the degradation of commonsense reasoning capabilities
caused by tuning, which is crucial for demanding interactive
tasks such as VLN. In contrast, another line of approaches
(Zhou, Hong, and Wu 2024; Long et al. 2024) utilizes more
powerful proprietary LLMs such as GPT-4 to determine ac-
tions in a zero-shot manner, thereby avoiding defects caused
by tuning. Crafted prompts can potentially elicit more com-
prehensive perceptual summaries and deliberate reasoning
to inform decision-making, thereby heightening the likeli-
hood of locating the target. Carefully designed prompts can
elicit richer perceptual summaries and multi-step reasoning
to inform decision making, thereby increasing the likeli-
hood of locating the target. However, most existing zero-shot
methods fully delegate the navigation to LLMs. Despite ex-
celling at commonsense reasoning and high-level planning,
LLMs’ capacity to comprehend real-world spatial layouts
and geometric structures has not been well studied, which
may yield suboptimal decision-making when VLN-specific
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knowledge is absent. In addition, the substantial inference
latency of LLMs exacerbates the efficiency—accuracy imbal-
ance, hindering the deployment of the VLN field where real-
time responsiveness is commonly required.

Our goal is to devise a strategy that integrates the advan-
tages of LLMs and domain experts, deriving maximum util-
ity of LLMs’ commonsense reasoning capabilities while in-
corporating in-context expertise. Inspired by the dual pro-
cess theory (Kahneman 2011), we propose R3, a framework
that emulates human cognition to tackle complex naviga-
tion tasks. Specifically, as illustrated in Fig. 2, our frame-
work comprises three primary modules: Runner, Ruminator,
and Regulator. The Runner module employs fast and in-
tuitive thinking for routine scenarios, whose architecture
is built upon a lightweight, transformer-based VLN ex-
pert. The Ruminator module simulates slow and methodical
thought, proposed for handling anomalous scenarios. We in-
troduce the multimodal LLM GPT-4 as the backbone and
adopt chain-of-thought (CoT), an effective in-context learn-
ing technique, to engage multi-step reasoning. The Regu-
lator module is responsible for adaptively evaluating the
current navigational situation and controlling the module
switching. To achieve this, we design a sophisticated two-
stage switching mechanism, relying on three criteria tailored
to VLN: looping, scoring, and ending. In addition, the Reg-
ulator employs a critical formulation process dedicated to
clearing out unnecessary history, facilitating more effective
engagement by the Ruminator.

We measure our approach on two categories of VLN
benchmarks: fine-grained navigation (R2R) and coarse-
grained navigation (REVERIE (Qi et al. 2020)). Exper-
imental results demonstrate that R? significantly outper-
forms state-of-the-art methods. It is worth mentioning that
R3 is especially effective in handling complex tasks such as



REVERIE, surpassing others by more than 3.28 and 3.30
points in SPL and RGSPL, respectively. Furthermore, as de-
picted in Fig. 1, R? is more time-efficient, requiring signifi-
cantly less inference time per action than other LLM-based
methods. Superior performance verifies both the effective-
ness and efficiency of our proposed R? framework in the
VLN context.

Related work
Vision-and-Language Navigation (VLN)

In the VLN task, an embodied agent is required to navi-
gate to a target location following natural instructions. Early
works investigate cross-modal attention to enhance text-
vision grounding and extract goal-relevant visual representa-
tions under fine-grained supervision (Tan and Bansal 2019;
Hong et al. 2021). A series of subsequent studies (Chen
et al. 2021, 2022; An et al. 2023; Wang et al. 2023d) ad-
vances compelling methodologies by highlighting the essen-
tials of topological maps to aggregate historical representa-
tions and facilitate long-term planning. To gain better gener-
alizability in unseen environments, pretraining (Qiao et al.
2022, 2023), data augmentation (He et al. 2023; Li, Tan,
and Bansal 2022; Wang et al. 2023c; Li and Bansal 2023;
Han et al. 2025; Wang et al. 2025), commonsense knowl-
edge incorporation (Li et al. 2023; Mohammadi et al. 2024),
reinforcement learning (Bundele et al. 2024), test-time adap-
tation (Gao, Yao, and Xu 2024), and other online learn-
ing techniques have been widely explored for VLN agents.
Some works (Lin et al. 2025; Pan et al. 2024) attempt to fine-
tune an open-source LLM into a VLN generalist. However,
the generalist reasoning abilities of LLMs can be compro-
mised when grounded with respect to a specific task. Some
recent research (Liang et al. 2024) construct a linguisticly
formed navigation agent that prompts the LLMs with the
instruction and textually represented observations to deter-
mine actions in a zero-shot manner. (Chen et al. 2024) takes
a step further by building an online topological map to store
node information and activate global exploration.

Dual-Process Theory

Stemming from neuroscience, the dual-process theory de-
lineates the processing mechanisms of human cognition as a
complex collaboration between two distinguished cognitive
systems: the fast thinking system, which enables swift, au-
tomatic responses to real-time sensory information, and the
slow thinking system, which excels in methodical analysis
and deliberate reasoning, responsible for complicated tasks
or high-level decision-making. By incorporating the com-
plementary strengths of two systems, dual-process-based
models are capable of solving complex tasks both effec-
tively and efficiently. In recent years, the dual-process the-
ory has demonstrated substantial potential across various
challenging real-world applications, including autonomous
driving (Zhang et al. 2025), embodied intelligence (Chris-
takopoulou, Mourad, and Matari¢ 2024), and robotics (Wen
et al. 2024). The core focus of developing a dual-process
thinking system lies in coordinating two systems to operate
in concert, exploiting each system to its maximum potential.
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In this work, we propose the first dual-process framework
for the demanding task VLN.

Methodology

It is virtually impossible to handle all wayfinding circum-
stances through a single expert model due to its intrinsic
inductive bias during training. On the other hand, resorting
to LLMs with commonsense reasoning abilities and wide
knowledge coverage also suffers from significant domain
gaps and inefficiency. Accordingly, one simple and effec-
tive solution is to incorporate both strengths. To achieve
this, we propose the VLN framework R? based on the dual-
process thinking, as depicted in Fig. 3. Specifically, our
pipeline entails three functionally specialized modules: the
Runner, which simulates the fast thinking system, the Ru-
minator, which plays the role of the slow thinking system,
and the Regulator, responsible for monitoring the naviga-
tion progress and controlling the appropriate thinking mode
accordingly. The agent initiates an episode with the Run-
ner. For each timestep, the Regulator first evaluates the cur-
rent condition and activates the Ruminator to engage when
detecting anomalies. Once switched, the Ruminator will
take over the navigation exclusively without involving other
modules until the episode ends. As for nominal conditions,
the Runner proceeds with the exploration. By harmoniously
coordinating these complementary modules, our approach
is capable of yielding reliable navigation and computational
efficiency across diverse navigation scenarios.

We begin this section by establishing the VLN problem.
Then we introduce the three modules of R? in the following
subsections.

Problem Formulation

The VLN task is formulated as a partially observable
Markov decision process, where an agent is required to fol-
low a language instruction I and navigate to the target des-
tination by executing sequential actions with discrete time
dynamics. At each step ¢, the agent receives the real-time
pose R; and an RGB panorama O; = {0}}3%, of sur-
roundings from the environment E. Each o} represents the
perspective image with relative heading €' and elevation
¢’ to the current orientation. Among these, some perspec-
tive views are navigable, indicating the presence of adjacent
viewpoints in these directions. The agent needs to select one
adjacent viewpoint as the action A;. To this end, the intrin-
sic goal of VLN is to optimize a policy 7w with parameters
O to predict the next action based on the instruction, his-
tory, and current observation: 7T(At | I, O, Hy; ©). Here
the history includes all previous observations and actions:
H; = {0y, Ag;...,O¢_1, At_1}. The aforementioned pro-
cess continues until the agent predicts the [STOP] action
or exceeds the step limit.

The Runner

The Runner module operates as a reactive, fast-thinking
component tailored to routine navigation scenarios. We em-
ploy a lightweight transformer-based domain expert to con-
struct the Runner. Concretely, at timestep ¢, the Runner takes
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Figure 3: Overall pipeline of the proposed R3. For each timestep ¢, the Regulator evaluates the navigation condition and
switches to Ruminator if necessary, which resorts to mLLMs for resolving the anomalies; otherwise, the Runner, a lightweight,
transformer-based VLN expert, proceeds with navigation efficiently. Here V; represents all inputs, including history H;, in-

struction I, RGB-D images O;, D;, and pose R;.
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Figure 4: Textual template of inputs. By systematically formalizing the inputs, the Ruminator is capable of extracting current
navigational circumstance in a more explicit and effective manner.

the RGB-D observations Oy, D;, and the pose information
R, to extract fine-grained features and store them into an
egocentric grid memory with projection. These features are
then aggregated with instruction embeddings using a cross-
modal transformer encoder and fed to a two-layer FFN for
action prediction. Benefiting from the grid-based topolog-
ical memory, the agent is capable of facilitating long-term
context awareness of environments. To better utilize stored
navigation dependencies, the Runner and the Ruminator
share the memory bank. Besides, the Runner encompasses
around 160 M parameters only, guaranteeing rapid inference
and on-time responsiveness. However, Runner often yields
suboptimal or even degraded behaviors when generalizing to
some unseen scenarios. This module is prone to making my-
opic decisions since its reactive policy is trained on limited
distribution under a teacher-forcing scheme, leading to aim-
less wandering or repetitive actions when confronting unfa-
miliar situations. Moreover, the Runner also struggles to fix

mistakes once stepping into erroneous viewpoints since be-
havior cloning mimics the labeled trajectories rather than to
learn the intrinsic navigation skills.

The Ruminator

To better handle troublesome cases that Runner may fail and
further improve scalability, we present the Ruminator mod-
ule for deliberate reasoning on resolving anomalies and re-
aligning navigation with the intended objective from the per-
spective of commonsense knowledge. We introduce GPT-40
as the navigation backbone of Ruminator and develop a CoT-
based prompt system to activate the LLM’s multi-step rea-
soning ability for corrective decision-making. Specifically,
we structure the prompt system around three pivotal inter-
mediate steps: perception, planning, and prediction. We first
provide an input template as shown in Fig. 4.

Perception. The first step enables the agent to perceive cur-
rent surroundings and capture objects likely referenced by
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the instruction. At time step ¢, the Ruminator receives the
instruction I and panoramic images O, prompting the LLM
to convert these inputs into a fine-grained textual description
of the environment, involving all important objects.
Planning. After the perception step, we introduce the plan-
ning step to associate accumulated historical information
and derive long-horizon planning for escaping critical sce-
narios. We force the LLM to formulate the new planning
P, relying on the given instruction I, previous planning
P,_4, textual descriptions acquired on the last step, and
navigation history H;. Here H; consists of trajectory infor-
mation and map information, as shown in the input tem-
plate. idj, represents the ID of the k-th viewpoint visited
by the agent. M}, represents the stored memory for the k-
th viewpoint, which is the oriented perspective image when
the agent is in the Runner state and instead the surround-
ing descriptions when in the Ruminator state. A, comprises
the taken action and the target destination. The taken action
is selected from {go forward to, turn left to,
turn right to, turn back to} according to the
angle between the agent’s current orientation and the target.
And the target destination is the ID of the predicted view-
point.

Prediction. The Ruminator makes the final decision with the
given instruction I, planning P;, and O; C O; by choosing
one action from candidate viewpoints. Here O; contains all
navigable perspective images. The candidate options are ex-
plicitly listed, including the targeted direction and the candi-
date viewpoints, as demonstrated in Fig 4. In the end, we up-
date the history H; with selected action A; and neighboring
viewpoints of the newly arrived location. By leveraging our
presented CoT strategy, the Ruminator can generate more
interpretable planning and efficacious decisions for adeptly
solving anomalous situations.

The Regulator

For our dual-process system, pinpointing appropriate mo-
ments for switching is of paramount importance. As shown
in Fig. 3, we introduce the Regulator module in a hierarchi-
cal two-stage manner, focusing on when and how to switch
respectively. In the critical evaluation stage, we craft three
complementary criteria to assess the agent’s current navi-
gation state and determine whether intervention is required.
If positive, the agent switches from Runner to Ruminator
and proceeds to the critical formulation stage. Otherwise, it
remains Runner and advances to the next timestep. In the
critical formulation stage, we employ GPT-40 to analyze the
navigation progress and generate the corrective planning P;
towards compensating for past deviations to ensure align-
ment with the intended objective.

Stage 1: Critical Evaluation. The Critical Evaluation stage
determines when to switch from the Runner to the Rumina-
tor. To achieve so, we design three criteria: looping, scoring,
and ending for the detection of potential anomalies.
Looping. One common failure mode is that the agent be-
comes trapped in cyclic traversal patterns due to naviga-
tional ambiguity. We observe that frequent revisiting a cer-
tain viewpoint or excessive exploration often indicates that
the agent is struggling to discover the intended path. Inspired

18849

by these, we calibrate two thresholds 7., ; € R. The Ru-
minator is triggered when the agent’s maximum revisiting
count across each viewpoint is larger than 7, or the trajec-
tory length exceeds 7;. Recognizing looping is both simple
and intuitive since all required information is documented in
the history H;.

Scoring. While looping can effectively address conspicuous
failures, it struggles to capture the subtle anomalies entan-
gled with historical context. To solve these complex cases,
we propose a scoring model based on Graph Neural Net-
works (GNN) to evaluate the likelihood of achieving naviga-
tion goals given the past trajectory. Specifically, the scoring
model utilizes two graph attention convolution layers with
edge-encoding mechanisms to better extract graphic features
from the historical map Hy, which is structured as a topology
with nodes representing visited and observed viewpoints and
edges representing paths. To improve generalization and ro-
bustness without human annotations, we train the scoring
model in a self-supervised manner by sampling trajectories
and assigning algorithmically generated pseudo-labels. We
collect trajectories on the training and validation seen splits
to avoid data leaking. At every timestep ¢, we acquire the
trajectory from Hy: T; = (vo, V1, ... ,vt_l), where v; rep-
resents the ¢-th visited viewpoint. To enrich the topological
representation, we take the position information, last visit
timestep, and visual embedding together as the node fea-
ture for each viewpoint. When a viewpoint remains unvis-
ited, we approximate its visual embedding as the average
of partial observations from neighboring visited viewpoints.
We then construct directed edges with every adjacent pair
< v;,v;41 > and complete the sampling. As for labeling,
we annotate each collected 7; with a binary label when an
episode ends: If the agent successfully reaches the destina-
tion or all viewpoints in 7; are included in the ground-truth
path, we label 7T; as 0, indicating that this trajectory should
be classified as nominal. Otherwise we assign 1. During in-
ference, we switch to the Ruminator if the output exceeds
a threshold 7,. The scoring criterion achieves fine-grained
trajectory analysis by fusing structural connectivity patterns
with semantic features, enabling early detection of deterio-
rating navigation states before catastrophic failure.

Ending. The Runner determines whether the episode is ac-
complished via a special token trained through behavior
cloning (BC), which poses significant risks when generaliz-
ing to unseen situations. To address this issue, we force the
Regulator to examine whether the current location is the des-
tination when the action [ STOP] is predicted by prompting
GPT-40 with I and O;. Benefiting from the powerful reason-
ing ability of LLMs, the ending criterion can prevent agents
from ending episodes at the wrong location.

Stage 2: Critical Formulation In some cases, the agent’s
exploration may catastrophically deviate from the destina-
tion, rendering restarting from the start viewpoint preferable
rather than continuing with the episode. Thus, once the Ru-
minator engages, we additionally employ the critical formu-
lation stage to evaluate the necessity of restarting from the
initial state. To faithfully simulate real-world deployment,
we reset the memory bank whenever the agent restarts. We
prompt the LLM with the I, H;, and O;. The critical for-



‘ Methods ‘

R2R Val Unseen \

Reverie Val Unseen

\ | TL NE| SRt SPLtT | SRt SPLt RGSt RGSPLt
Seq2Seq (Anderson et al. 2018) 8.39 7.81 22 - 420 2.84 - 2.16
RCM (Wang et al. 2019) 1146  6.09 43 - 9.29  6.97 - 3.89
EnvDrop (Tan, Yu, and Bansal 2019) 10.70 5.22 52 48 - - - -
PREVALENT (Hao et al. 2020) 10.19  4.71 58 53 - - - -
RecBERT (Hong et al. 2021) 12.01 393 63 57 30.67 2490 18.77 15.27
HAMT (Chen et al. 2021) 1146  3.65 66 61 3295 30.20 18.92 17.28
HOP (Qiao et al. 2022) 12.27  3.80 64 57 31.78 26.11 18.85 15.73
DAVIS (Lu et al. 2022) 12.65 3.16 67 61 - - - -
DSRG (Wang et al. 2023a) - 3.00 73 62 47.83 34.02 32.69 23.37
PanoGen (Li and Bansal 2023) 13.40 3.03 74 64 - 33.44 32.80 22.45
FDA (He et al. 2023) 13.68 3.41 72 64 47.57 3590 32.06 24.30
Behavior KERM (Li et al. 2023) 13.54 322 72 61 49.02 34.83 33.97 24.14
Cloning AZHP (Zhan et al. 2024a) 13.68 3.25 71 60 49.02 36.25 3241 24.13
CONSOLE (Lin et al. 2024) 13.59  3.00 73 63 50.07 3440 34.05 23.33
ESceme (Zheng et al. 2024b) 10.80  3.39 68 64 - - - -
SUSA (Zhang et al. 2024) 12.18  3.06 73 65 51.75 38.86 35.02 26.56
BEVBert (An et al. 2023) 1455 2.81 75 64 51.78 36.37 34.71 24.44
GridMM (Wang et al. 2023d) 1327 2.83 75 64 51.37 3647 34.57 24.56
DUET (Chen et al. 2022) 1394 331 72 60 46.98 33.73 32.15 23.03
FAST (Qi et al. 2020) - - - - 1440 7.19 - 4.67
SIA (Lin, Li, and Yu 2021) - - - - 31.53 16.28 - 11.56
Airbert (Guhur et al. 2021) - - - - 27.89 21.88 18.23 14.18
LANA (Wang et al. 2023b) 12.00 - 68 62 48.31 33.80 32.86 22.77
HOP+ (Qiao et al. 2023) - - - - 36.07 31.13 2249 19.33
LLM NavCoT (Lin et al. 2025) 9.95 6.26 40 37 9.20 7.18 - -
fine-tuned NaviLLM (Zheng et al. 2024a) 12.81 3.51 67 59 28.10 21.04 - -
NavGPT-2 (Zhou et al. 2025) 14.01 2.98 74 61 - - - -
NavGPT (Zhou, Hong, and Wu 2024) | 1145 6.46 34 29 19.20 14.65 - -
MapGPT (Chen et al. 2024) - 6.92 39 26 31.63 20.33 - -
LLM- DiscussNav (Long et al. 2024) 9.69 5.32 43 40 - - - -
assisted LangNav (Pan et al. 2024) - 7.12 34 29 - - - -
MC-GPT (Zhan et al. 2024b) - 7.76 22 - 19.43  9.65 8.86 5.14
GPT-4 - 10.24 10 8 - - - -
\ R3 (ours) \ 15.68 2.76 77 66 \ 53.76 42.14 37.94 29.86

Table 1: Performance on R2R and Reverie datasets. The best results are in bold and highlighted in green, while the second are
underlined and highlighted with blue. Our R? outperforms other methods on all metrics. Here LLM-assisted methods indicate
that they adopt LLMs in a zero-shot manner but may require VLN-specific data in other places.

mulation precludes the agent from accumulating mislead-
ing historical context of Runner, yielding enhanced accuracy
through efficacious fixing strategies.

Experiments

Setup

Datasets. We evaluate our approach on two categories
of VLN benchmarks: fine-grained navigation (R2R) and
coarse-grained navigation (REVERIE). Their visual en-
vironments are curated based on the Matterport3D
dataset(Chang et al. 2017), which includes 90 photo-realistic
environments with 10,567 egocentric panoramas in total.
R2R is composed of 7,189 direct-to-goal shortest paths, each
associated with 3 human-annotated navigation instructions.

The average length of an instruction is 29 words in R2R.
REVERIE includes 21,702 high-level instructions, requir-
ing the agents to navigate and identify a remote object with
ambiguous descriptions. The instructions of REVERIE are
ambiguous and only provide the target itself. Their average
length is 18 words, much shorter than those in R2R. There-
fore, REVERIE is deemed more challenging and closer to
real-world robotic applications.

Metrics. We utilize standard metrics to measure navigation
performance as follows: 1) Trajectory Length (TL): the nav-
igation path length in meters on average; (2) Navigation Er-
ror (NE): the distance between the agent’s final position and
the target in meters on average; (3) Success Rate (SR): the
proportion of trajectories that successfully reach the desti-
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Instruction: Go to the mudroom and clean the dust off the picture on the right.

@ starting Viewpoint Q) Switch Viewpoint O Viewpoint
*Destination

— Ruminator Path  — Runner Path

Figure 5: Representative qualitative results on REVERIE validation unseen split. Benefiting from long-term planning capabili-
ties, our approach can effectively escape the wandering anomaly and successfully complete the episode.

nation with NE less than 3 meters; (4) Success weighted
by Path Length (SPL): the success rate normalized by the
ratio between the length of the shortest path and the pre-
dicted path, balancing both SR and TL; Among these, SPL
is widely regarded as the primary measure of navigation per-
formance. Moreover, we also adopt the following metrics to
evaluate the object grounding task: Remote Grounding Suc-
cess (RGS): the proportion of tasks that successfully locate
the target object (IoU between the predicted bounding box
and the ground truth is larger than 0.5); and Remote Ground-
ing Success weighted by Path Length (RGSPL): RGS nor-
malized by the path length. Similar to SPL, RGSPL is re-
garded as more reflective than RGS.

Implementation. All experiments are conducted on an
Ubuntu 16.04.7 LTS server, utilizing Python 3.8.0, PyTorch
1.12.0, and NVIDIA Tesla A100 GPUs. For the Runner
module, we follow the implementation in the official repos-
itory of GridMM(Wang et al. 2023d). For the Ruminator
module, we adopt GPT-40 as the LLM through OpenAI’s
official API. Moreover for the hyperparameters, we set the
maximum revisit times 7,, = 4, maximum trajectory length
7; = 20, and the scoring threshold 7, = 0.35.

Main Results

In this subsection, we present both qualitative and quanti-
tative experimental comparisons between our R? and other
state-of-the-art methods.

Table ?? presents comparative results on R2R and
REVERIE datasets. On the R2R validation unseen split, our
method outperforms others on all metrics, yielding improve-
ments of 2% and 1.5% in terms of SR and SPL. The in-
crements in performance demonstrate that our method ef-
fectively enhances the generalization of VLN agents to un-
seen environments. To be noted, our approach significantly
exceeds other LLM-based methods, which shows that our
exploration makes a solid step toward developing LLMs in
the VLN field. As for the REVERIE validation unseen split,
R? outperforms the best previous methods by a significant
margin of 3.28% and 3.30% in primary metrics SPL and
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RGSPL respectively. We observe that overall elevations on
the REVERIE dataset are far more salient than the R2R,
exhibiting that our R? is especially superior for complex
tasks where high-level semantic understanding and deliber-
ate analysis are demanded for agents.

Fig. 5 visualizes trajectories predicted by our ap-
proach compared to the SOTA method GridMM. Although
GridMM can initially determine the correct direction toward
the destination, it becomes insufficient to capture the global
environment layout as exploration expands, leading to wan-
dering around the starting area until navigation fails. In con-
trast, triggered by path redundancy, our approach triggers the
Ruminator module to effectively recognize the right track to
the destination through commonsense reasoning and delib-
erate analysis of accumulated historical information.

Ablation Study

In this subsection, we carry out ablation studies to further
analyze the effect of each component of our approach. All
ablation experiments are conducted on the REVERIE bench-
mark.

Ablation Study on Regulator. Table ?? validates the ef-
fectiveness of each design within the Regulator module.
In the critical evaluation stage, removing any criterion is
detrimental to both navigation and object grounding per-
formance, confirming their complementary roles in differ-
entiating anomalies. Moreover, omitting the scoring crite-
rion causes the greatest degradation in navigation perfor-
mance, leading to 2.05% and 2.76% decreases in SR and
SPL respectively. This reveals that the enhancement on nav-
igation metrics is mainly attributed to the scoring criterion,
which effectively captures the underlying topological struc-
tures of navigation history relying on a GNN-based model.
On the other hand, removing the ending criterion weakens
the object grounding ability most significantly, resulting in
declines of 2.33% and 4.01% in RGS and RGSPL respec-
tively. We observe that sometimes the Runner fails to local-
ize the correct object even though having reached the des-
tination. Under these circumstances, the LLM’s high-level



| SRt SPL1t RGS?T RGSPL?T
Ours
R? | 53.76 42.14 37.94 29.86
Critical Evaluation
w/o looping 53.39 1037  41.43 o7t 37.67 1027 2824 |1.62
w/o scoring 51.71 1205 3938 1276  36.55 1139  27.04 |2.82
w/o ending 53.54 1022 40.53 1161 35.61 1233 25.85 J4.01
Critical Formulation
w/o formulation \ 53.37 1039 41.83 1031 37.69 1025 29.65 Jo0.21

Table 2: Ablation study on the Regulator. The numbers in
script size indicate the decrease in performance compared
with our full method (in the first line).

semantic understanding and advanced reasoning ability en-
able it to realize the mismatch between the localized object
and the given instruction and distinguish the correct one in
the neighborhood. Finally, in the critical formulation stage,
we show that skipping the formulation phase leads to a de-
cline in overall effectiveness, underscoring the necessity of
a dedicated step.

Ablation Study on Ruminator. In Table ??, we further
delve into the Ruminator module’s dependencies on the
LLMSs’ reasoning capabilities. We present a comprehensive
comparison among various LLMs with different reasoning
capacities. Here w/o LLM represents removing the Rumi-
nator and leaving Runner to navigate alone. We can draw
two crucial conclusions from the ablation of backbones: (1)
As the commonsense reasoning capabilities of LLMs dimin-
ish progressively (GPT-40 > GPT-3.5 Turbo >> MiniGPT-
4 (Zhu et al. 2023)), the overall performance also deterio-
rates accordingly, highlighting the effectiveness of reasoning
capabilities in our system. This also indicates R®’s potential
for further scaling of the generalizing ability as more pow-
erful LLMs become available in the future. (2) The setting
without the Ruminator outperforms MiniGPT-4 by 1.98%
and 0.74% on SR and SPL metrics, exhibiting that employ-
ing inappropriate LLMs can lead to catastrophic results for
VLN tasks since they lack both expertise compared with
Runner and desired commonsense knowledge demanded for
the Ruminator. Besides, we also compare our results with
removing the shared memory bank. Under this setting, the
Ruminator cannot access the Runner’s memory and must
accumulate historical information from scratch after switch-
ing. This modification leads to a performance decline, em-
phasizing the importance of enabling the Ruminator to fully
exploit historical information.

Conclusion

This work presents R3, a zero-shot VLN framework
that incorporates LLM-driven commonsense reasoning and
domain-specific expertise under the dual-process thinking
paradigm. Our approach comprises three modules: Runner,
responsible for ensuring efficient and accurate navigation
under nominal conditions, Ruminator, dedicated to resolv-
ing anomalous situations with deliberate and strategic rea-
soning in a zero-shot manner, and Regulator, which moni-
tors the navigation progress and adaptively switches the sys-
tem to the appropriate thinking mode. Experimental results
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| SRt SPLt RGS?T RGSPLT
Backbone
GPT-40 (ours) 53.76 42.14 37.94 29.86
BLIP-2 & GPT-3.5 Turbo | 52.84 1092 4098 j1.16 36.19 11.75  29.06 J0.80
MiniGPT-4 49.39 1437 3573 1641 33.80 j4.14 24.73 1513
w/o LLM 51.37 1239 36.47 1561 34.57 1337  24.56 |530
Memory
w/o memory bank \ 52.89 1087 40.95 1119 36.56 1138 28.06 11.80

Table 3: Ablation study on the Ruminator.

demonstrate a clear superiority of R? over other state-of-the-
art methods across various benchmarks with different cate-
gories of instructions. Our method especially excels in han-
dling demanding benchmarks such as REVERIE. Moreover,
it also significantly outperforms other LLM-based methods
in inference efficiency. We hope our work could offer a prag-
matic solution to the research community and highlight a
novel path for efficiently harnessing LL.Ms for challenging
VLN tasks.

Acknowledgments
This work is partially supported by the NSF of
China (Grants No.62302481, 62525203, U22A2028,

6240073476), Strategic Priority Research Program of the
Chinese Academy of Sciences (Grants No.XDB0660200,
XDB0660201, XDB0660202), CAS Project for Young
Scientists in Basic Research (YSBR-029) and Youth
Innovation Promotion Association CAS.

References
An, D; Qi, Y;; Li, Y;; Huang, Y.; Wang, L.; Tan, T.; and
Shao, J. 2023. BEVBert: Multimodal Map Pre-training for
Language-guided Navigation. arXiv:2212.04385.
Anderson, P.; Wu, Q.; Teney, D.; Bruce, J.; Johnson, M.;
Siinderhauf, N.; Reid, I.; Gould, S.; and Van Den Hen-
gel, A. 2018. Vision-and-language navigation: Interpreting
visually-grounded navigation instructions in real environ-
ments. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 3674-3683.
Bundele, V.; Bhupati, M.; Banerjee, B.; and Grover, A.
2024. Scaling vision-and-language navigation with offline
rl. arXiv preprint arXiv:2403.18454.
Chang, A.; Dai, A.; Funkhouser, T.; Halber, M.; Niebner,
M.; Savva, M.; Song, S.; Zeng, A.; and Zhang, Y. 2017.
Matterport3D: Learning from RGB-D Data in Indoor En-
vironments. In 2017 International Conference on 3D Vision
(3DV), 667-676.
Chen, J.; Lin, B.; Xu, R.; Chai, Z.; Liang, X.; and Wong,
K.-Y. 2024. MapGPT: Map-Guided Prompting with Adap-
tive Path Planning for Vision-and-Language Navigation. In
Ku, L.-W.; Martins, A.; and Srikumar, V., eds., Proceedings
of the 62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), 9796-9810.
Bangkok, Thailand: Association for Computational Linguis-
tics.
Chen, S.; Guhur, P-L.; Schmid, C.; and Laptev, 1. 2021.
History Aware Multimodal Transformer for Vision-and-
Language Navigation. In Ranzato, M.; Beygelzimer, A.;



Dauphin, Y.; Liang, P.; and Vaughan, J. W., eds., Advances in
Neural Information Processing Systems, volume 34, 5834—
5847. Curran Associates, Inc.

Chen, S.; Guhur, P-L.; Tapaswi, M.; Schmid, C.; and
Laptev, 1. 2022. Think global, act local: Dual-scale graph
transformer for vision-and-language navigation. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 16537-16547.

Christakopoulou, K.; Mourad, S.; and Matari¢, M. 2024.
Agents Thinking Fast and Slow: A Talker-Reasoner Archi-
tecture. arXiv:2410.08328.

Gao, J.; Yao, X.; and Xu, C. 2024. Fast-Slow Test-Time
Adaptation for Online Vision-and-Language Navigation.
arXiv:2311.13209.

Guhur, P.-L.; Tapaswi, M.; Chen, S.; Laptev, I.; and Schmid,
C. 2021. Airbert: In-domain Pretraining for Vision-and-
Language Navigation. In ICCV, 1614-1623.

Han, M.; Ma, L.; Zhumakhanova, K.; Radionova, E.; Zhang,
J.; Chang, X.; Liang, X.; and Laptev, 1. 2025. RoomTour3D:
Geometry-Aware Video-Instruction Tuning for Embodied
Navigation. arXiv:2412.08591.

Hao, W.; Li, C.; Li, X.; Carin, L.; and Gao, J. 2020. Towards
learning a generic agent for vision-and-language navigation
via pre-training. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, 13137—
13146.

He, K.; Si, C.; Lu, Z.; Huang, Y.; Wang, L.; and Wang,
X. 2023. Frequency-Enhanced Data Augmentation for
Vision-and-Language Navigation. In Oh, A.; Naumann, T.;
Globerson, A.; Saenko, K.; Hardt, M.; and Levine, S., eds.,
Advances in Neural Information Processing Systems, vol-
ume 36, 4351-4364. Curran Associates, Inc.

Hong, Y.; Wu, Q.; Qi, Y.; Rodriguez-Opazo, C.; and Gould,
S. 2021. VLN BERT: A Recurrent Vision-and-Language
BERT for Navigation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), 1643-1653.

Kahneman, D. 2011.
York: Farrar, Straus and Giroux.
0374275637.

Li, J.; and Bansal, M. 2023. PanoGen: Text-Conditioned
Panoramic Environment Generation for Vision-and-
Language Navigation. In Oh, A.; Naumann, T.; Globerson,
A.; Saenko, K.; Hardt, M.; and Levine, S., eds., Advances
in Neural Information Processing Systems, volume 36,
21878-21894. Curran Associates, Inc.

Li, J.; Tan, H.; and Bansal, M. 2022. Envedit: Environment
editing for vision-and-language navigation. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, 15407-15417.

Li, X.; Wang, Z.; Yang, J.; Wang, Y.; and Jiang, S. 2023.
KERM: Knowledge Enhanced Reasoning for Vision-and-
Language Navigation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), 2583-2592.

Thinking, fast and slow. New
ISBN 9780374275631

18853

Liang, X.; Ma, L.; Guo, S.; Han, J.; Xu, H.; Ma, S.; and
Liang, X. 2024. CorNav: Autonomous Agent with Self-
Corrected Planning for Zero-Shot Vision-and-Language
Navigation. In Ku, L.-W.; Martins, A.; and Srikumar, V.,
eds., Findings of the Association for Computational Linguis-
tics: ACL 2024, 12538-12559. Bangkok, Thailand: Associ-
ation for Computational Linguistics.

Lin, B.; Nie, Y.; Wei, Z.; Chen, J.; Ma, S.; Han, J.; Xu, H.;
Chang, X.; and Liang, X. 2025. NavCoT: Boosting LLM-
Based Vision-and-Language Navigation via Learning Dis-
entangled Reasoning. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 1-13.

Lin, B.; Nie, Y.; Wei, Z.; Zhu, Y.; Xu, H.; Ma, S.; Liu, J.; and
Liang, X. 2024. Correctable Landmark Discovery Via Large
Models for Vision-Language Navigation. [EEE Transac-
tions on Pattern Analysis and Machine Intelligence.

Lin, X.; Li, G.; and Yu, Y. 2021. Scene-Intuitive Agent for
Remote Embodied Visual Grounding. In 2027 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), 7032-7041.

Long, Y.; Li, X.; Cai, W.; and Dong, H. 2024. Discuss Be-
fore Moving: Visual Language Navigation via Multi-expert
Discussions. In 2024 IEEE International Conference on
Robotics and Automation (ICRA), 17380-17387.

Lu, Y.; Zhang, H.; Nie, P;; Feng, W.; Xu, W.; Wang, X. E;
and Wang, W. Y. 2022. Anticipating the Unseen Discrep-
ancy for Vision and Language Navigation. arXiv preprint
arXiv:2209.04725.

Mohammadi, B.; Hong, Y.; Qi, Y.; Wu, Q.; Pan, S.; and Shi,
J. Q.2024. Augmented commonsense knowledge for remote
object grounding. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 38, 4269-4277.

Pan, B.; Panda, R.; Jin, S.; Feris, R.; Oliva, A.; Isola, P.; and
Kim, Y. 2024. LangNav: Language as a Perceptual Repre-
sentation for Navigation. In Findings of the Association for
Computational Linguistics: NAACL 2024, 950-974.

Qi, Y.; Wu, Q.; Anderson, P.; Wang, X.; Wang, W. Y.; Shen,
C.; and Hengel, A. v. d. 2020. Reverie: Remote embodied
visual referring expression in real indoor environments. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 9982-9991.

Qiao, Y.; Qi, Y.; Hong, Y.;; Yu, Z.; Wang, P.; and Wu,
Q. 2022. HOP: History-and-order aware pre-training for
vision-and-language navigation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 15418-15427.

Qiao, Y.; Qi, Y.; Hong, Y.; Yu, Z.; Wang, P; and Wu, Q.
2023. Hop+: History-enhanced and order-aware pre-training
for vision-and-language navigation. /EEE Transactions on
Pattern Analysis and Machine Intelligence.

Tan, H.; and Bansal, M. 2019. Lxmert: Learning cross-
modality encoder representations from transformers. arXiv
preprint arXiv:1908.07490.

Tan, H.; Yu, L.; and Bansal, M. 2019. Learning to Navigate
Unseen Environments: Back Translation with Environmen-
tal Dropout. In Burstein, J.; Doran, C.; and Solorio, T., eds.,



Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics:
Human Language Technologies, Volume 1 (Long and Short
Papers), 2610-2621. Minneapolis, Minnesota: Association
for Computational Linguistics.

Wang, L.; He, Z.; Tang, J.; Dang, R.; Wang, N.; Liu, C.; and
Chen, Q. 2023a. A dual semantic-aware recurrent global-
adaptive network for vision-and-language navigation. In
Proceedings of the Thirty-Second International Joint Con-
ference on Artificial Intelligence, 1479-1487.

Wang, S.; Zhou, D.; Xie, L.; Xu, C.; Yan, Y.; and Yin, E.
2025. PanoGen++: Domain-adapted text-guided panoramic
environment generation for vision-and-language navigation.
Neural Networks, 187: 107320.

Wang, X.; Huang, Q.; Celikyilmaz, A.; Gao, J.; Shen, D.;
Wang, Y.-F.; Wang, W. Y.; and Zhang, L. 2019. Reinforced
cross-modal matching and self-supervised imitation learn-
ing for vision-language navigation. In CVPR, 6629-6638.

Wang, X.; Wang, W.; Shao, J.; and Yang, Y. 2023b. LANA:
A Language-Capable Navigator for Instruction Following
and Generation. In CVPR, 19048-19058.

Wang, Z.; Li, J.; Hong, Y.; Wang, Y.; Wu, Q.; Bansal, M_;
Gould, S.; Tan, H.; and Qiao, Y. 2023c. Scaling data gener-
ation in vision-and-language navigation. In Proceedings of

the IEEE/CVF international conference on computer vision,
12009-12020.

Wang, Z.; Li, X.; Yang, J.; Liu, Y.; and Jiang, S. 2023d.
GridMM: Grid Memory Map for Vision-and-Language
Navigation. In Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV), 15625-15636.

Wen, Y.; Lin, J.; Zhu, Y.; Han, J.; Xu, H.; Zhao, S.; and
Liang, X. 2024. Vidman: Exploiting implicit dynamics
from video diffusion model for effective robot manipula-

tion. Advances in Neural Information Processing Systems,
37:41051-41075.

Zhan, Z.; Qin, J.; Zhuo, W.; and Tan, G. 2024a. Enhancing
Vision and Language Navigation with Prompt-based Scene
Knowledge. IEEE Transactions on Circuits and Systems for
Video Technology.

Zhan, Z.; Yu, L.; Yu, S.; and Tan, G. 2024b. MC-GPT:
Empowering Vision-and-Language Navigation with Mem-
ory Map and Reasoning Chains. arXiv:2405.10620.

Zhang, X.; Xu, Y.; Li, J.; Hu, Z.; and Hong, R. 2024. Agent
Journey Beyond RGB: Unveiling Hybrid Semantic-Spatial
Environmental Representations for Vision-and-Language
Navigation. arXiv preprint arXiv:2412.06465.

Zhang, Z.; Li, X.; Zou, S.; Chi, G.; Li, S.; Qiu, X.; Wang,
G.; Zheng, G.; Wang, L.; Zhao, H.; and Zhao, H. 2025.
Chameleon: Fast-slow Neuro-symbolic Lane Topology Ex-
traction. arXiv:2503.07485.

Zheng, D.; Huang, S.; Zhao, L.; Zhong, Y.; and Wang, L.
2024a. Towards Learning a Generalist Model for Embodied
Navigation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), 13624—
13634.

18854

Zheng, Q.; Liu, D.; Wang, C.; Zhang, J.; Wang, D.; and Tao,
D. 2024b. ESceme: Vision-and-Language Navigation with
Episodic Scene Memory. International Journal of Computer
Vision, 133(1): 254-274.

Zhou, G.; Hong, Y.; Wang, Z.; Wang, X. E.; and Wu, Q.
2025. NavGPT-2: Unleashing Navigational Reasoning Ca-
pability for Large Vision-Language Models. In Leonardis,
A.; Ricci, E.; Roth, S.; Russakovsky, O.; Sattler, T.; and
Varol, G., eds., Computer Vision — ECCV 2024, 260-278.
Cham: Springer Nature Switzerland. ISBN 978-3-031-
72667-5.

Zhou, G.; Hong, Y.; and Wu, Q. 2024. NavGPT: Explicit
Reasoning in Vision-and-Language Navigation with Large
Language Models. Proceedings of the AAAI Conference on
Artificial Intelligence, 38(7): 7641-7649.

Zhu, D.; Chen, J.; Shen, X.; Li, X.; and Elhoseiny, M.
2023. MiniGPT-4: Enhancing Vision-Language Under-
standing with Advanced Large Language Models. arXiv
preprint arXiv:2304.10592.



