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ABSTRACT

Recent advances in vision-language navigation (VLN) were mainly attributed to
emerging large language models (LLMs). These methods exhibited excellent gen-
eralization capabilities in instruction understanding and task reasoning. However,
they were constrained by the fixed knowledge bases and reasoning abilities of
LLMs, preventing fully incorporating experiential knowledge and thus resulting
in a lack of efficient evolutionary capacity. To address this, we drew inspiration
from the evolution capabilities of natural agents, and proposed a self-evolving
VLN framework (SE-VLN) to endow VLN agents with the ability to continu-
ously evolve during testing. To the best of our knowledge, it was the first time
that a multimodal LLM-powered training-free self-evolving VLN framework was
proposed. Specifically, SE-VLN comprised three core modules, i.e., a hierarchical
memory module to transfer successful and failure cases into reusable knowledge,
a retrieval-augmented thought-based reasoning module to retrieve experience and
enable multi-step decision-making, and a reflection module to realize continual
evolution. Comprehensive tests illustrated that the SE-VLN achieved navigation
success rates of 57% and 35.2% in unseen environments, representing relative per-
formance improvements of 23.9% and 15.0% over current state-of-the-art meth-
ods on R2R and REVERIE datasets, respectively. Moreover, the SE-VLN showed
performance improvement with increasing experience repository, elucidating its
great potential as a self-evolving agent framework for VLN.

Project page: https://anonymous.4open.science/r/
SE-VLN-76B2/README . md

1 INTRODUCTION

Vision-language navigation (VLN), as a key technology connecting human natural language and
robot visual navigation, aims to enable embodied agents to autonomously plan paths and complete
visual navigation tasks in unseen environments based on human language instructions |Anderson
et al.[(2018)). Despite its rapid development (Chen et al.| (2024b)); Schumann et al.| (2024); L1 et al.
(2024b); Lin et al.| (2024), especially with the help of emerging LLMs |Zhou et al.| (2024); |Chen
et al.|(2024a); Li et al.|(2024a); Long et al.[(2024)), current VLN methods lack the advanced naviga-
tion capabilities of natural agents (e.g., bats, migratory birds, humpback whales) and shows critical
shortcomings in autonomous evolution through experience. In fact, an experienced horse refines
its neural circuitry through repeated journeys. Its navigation skill distills wisdom from experience
and evolves autonomously through adaptation, providing a biological blueprint for existing VLN to
overcome bottlenecks of ”data dependency” and “’scene generalization”.

Current VLN methods |Li et al.|(2024a); Zhou et al.| (2024); |Chen et al.|(2024a) had significant lim-
itations in terms of static experience utilization. They treated historical trajectory data as a fixed
replay buffer, only using it to maintain decision consistency for the current task, and failed to extract
reusable general knowledge from dynamic processes. Another drawback of existing VLN methods
Chen et al.| (2024a); [Zhou et al.| (2024) lay in their limited reasoning capabilities. They relied on
the static knowledge invocation of pre-trained models and failed to effectively integrate experience
for multi-step decision-making. This stood in stark contrast to the biological intelligence of natural
agents such as horses, which adjusted navigation paths by combining environmental memories with
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real-time perceptions, helping gain precise alignment between visual perceptions and language in-
structions when processing complex commands. Furthermore, the “evolution” processes of existing
VLN agents were highly dependent on manual hyperparameter tuning |Anderson et al.| (2018)); |[Lin
et al.|(2024) and model iteration [Li et al.|(2024c); [Lin et al.| (2025)), which was completely different
from the mechanism which biological agents used to achieve self-evolution through natural selection
and neural plasticity.

To bridge this gap, this paper proposed a training-free VLN framework, which integrated three core
modules, i.e., a hierarchical memory module, a retrieval-augmented thought-based reasoning mod-
ule, and a reflection module, to realize a multimodal LLM-powered self-evolving VLN framework.
This paper designed a hierarchical memory module to store short-term memory and long-term expe-
rience. It constructed a verbal topological map to record the agent’s visual observations and decision-
making processes at each node, providing foundational support for real-time decision-making and
experience extraction. Meanwhile, it used an experience repository to store long-term accumu-
lated navigation experience, thereby enhancing the decision-making efficiency of subsequent tasks.
This paper also introduced a retrieval-enhanced thought-based reasoning module. This module uti-
lized retrieval-augmented generation (RAG) technology to retrieve historical experience related to
the current task from the experience repository and combined chain-of-thought (CoT) prompting
to decompose multi-source information into executable multi-step reasoning chains, wherein verbal
topological map was dynamically updated and decisions were better made. Further, We introduced
a reflection module, which conducted in-depth analysis of the agent’s decisions guided by task eval-
uation results, enabling dynamic updating and continual evolution.

Extensive experiments on R2R and REVERIE datasets demonstrated that the SE-VLN achieved
state-of-the-art performance and exhibited self-evolving VLN ability as the experience repository
expanded.

Our work mainly contributed to the following:

* A training-free self-evolving VLN framework was proposed by simulating the evolution
processes of natural agent navigation with the help of MLLM.

* A hierarchical memory module was proposed to record the agent’s visual observations and
decision-making processes at each path node through a verbal topological map, supporting
immediate decision-making and experience refinement. It was also combined with an expe-
rience repository to store long-term experience, enhancing decision-making for subsequent
tasks.

* A retrieval-augmented thought-based reasoning module integrated with retrieval-
augmented generation (RAG) and chain-of-thought (CoT) was introduced to enable multi-
step decision-making by retrieving relevant historical experience, thereby enhancing the
accuracy of the agent’s decisions.

* A reflection module was introduced to conduct in-depth analysis of the agent’s decisions
based on task evaluation results, enabling incremental updates of long-term experience and
promoting the agent’s continuous evolution.

2 RELATED WORK

2.1 VISION-LANGUAGE NAVIGATION (VLN)

Researchers had extensively explored VLN methods that integrated memory and reasoning mecha-
nisms to enhance the efficiency and robustness of agent navigation |[Zhou et al.| (2024); [Chen et al.
(2024b)); Schumann et al.| (2024); [Li et al.| (2024b). The memory module played a crucial role in
VLN agents, enabling them to store and review historical information such as explored paths (Chen
et al.| (2024a), identified landmarks [Zhan et al.| (2024), or past observation data |L1 et al.| (2024a).
This capability was vital for handling long-range navigation tasks and making informed decisions in
non-Markovian environments, as agents could utilize memory to optimize path selection and more
effectively understand the connections between the current environment and historical states |(Chen
et al.| (2024a));|Zhan et al.|(2024). Meanwhile, the reasoning module endowed agents with the ability
to deeply understand language instructions and analyze environmental visual information. Agents
could decompose abstract natural language instructions into a series of executable sub-goals and
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Figure 1: The workflow of SE-VLN.

perform semantic analysis on visual inputs to identify relevant objects, comprehend spatial rela-
tionships, and infer feasible paths |Chen et al.| (2024a); Zhan et al.| (2024). This strong reasoning
capability allowed agents to make rational decisions even when faced with ambiguous or incom-
plete instructions, and to extract key clues from visual scenes that guided navigation. However,
these methods mostly relied on the inherent knowledge bases and reasoning capabilities of LLMs to
improve navigation performance.

2.2 LARGE LANGUAGE MODELS (LLMS) FOR AGENTS

Recent research leveraged LLMs and VLMs as agents, particularly in the domains of gaming,
robotics, and healthcare, not only to provide rigorous evaluation platforms for state-of-the-art Al
systems but also to herald transformative impacts of agent-centric Al on society and industries. For
instance, Lan et al. [Lan et al.|(2023)) utilized system prompts to guide LLMs in gaming, achieving
multi-agent collaboration and competition in Avalon. Han et al. Han et al.| (2024)) developed an
LLM-based task planner to enhance human preference alignment in home service robots to better
understand and adapt to individual users’ specific needs and preferences. However, these agents
generally lacked the capability for self-evolution and continual learning. To address this limita-
tion, Shinn et al. [Shinn et al.| (2024) introduced a mechanism that involved verbal reflection on
task feedback signals and recorded these reflections in an episodic memory buffer to guide more
optimal decision in subsequent trials. Zhang et al. |Zhang et al,| (2024) devised a strategy-level
reflection and optimization method that iteratively reviewed past actions and employed depth-first
search techniques for policy optimization, thereby facilitating the continuous evolution of agents
in poker games. Despite significant progress in their respective tasks, constructing LLM-powered
VLN agents with continuous evolution remains an unexplored area.

3 METHODOLOGY

3.1 PRELIMINARIES

In a discrete environment with an undirected navigation graph G, the agent needed to navigate from
a starting node to a target node according to natural language instruction Z, which consisted of a
sequence of words {1,142, i3, . .. , i, } with potential landmarks along the way and action commands
to be executed. At step ¢, the agent received visual observations O; = {Oy j, }<_| from the simulator,
where K denoted that O, contained K navigable viewpoints. The agent predicted the next action,
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which was then executed through interaction with the simulator to transition to the next location. The
task was considered successful when the agent moved within a 3-meter range of the target location.

3.2 OVERALL ARCHITECTURE

Initially, the agent used an experience retriever based on the instructions of the current task to fetch
few-shot experience from the experience repository, used for decision-making at each step, as shown
in Figure [1| Then, environmental observations were updated into a verbal topological map, where
a prompt generator integrated information and constructed prompts. After comprehensive analysis
through a multi-step decider, actions were output to interact with the environment, while the decision
process was simultaneously updated into the verbal topological map. This process was executed in
a closed loop during the task. Meanwhile, an outcome evaluator of the reflection module used the
contextual memory of the verbal topological map to quantitatively assess navigation performance.
Subsequently, an experience corrector identified and corrected unreasonable decisions by combining
score lists, saved the corrected decisions as experience back into the experience repository, and
achieved self-evolution by learning from historical experience.

3.3 A HIERARCHICAL MEMORY MODULE

The hierarchical memory module, comprising a verbal topological map and an experience repository,
enabled the agent to retrieve contextual memory for current task and past similar experience, which
were crucial for enhancing the navigation performance.

3.3.1 A VERBAL TOPOLOGICAL MAP

The verbal topological map served as short-term memory for enhancing navigation performance.
This map recorded key information in real-time, including navigation graph G; C G, textual de-
scriptions D = {Dj, ..., D;} of visual observations O = {O4q,...,O:}, and decision processes
(T,P,.A), which included thinking 7 = {71, ..., 7¢}, planning P = {P1, ..., P;} and executing
A = {A1,..., A:}. This also enabled it to serve as the basis for analyzing erroneous decisions
within the reflection module. Details can be found in Figure. [6]in Appendix.

Its construction involved following two key processes.

Topological Mapping: In the VLN task, the agent had never explored the entire environment and
must construct a map based on its online observations. Therefore, we stored the map as a dynami-
cally updated graph. At step ¢, we recorded all nodes visited by the agent and their connectivity in
the graph G;. The agent selected the next node to visit from several currently navigable viewpoints
provided by the simulator and updated the graph from G; to G; 1.

Map Annotations: To assist the agent in navigating more effectively, we added annotations to each
node of the topological graph G;, creating contextual memory. This enabled the agent to refer to
them when making decisions. At step ¢, we converted the agent’s visual observations O, at the cur-
rent topological node V; into textual descriptions D;, which became part of the node annotations.
After the reasoning module made a decision, we also saved the decision process (T, Ps, A:) as
part of the map annotations. These map annotations aided in decision at the next step and post-task
reflection. Consequently, the map M, could be represented using the following paradigm:

Dy = MLLM (Syr, Oy) (1)
M= G @& D oTaePaA )
topological scene Posterior decision

araph descriptions annotation

where Sy represented the task descriptions for the hierarchical memory module.

3.3.2 AN EXPERIENCE REPOSITORY

The experience repository Epg, built on the vector database Chroma, documented the agent’s nav-
igation memory from past tasks as long-term experience to guide subsequent task decisions. Each
experience e comprised four key elements: landmark features £, scene descriptions D, decision
processes (7, P, A), and revised decision processes (7', P’, A"). Each experience e entry could be
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formally defined as a quadruple:

e=(L,D(T,P,A) (T P, LA"Y) 3)

Landmark features £ referred to the destinations included in the instruction. The agent used them
to retrieve similar experience for reasoning. Scene descriptions D recorded textual depictions of
the agent’s visual observations at each decision frame, aiding the agent in better understanding
and responding to complex navigation environments. The decision processes (7, P, .A) logged the
agent’s thinking, planning, and executing at each decision frame. The agent could learn from past
experience, thereby making more accurate and effective judgments.

3.4 A RETRIEVAL-AUGMENTED THOUGHT-BASED REASONING MODULE

The retrieval-augmented thought-based reasoning module served as the decision-making core of SE-
VLN. It incorporated retrieval-augmented generation (RAG) technology to retrieve experience, gen-
erate prompts, and combine chain-of-thought (CoT) prompting technology for multi-step decision-
making. Specifically, it involved an experience retriever performing few-shot experience retrieval,
a prompt generator integrating historical information to generate prompts, and a multi-step decider
executing interpretable reasoning and interacting with the environment. Details can be found in
Figure[7]in Appendix.

3.4.1 AN EXPERIENCE RETRIEVER

As the number of navigations increased, the experience repository would accumulate a large amount
of navigation experience. Inputting all experience as prompts would lead to a dimensionality explo-
sion problem:
lim H(Pfull) X O(N . d) (4)
N— 00
Where H represented the entropy of the prompt information, and d was the embedding dimension
of a single experience.

To reduce the risk of decision-making confusion in large language models, we constructed an expe-
rience retriever based on semantic similarity. This retriever extracted historical experience with the
same landmark features from the experience repository based on the core landmark features con-
tained in the instruction of the current task. This design was primarily based on two considerations:
1) complete instruction usually contained multiple semantic elements such as destinations, items,
actions, etc., with the presence of noise interference factors, and 2) the perception features and de-
cision sequences were highly reusable under the same landmark scenario. Details can be found in

Appendix

3.4.2 A PROMPT GENERATOR

To help the VLN agent better understand tasks and make decisions, we developed a prompt generator
that organized various pieces of information into four key components for each decision frame: task
descriptions Sg, which provided the background of the VLN task along with definitions of inputs
and outputs, including their formats and constraints on the reasoning process; instruction Z that
specified the actions to be performed and the destination to reach; the contextual memory of a
verbal topological map M, that recorded the agent’s short-term memory, aiding in processing real-
time contextual information for short-term reasoning and decision-making; and few-shot experience
£ containing similar cases involving comparable sensory data and decision paths, allowing the agent
to learn and refer to them for more informed decisions. In summary, at each decision step, we built
a tailored prompt based on the current memory to guide the decision-making process. It could be
formalized as:

PGt =o (SR7I7 \II(MT/)’(‘:) (5)

Where PG was the prompt at step ¢, ¢ was the prompt generation operator, responsible for merg-
ing information from multiple sources and structuring it to generate the final prompt that guided
the decision-making of the VLN agent. ¥ was the dynamic memory encoding function used to
transform the raw memory data at step ¢ into a structured representation for prompt generation.
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3.4.3 A MULTI-STEP DECIDER

The multi-step decider based on chain-of-thought (CoT) reasoning was an essential component, with
its core mechanism embodied in breaking down complex decisions into explainable and progressive
reasoning steps through CoT. On one hand, it could illustrate the logic and process of reasoning,
enhancing the transparency and accuracy of decisions. On the other hand, it could serve as part
of short-term memory, used for error correction by the reflection module and for enhancing the
consistency of real-time decision-making. The entire process was divided into three stages: thinking,
planning, and executing.

Thinking 7 In this stage, the agent synthesized and analyzed input information by generating
detailed reasoning steps to determine the next action to take and the rationale behind it, providing a
solid foundation for subsequent planning.

Planning P: Based on the analysis results from the thinking stage, the agent developed specific
paths and action plans for subsequent decision-making.

Executing A: In this stage, the agent executed concrete actions according to the path generated
during the planning stage, interacting with the environment.

To formalize this process, we could use the following equation to represent the reasoning at step ¢:

(Tt P, Ar) = MLLM (PGY) (6)

3.5 A REFLECTION MODULE

In order to accumulate valuable experience and enrich the experience repository after each naviga-
tion task, we designed a reflection module akin to how humans learn and grow to correct unreason-
able decisions made during the navigation. However, we found that directly requiring the MLLM
to reflect on the agent’s lengthy navigation process would cause the agent to lose focus on key is-
sues, thereby affecting the effectiveness and accuracy of the reflection. Therefore, we divided the
reflection module into two components. Details can be found in Figure §]in Appendix.

3.5.1 AN OUTCOME EVALUATOR

In VLN tasks, the most commonly used metrics for evaluating an agent’s navigation performance
are navigation error (NE), success rate (SR), path length weighted success rate (SPL), and oracle
success rate (OSR). These metrics provide a direct reflection of the agent’s capability to reach the
target location and its navigational efficiency. Adhering to this established framework, we utilized
ground truth data from the MatterPort3D simulator to accurately compute the outcomes of the cur-
rent navigation tasks. This approach not only ensured the precision of the results but also facilitated
the reflection module within the agent, enabling it to specifically identify and correct unreasonable
decisions made during navigation. In the real world, we could evaluate the navigation performance
of the agent through interactive feedback with human experts.

Emetric = [NE7 SR, SPL, OSR} = feval (TnaVa Tgt) (N

Where Eqpenic denoted the value of the evaluation metrics, fey represented the evaluation function,
Tnay Teferred to the navigation trajectory of the agent, and 7, indicated the ground truth path provided
by the simulator.

3.5.2 AN EXPERIENCE CORRECTOR

In order to enable the VLN agent to learn from its experience autonomously, we used MLLM as
error correctors. Specifically, we utilized the contextual memory from the verbal topological map
as a prompt for the MLLM, instructed the MLLM to analyze the evaluation results, identified the
reasons for the first unreasonable decision, and provided the correct decision process. Finally, we
embedded the landmark features as a key, paired them with contextual memory and correct decision
process to form experience, and stored these in the experience repository.

<T/a Pl, Al> = MLLM (Srefa \II(Mt)a gmelric) (8)
EpB < EpB U Cpew ©))

Where Sf referred to the task descriptions of the reflection module, Epg referred to the experience
repository , and ep,, referred to the new experience.
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4 EXPERIMENTS

4.1 DATASETS

The R2R |Anderson et al.| (2018)) and REVERIE Qi et al.| (2020) datasets are widely used for eval-
uating system performance in VLN tasks. The R2R dataset was built upon 90 real indoor environ-
ments within the Matterport3D simulator, encompassing residences, apartments, and office spaces.
It comprised 7,189 trajectories, with each tra-

jectory associated with three fine-grained in- . sal%
structions, resulting in a total of 21,567 navi- 0%
gation instructions, averaging 29 words per in-
struction. These instructions aimed to guide

agents through complex layout understanding 55%
and multi-step decision processes from one
room to another. In contrast to the R2R
dataset, which focused on fine-grained room-
to-room navigation instructions, the REVERIE
dataset posed a higher challenge by introduc-
ing the task of locating specific target ob- 36.8% 374%
jects, thereby demanding enhanced environ- a5
mental understanding and reasoning skills from 0-shot ‘ 2-shots ‘ 5-shots
the agent. Similarly constructed within 90 real ) ) )
indoor environments in the Matterport3D sim- Figure 2: The impact of different shots experi-
ulator, REVERIE included 4,140 target objects €nCe.

and 21,702 crowd-sourced instructions, averag-

ing 18 words per instruction. This dataset required agents to receive natural language instructions
at a starting position, directing them to a remote target object located elsewhere within the same
building.

48.6%

47.0%

Percentages

46.3%

45%

4.2 EVALUATION METRICS

The following standard metrics were used to evaluate the performance of VLN tasks on the R2R and
REVERIE datasets:

1) Oracle Success Rate (OSR): This represented the proportion of times the agent could successfully
complete the task when provided with the optimal path or guidance.

2) Success Rate (SR): This referred to the proportion of times the agent successfully completes the
navigation task. Specifically, a navigation attempt was considered successful if the agent stopped
within 3 meters of the target point.

3) Success weighted by Path Length (SPL): This metric evaluated the efficiency of the agent’s navi-
gation by comparing the length of the path taken by the agent to the optimal path.

4) Navigation Error (NE): This measured the distance between the agent’s final position and the
target location, with shorter distances indicating more accurate navigation.

4.3 IMPLEMENTATION DETAILS

We conducted experiments based on current mainstream MLLMs, including Claude 3.5 Sonnet,
Gemini-2.0-Pro, Qwen2-VL, InternVL2.5, and GPT-40, to verify the applicability and effectiveness
of different models within this framework. Among them, GPT-40 demonstrated the best perfor-
mance under the SE-VLN framework, so we selected GPT-40 (with a contextual window length of
128K tokens) to present the experimental results. Details can be found in Figure[5]in Appendix.

4.4 ABLATION STUDY

We conducted extensive ablation studies on a subsample of R2R, comprising 72 scenes from the
R2R dataset with 216 trajectories, to analyze the impact of each key module in the SE-VLN.
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4.4.1 EFFECT OF LONG-TERM EXPERIENCE

As shown in Figure2] we evaluated the impact of numbers of experience inputs on navigation perfor-
mance by incorporating them into the reasoning module. In this study, ”0-shot” denoted the scenario
where no past experience were utilized; ”2-shots” and ~’5-shots” referred to introducing two and five
of the most similar past experience, respectively, as prompts before inference for current task. The
results indicated that the ”2-shots” setting achieved the best performance, whereas the introduction
of ”5-shots” experience led to a decline in performance. This suggested that increasing historical
experience did not necessarily enhance the agent’s performance. In fact, excessive memory input
might occupy a significant portion of the context window, thereby reducing the LLM’s capacity to
process other relevant perceptual information, causing adverse effects. Additionally, an overabun-
dance of repetitive or low-value memories could confuse the agent, further deteriorating its decision
quality.

4.4.2 EFFECT OF MULTI-STEP DECIDER

Table[T]analyzed the impact of a multi-step decision-maker based on chain-of-thought (CoT) reason-
ing on navigation performance. Considering its critical role in the operation of the reflection module,
we evaluated the combined effects of CoT
and the reflection module under different set-
tings. The results indicated that the presence
of CoT and its synergistic interaction with the
reflection module had a significant influence

Table 1: Impact of multi-step decider reasoning
on navigation performance.

da : Settings | NE, OSRt SRt SPLt
on key performance indicators. This was be- wio Reflection | 673 439 344 233
cause LLMs often struggled to produce correct  w/o CoT ‘ w/ Reflection | 6.61 479 374 300
answers to complex prob}ems in a single at- Wio Reflection | 574 536 463 368
tempt. CoT enhanced their reasoning capabil- w/ CoT | w/Reflection | 5.07 64.1 547 47.0

ities by explicitly presenting intermediate rea-
soning steps before giving a final output, thus
incrementally approximating the correct solution. These intermediate steps also served as a founda-
tion for reflection, aiding in the identification and correction of errors or deficiencies in the naviga-
tion process, thereby improving the agent’s navigation performance.

4.4.3 EFFECT OF OUTCOME EVALUATOR

Figure [3] illustrated the impact of the outcome evaluator on navigation performance. The data re-
vealed a remarkable improvement in navigation performance when the outcome evaluator was in-
troduced. Specifically, even the most advanced LLMs struggled to accurately identify errors without
additional guidance. By incorporating the outcome evaluator, the reflection module could conduct
more precise and targeted adjustments and improvements based on past decisions. This elucidated
the critical role of the outcome evaluator in enhancing the overall efficacy of the navigation system.
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Figure 3: Impact of outcome evaluator on navi-
gation performance.
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4.5 EVALUATION OF SELF-EVOLUTION

As shown in Figure [4] we examined the evolution ability of the VLN framework by adjusting the
number of experience entries (set to 0, 10, 30, and 50). As the number of experience increased,
the overall performance of SE-VLN showed an improvement trend, i.e., OSR improved from 64.1%
to 68.0%, and both SR and SPL were also improved with experience. These indicated that SE-
VLN could effectively utilize past experience for continual evolution across different tasks, thereby
progressively improving its navigation performance. Moreover, we observed that as the number of
tasks increased, the trend of self-evolution gradually flattened out. This might have been due to the
limitations of LLMSs’ reasoning capabilities, and the navigation experience would gradually tend
toward homogenization.

4.6 COMPARISON WITH EXISTING APPROACHES

Existing methods were categorized into two types: supervised learning approaches and training-free
approaches. As shown in Table[3] we evaluated the navigation performance across various scenarios
using a sampled subset of 72 scenes from the R2R dataset. Furthermore, we conducted additional
comparisons of the naviga-

tion performance between Table 2: Results on the validation unseen set of the R2R dataset.
SE-VLN and previous

models on a larger vali- “Seings | Methods | NE| OSRT SRT SPLT
dation set that included Seq2Seq|Anderson et al.|(2018) 7.81 28 21 -
11 scenes with 783 tra- Speaker Follower [Fried et al.|[(2018) 6.62 45 35 -
jectories. S shown in et | Enbopas s @I T 22 0
. . earning ec ong et al. )i .
Table 2] despite the dis- DUET [Chen et al.|(2022) 331 81 72 60
tributional differences, ScaleVLN{Wang et al.|(2023) 209 88 81 70
SE-VLN exhibited slight NavGPT [Zhou et al.|(2024) 646 42 34 29
improvements across key . TINA |Li et al.|(2024a) 5.93 48 37 33
metrics compared to the  neTeC | NopGPT(GPT40) (Chen et al|2024a) | 565 59 46 34
P SE-VLN (GPT-40) 503 66 57 50

results from the 72-scene
experiments, with further
improvements of SR and SPL by 2.3% and 3.0%, respectively. This might be attributed to the
fewer number of scenes in the validation set, where the experience repository might contain similar
perceptual and decision experience. This result indicated that the experience repository mechanism
of the SE-VLN could effectively capture the decision-making logic across tasks. When there were
task patterns in new tasks that were similar to those in the experience repository, the agent could
quickly transfer and reuse relevant experience, thereby offsetting the performance loss caused by
distribution differences.

5 CONCLUSION

In this paper, we proposed a self-evolving visual-language navigation (VLN) framework (SE-VLN)
based on multimodal large language models (MLLMs). It achieved self-evolution and eliminated the
need for large-scale annotated data training by simulating the advance navigation ability of natural
agents. Extensive experiments demonstrated that the SE-VLN achieved state-of-the-art performance
through continuous accumulation and reuse of experience, showcasing remarkable self-evolution
capabilities. In the future, we plan to explore the introduction of multi-agent collaborative reasoning
methods to promote the applications of self-evolving VLN on various fields.
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A APPENDIX

A.1 THE DETAIL OF EXPERIENCE RETRIEVAL

Specifically, the landmark extractor Fp,r s Was first utilized to extract a set of landmark features
L from the current task’s instruction Z:

L= {ZJ };n:l = ]:MLLM(I)> where lj € Viandmark (10)
Where Viandmark Was a predefined landmark vocabulary.

The entity set was then encoded into semantic vectors q:
q = SBERT ( [ zj> € R768 an
j=1

Where || denoted the sentence concatenation operation, and SBERT(+) represented the Sentence-
BERT Reimers| (2019) encoder.

Based on this, the cosine similarity between the semantic vector q and the experience in the experi-
ence repository was calculated to retrieve the experience relevant to the current task:
. e -
sim(q e;) = (12)
[lalllle:ll

th experience in the experience repository.

Where e; denoted the semantic vector of the ¢

Finally, top /V experience with the highest similarity scores were selected to construct the few-shot
experience £.” These were then injected into the prompt of the reasoning module, enabling the agent
to make more informed and reasonable decisions by referencing past experience.

N
£= & Template(e(™) (13)

Where & denoted the prompt concatenation operation, and Template(:) converted experience into
natural language descriptions.

A.2 COMPARISON WITH EXISTING APPROACHES

To ensure a fair comparison, we utilized GPT-40 as the inference model for testing both methods. As
shown in Table 3] Our results demonstrated that SE-VLN, significantly outperformed MapGPT, the
SOTA LLM-powered VLN method. Specifically, the SE-VLN surpassed MapGPT (GPT-40 based)
by 0.55 meters in NE, 7.2% in OSR, 8.4% in SR, and 9.2% in SPL. This validated the effectiveness
of our approach in improving the navigation performance of LLM-powered agents without the need
for training on large-scale datasets.

Table 3: Results on 72 various scenes of the R2R dataset.

Methods | LLMs | NE, OSRf SRt SPLt

NavGPT [Zhou et al.|(2024) GPT-35 | 8.02 264 167 13.0
MapGPT |Chen et al.|{(2024a) | GPT-3.5 | 848 29.6 194 11.6
MapGPT Chen et al.|(2024a) | GPT-40 | 5.62 569 463 37.8
SE-VLN (ours) GPT-40 | 507 641 547 47.0

A.3 EVALUATION ON OTHER DATASETS

We further compared the SE-VLN with existing VLN methods on the REVERIE dataset. The
test results demonstrated that the existing methods exhibited a significant performance drop on the
REVERIE dataset compared to their performance on the R2R dataset, as shown in Table[d Specif-
ically, we documented the agent’s past navigation experience, and the historical data helped the
agent avoid repeating past mistakes, thereby enhancing its efficiency and success rate in complex
and unknown environments. Through this approach, the SE-VLN not only improved the agent’s
exploration capabilities in unknown environments but also strengthened its ability to handle chal-
lenging tasks, showcasing more intelligent and adaptive behavior.
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Table 4: Results on the validation unseen set of the REVERIE dataset.

Settings | Methods | OSRT SRt SPL?t
Seq2Seq|Anderson et al.|(2018 8.1 4.2 2.8

Supervised Learning | RecBERT [Hong et al.[(2021] 23.1  30.7 249
DUET |Chen et al.|(202: 500 458 353

NavGPT (2024 283 192 146

Training-Free MapG (2024a 369 306 223
SE-VLN (GPT-40) 437 352 248

A.4 QUALITATIVE ANALYSIS

Figure [9]and [T0]illustrated examples of the prompts required for SE-VLN’s decision per frame and
case studies of leveraging navigational experience to aid decision, respectively. As shown in the fig-
ure, at each step, SE-VLN updated its verbal topological map in real-time and formulated prompts.
By comprehensively analyzing the input information, it generated a series of thinking processes
and planning strategies, leading to the most suitable executing decisions. For instance, in step 2,
when two vantage points could both lead to the destination, SE-VLN reviewed past navigational
experience in similar tasks to identify which path might result in fewer obstacles or a more opti-
mal navigation route. Such a strategy enabled SE-VLN’s navigational performance to continuously

improve as experience accumulated.
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Figure 5: Performance of Different MLLMs on the R2R Sampling Subsets.
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Observations

A Verbal
Topological Map

Scene Description

‘4e5cc8629d384c90926c4ef429c8963a’ shows the entrance to a bedroom. This is a room with light-colored
wooden floors. A bed and decorative paintings on the wall are visible, and the room is simply furnished. ‘6e9
a4624beb844e085305b4f36e28700’ shows a section of light - colored indoor wall with a socket and a white
panel. Part of the wooden floor and furniture can be seen beside it. ‘7b1823f17d6847bf919601ec50af36a4’
shows a corner of an indoor space with light - colored walls (with panels like switches), light wooden ......

Decision Process

Thinking: From the trajectory and instruction, | have completed the first part of the instruction. | need to co-
nfirm whether the current space matches the target room type specified in the instruction (e.g., "bedroom"
"study") by capturing key visual features (furniture, layout) from the next viewpoint ......

Planning: Step 1: Turn right to the viewpoint ‘4e5cc8629d384c90926c4ef429c8963a’ to identify the room f-
urther.

Step 2 : Turn left to the viewpoint ‘7f2d1a8b3c4e5d6f7a8b9c0d1e2f3a4b’ to locate the nightstand......
Executing: Turn right to the viewpoint ‘4e5cc8629d384c90926c4ef429c8963a’.

Topological Mapping Map Annotations

Figure 6: The pipeline of the verbal topological map.

An Experience Retriever

Landmarks Similarity
Extraction A\ SEmiEmEE Calculations

BERT — VectorA

— Vector B

bedroom Encoder
stairs room .
bathroom €050 = A Tn
Instructions RAG
A Prompts Generator
Exit the > Task . Few-shot Contextual
bedroom, walk Descrinti Instructions E q M
past the stairs escriptions xperience emory
and wait in the .
room to the l, Observations
right of the .
bathroom. A Multimodal Large Language Model as a VLN Agent
| cor
A Multi-Step Decider
Execution
Thinking Planning Executing

Figure 7: The pipeline of the retrieval-augmented thought-based reasoning module.
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o Task Description]
Metri D, [
BITES gta [Contextual Memory]:
<node 0: scene description: (‘88e1a361dfe240d49d9f3bf34a8f1617’ depicts a modern-
NE (m) 14.25 s p
style living room, featuring a ......), ......
SR (%) 0.00 decision process: (Thinking: I've started exploring and need to
4 : follow the instruction given ......), (Planning: Move to ‘88e1a361dfe240d49d9f3bf34a8f
SPL (%) 0.00 1617’ to enter the house,......), (Executing: t-urn left to the viewpoint cf90b02d6cdb45c
N : 480bfcdfacbba79ac’)>
o
OSR (%) 0.00 <node t>
Simulator Score List [Revised Decision]:
<l received the instruction: “Enter the house, and go into the kitchen. Stop next to the
first counter on your left.” In the task of entering the house and proceeding to the
kitchen, the agent ultimately failed to reach the designated location. According to the

. metrics, NE was 14.25 meters, with SR of 0%, and both SPL and OSR were at 0%. This
A Multimodal Large Language Model S B3 s>

as a VLN Agent

Contextual

Memory Summarize && Vectorize && update

A Verbal Topological Map An Experience Repository

Figure 8: The reflection module workflow. The agent computed the navigation performance of
current task, i.e., score list, through an outcome evaluator and integrated this with the contextual
memory of the verbal topological map for targeted reflection. Subsequently, the revised decision
was updated into the experience repository as experience.

$Prefix:

Task Description:

[Task background]

As an embodied robot, you need to explore and navigate the environment according to human language instructions until you reach the
destination. At each step, you will receive visual observations of the environment, and you need to parse this visual observation data to
determine the best navigational viewpoint to achieve navigation.

[Input Definitions]

"Instruction" refers to a global guidance that you need to follow step by step to execute navigation according to the requirements of the
instruction.

“Landmark Features" refers to specific room types, such as bedrooms, living rooms, and kitchens.

"Scene Description" refers to the linguistic description of the current location. You need to convert each step's visual input into a
text description.

"Decision Process" refers to how you plan step by step through thinking during navigation and generate predictions of actions. It
consists of "thought", "planning" and "action" three parts.

"Revised Decision" refers to the decision to adjust or improve upon the identification of errors or non-optimal choices during previous
navigation.

"Few-shot Experience" refers to memories of past navigation, containing the decision-making processes of similar tasks in the past. You
can refer to it for decision-making. It includes four parts: landmark features, scene description, decision process and revised decision.
It can be expressed in the following forms:

< landmark features >

< step 0: "scene description” , "decision process" >

< step t: "scene description" , "decision process" >

< revised decision >

"Verbal Topological Map" refers to a textual representation method that records the navigation process. It includes the linguistic
descriptions of your visual observations at each position and the multi-step decision-making process. The decision process for each node
is updated before moving to the next node. It can be expressed in the following forms:

< node 0: "scene description", "decision process"

v

< node t: "scene description”, "decision process”
[Output Requirements]

For each step of the decision, you should combine "instruction", "scene description”, "few-shot experience", and "verbal topological map"
to make multi-step decisions, and choose the most appropriate viewpoint to navigate. "Multi-step decision" means that you need to think
step by step to predict the final executed action. It includes three steps: "thinking", "planning" and “executing". Therefore, your
answer must include these three steps. After clarifying the target location, you need to try to move to within 1 meter of the destination
and stop. The output action needs to include action and destination, i.e., viewpoint, such as "Go straight to the viewpoint
'e1166572e82f43d5857232295dcf4879".".

v

$Input:

Instruction: Head straight until you pass the wall with holes in it the turn left and wait by the glass table with the white chairs.
Few-shot Experiences:

< Shot 1 >, < Shot 2 >, ... , < Shot k >

Verbal Topological Map:

< node @: "scene description”, "decision process" >

< node t: scene description: ('7cb2c4bc9ad84463b4dOc6a91b8c4640': The viewpoint shows a metal screen and an open doorway leading to
another room.),.... >

Figure 9: The prompts for the retrieval-augmented thought-based reasoning module consisted of
two parts: the prefix prompt and the input prompt. These respectively provided the prerequisite
information needed for the task and specified the input required at each step.
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810
811
812
813
814
815
816
817
818
819
820
821
822
823 Viewpoint SE-VLN Executing Decision
824 ‘ Instruction: Head straight until you pass the wall with holes in it the turn left and wait by the glass table with the white chairs.
825 $Prefix: [Task Description] $Input: [Instruction][Few-shot Experience][Verbal Topological Map]
826 $Output: Thinking: The instruction asks to head straight until passing a wall with and then turn left to wait by
the glass table with white chairs. From the provided viewpoints, "7cb2c4bc9ad84463b4d0c6a91b8c4640" and "444bc5d
827 6006244e7b609dd9de6fed1f3" depict the wall with holes. "828c1d66f183441db9ac8bfcc7e5de31” shows a glass table
with a white or light ornament that aligns with the final stopping point. Based on the map, "828c1d66f183441db9a
828 c8bfcc7e5de31" is the destination based on the instruction.
Planning: 1. Turn right to the viewpoint "7cb2c4bc9ad84463b4d0c6a91b8c4640" to locate the wall with holes.
829 2. Continue past the wall and head towards the glass table in the viewpoint "828c1d66f183441db9ac8bfcc7e5de31".
3. Stop next to the glass table as per the instruction.
830 Executing: Turn right to the viewpoint "7cb2c4bc9ad84463b4dOc6a91b8c4640" .
$Prefix: [Task Description] $Input: [Instruction][Few-shot Experience][Verbal Topological Map]
831 $Output: Thinking: Based on the instruction and my position at the viewpoint "7cb2c4bc9ad84463b4d@c6a91b8c4640",
I have identified the wall with holes in the viewpoint "7cb2c4bc9ad84463b4d0c6a91b8c4640". The instruction
832 directs me to pass this wall and move towards the glass table with white chairs. To progress towards the
destination, I need to turn right to the viewpoint "8138835f78064c28b6c9c35a89eda7d6" .
833 Planning: 1. Turn right to the viewpoint "8138835f78064c28b6c9c35a89eda7d6"” to approach the glass table with
834 white chairs. 2. Stop next to the glass table as per the instruction.
Executing: Turn right to the viewpoint "8138835f78064c28b6c9c35a89eda7d6" .
835 $Prefix: [Task Description] $Input: [Instruction][Few-shot Experience][Verbal Topological Map]
836 $Output: Thinking: The instruction specifies heading straight until I pass the wall with holes, then turn left
and stop next to a glass table with white chairs. From the map, I am currently at the viewpoint "8138835f78064c2
837 8b6c9c35a89eda7d6"”. The wall with holes is visible, but both viewpoints "37a978alcc@e4464a714fb676f65b7fb" and "
859a7c9c12c847d9a6860bd6d6bd635a" seem to lead to the destination. However, based on past experience, heading to
838 wards viewpoint "37a978alcc@e4464a714fb676f65b7fb" might result in a collision with the wall with holes, necessi
tating additional steps to maneuver around it. Therefore, I can turn left to viewpoint "859a7c9c12c847d9a6860bd6
débd635a" for a potentially shorter route.
839 Planning: 1. Turn left to the viewpoint "859a7c9c12c847d9a686@bd6d6bd635a" to align with the instruction that
8
mentions turning left after passing the wall with holes. 2. Stop next to the glass table to complete the
4 jenons.
instruction.
841 Executing: Turn left to the viewpoint "859a7c9c12c847d9a6860bd6d6bd635a™.
842 $Prefix: [Task Description] $Input: [Instruction][Few-shot Experience][Verbal Topological Map]
$Output: Thinking: According to the instruction, I should pass the wall with holes and then turn left to wait by
843 the glass table with the white chairs. The 'wall with holes' fits the appearance of the structure seen in the
viewpoint "444bc5d6006244e7b609dd9do6fed1f3". The planning reflects that I have already executed the turn left
844 to the viewpoint "859a7c9c12c847d9a6860bd6d6bd635a" step and now I need to stop next to the glass table. The
8 current viewpoint "859a7c¢9c12c847d9a6860bd6d6bd635a" shows the glass table, meaning I am already at the correct
45 location to complete the instruction by stopping here.
B : Planning: []
846 B Executing: Stop.
847
848 Figure 10: A successful case of SE-VLN which by referencing past experience, effectively avoided
849 potential collisions (red box) and optimized path selection, ultimately achieving navigation via the
850 shortest path (green box).
851
852
853
854
855
856
857
858
859
860
861
862
863
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