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Abstract

Multimodal Large Language Models (MLLMs)
have demonstrated remarkable capabilities
across a wide range of vision-language tasks.
However, their performance as embodied
agents, which requires multi-round interaction
with spatial reasoning and sequential action pre-
diction, needs further exploration. Our work in-
vestigates this potential in the context of Vision-
and-Language Navigation (VLN) by introduc-
ing a unified and extensible simulation-free
evaluation framework to probe MLLMs as zero-
shot agents, named VLN-MME. Simplifying
the evaluation with a highly modular and ac-
cessible design streamlines experiments, en-
abling structured comparisons and component-
level ablations across diverse MLLM archi-
tectures, agent designs, and navigation tasks.
Crucially, enabled by VLN-MME, we observe
that enhancing prevalent agents with Chain-of-
Thought (CoT) reasoning and self-reflection
leads to an unexpected performance decrease.
This suggests MLLMs exhibit poor context
awareness in embodied navigation tasks; al-
though they can follow instructions and struc-
ture their output, their 3D spatial reasoning fi-
delity is low. Furthermore, we demonstrate that
agent performance could be largely improved
with simple failure cases in context learning.
VLN-MME lays the groundwork for systematic
evaluation of general-purpose MLLMs in em-
bodied navigation settings and reveals limita-
tions in their sequential decision-making capa-
bilities. We believe these findings offer crucial
guidance for MLLM post-training as embodied
agents.

1 Introduction

The rapid advancement of Multimodal Large Lan-
guage Models (MLLMs) has catalyzed a shift from
static vision-language tasks toward the develop-
ment of embodied agents capable of dynamic, in-
teractive decision-making. Central to this transition
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is the evaluation of 3D spatial reasoning. However,
prior benchmarks have largely focused on static
spatial Question Answering or simple navigation
or manipulation tasks within low-fidelity, synthetic
environments (Yang et al., 2025b; Daxberger et al.,
2025; Yang et al., 2025c; Cheng et al., 2025). Cru-
cially, these settings lack substantial changes in 3D
environmental states and do not require the main-
tenance of long-term spatial memory. In contrast,
Vision-and-Language Navigation (VLN) (Ander-
son et al., 2018) emerges as a far more challenging
paradigm for evaluating these abilities. Success-
fully navigating a 3D environment requires more
than simple pattern recognition; it fundamentally
tests an agent’s spatial understanding, its ability to
maintain awareness, foresee the consequences of
its actions across dynamic viewpoint changes, and
the use of long-term memory to ground extended
plans. Furthermore, when navigation involves
multi-round interaction, it probes the model’s ca-
pacity for contextual reasoning. However, despite
VLN’s potential as a comprehensive benchmark
for these core agentic skills, progress in system-
atically evaluating MLLMs is constrained by the
limitations of existing evaluation pipelines.

First, embodied navigation typically relies
on high-fidelity simulators such as Matter-
port3D (Chang et al., 2017) or Habitat (Savva et al.,
2019). When deploying large MLLMs in these
multi-round, interactive settings, the computational
cost grows sharply. This issue is compounded
by the high volume of trajectories across diverse
benchmarks (Anderson et al., 2018; Qi et al., 2020;
Ku et al., 2020), making comprehensive testing
prohibitively time-consuming. As a result, the
computational burden of exhaustive evaluation has
pushed prior studies toward largely metric-driven
approaches, prioritizing end-to-end success rates
over diagnostic clarity. This lack of principled er-
ror analysis obscures the underlying model behav-
ior, making it difficult to assess critical capabilities

28207

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 28207-28231

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/billzhao1030/VLN-MME

such as generalization, robustness, or the specific
alignment between visual perception and instruc-
tion following.

More critically, recent evaluation suites like
NavBench (Qiao et al., 2025) have attempted to
standardize this process and successfully unify the
evaluation of different tasks and models. How-
ever, it is restricted to a single agent design and not
systematically varying agent designs; it becomes
impossible to decouple the intrinsic capabilities of
the MLLM from the efficacy of specific prompting
or planning strategies. As a result, the community
lacks a fine-grained understanding of whether fail-
ures stem from the model’s reasoning limitations
or suboptimal agent engineering.

In response to these challenges, we propose the
Vision Language Navigation Multi-Model Eval-
uation (VLN-MME), a novel framework designed
to address these limitations. Our approach features
a modular and simulator-free architecture that pre-
serves navigational semantics while eliminating the
setup complexity and computational overhead of
traditional pipelines. Crucially, we move beyond
high-level success metrics to provide a detailed
error analysis, dissecting agent performance to di-
agnose core proficiencies in instruction following,
spatial understanding, and historical reasoning.

Our contributions are summarized as follows:

* We introduce VLN-MME, a unified and mod-
ular framework that systematically evaluates
the interplay between Model, Agent, and Task,
addressing the limitation of fixed-agent de-
signs in prior benchmarks.

* We design a simulator-free evaluation pipeline
that preserves essential navigational seman-
tics while drastically reducing computational
overhead and setup complexity to enhance ac-
cessibility.

* We provide a comprehensive diagnostic analy-
sis that moves beyond success metrics, catego-
rizing fine-grained failure modes to uncover
specific deficiencies in MLLM spatial reason-
ing and instruction following.

* We release a standardized suite of processed
datasets and environmental artifacts to facili-
tate reproducible research and streamline the
benchmarking process.

2 Related Works

Evaluating MLLMs in Spatial and Embod-
ied Contexts Comprehensive benchmarks have
emerged to test a wide spectrum of MLLM abili-
ties (Chaoyou et al., 2023; Liu et al., 2024; Li et al.,
2024c; Yue et al., 2024; Yu et al., 2024; Lu et al.,
2023; Fei et al., 2025), ranging from basic percep-
tion to complex cognition. Within this landscape,
specific efforts have focused on assessing 3D spa-
tial reasoning (Yang et al., 2025b; Daxberger et al.,
2025; Xu et al., 2025; Liao et al., 2024; Li et al.,
2024b). However, the majority of these bench-
marks rely on static QA formats, where the model
provides a single response to a fixed visual input,
but not for continuous state tracking. To assess
sequential reasoning, several benchmarks focus on
long-horizon tasks; however, these are largely re-
stricted to digital domains like web browsing and
application usage (Deng et al., 2023; Trivedi et al.,
2024; Tao et al., 2025; Wang et al., 2025). More
recent embodied benchmarks attempt to bridge this
gap but face distinct limitations. Some works, such
as 3DMEM-Bench (Hu et al., 2025), focus primar-
ily on high-level planning. While effective for eval-
uating abstract reasoning, these approaches often
overlook the fine-grained environmental interac-
tions required for realistic agent execution. Con-
versely, benchmarks like (Yang et al., 2025¢c; Cheng
et al., 2025) operate within low-fidelity, synthetic
environments. Although they incorporate manip-
ulation tasks, these settings generally lack photo-
realistic visual complexity and do not involve the
massive 3D environmental state changes inherent
to large-scale navigation. Consequently, these tasks
rarely demand the long-term spatial memory or the
rigorous sequential reasoning required to operate
in dynamic, photorealistic spaces.

MLLMs for Vision-and-Language Navigation
The integration of MLLMs into robotics has in-
spired new paradigms for VLN. Early efforts
leveraged LLMs as copilots to guide specialist
agents (Qiao et al., 2023), while recent works
employ off-the-shelf MLLMs as zero-shot agents
through elaborate prompting (Zhou et al., 2024;
Long et al., 2023; Chen et al., 2024; Dong et al.,
2025). Concurrently, other studies have ex-
plored fine-tuning MLLMs directly on navigation
data (Zhou et al., 2025a; Lin et al., 2024; Pan et al.,
2023; Zheng et al., 2023) or adapting pre-trained
video models (Zhang et al., 2024b,a; Cheng et al.,
2024). Despite this progress, evaluation remains
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fragmented and costly due to reliance on simula-
tors. While recent efforts like SAME (Zhou et al.,
2025b) and NavBench (Qiao et al., 2025) attempt
to standardize task evaluation, they face distinct
limitations: the former does not specifically tar-
get MLLM agents, while the latter is restricted to
fixed agent design. Consequently, existing frame-
works often focus on aggregate metrics, lacking
the fine-grained diagnostics required to understand
specific failure modes. We bridge this gap with a
unified, simulator-free framework that jointly eval-
uates MLLMs, agent designs, and diverse tasks.

3 Method

3.1 Modular VLN Evaluation Framework

To enable systematic assessment of MLLMs’ spa-
tial reasoning, long-horizon planning, and sequen-
tial decision-making capabilities in embodied set-
tings, we design a modular software stack that
cleanly separates three core components: Model,
Agent, and Task (Figure 1 & 2). This modularity
empowers us to seamlessly interchange each com-
ponent independently, enabling structured compar-
isons and component-level ablations to isolate the
source of success or failure. Our framework is built
upon three primary abstractions:
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Figure 1: A high-level structure for the benchmark,
centered on the interplay between Tasks, Agents, and
Models.

Model This component serves as a unified inter-
face for various MLLMs, handling model-specific
API calls. It allows users to integrate from open-
source models to proprietary APIs without altering
the agent logic or evaluation protocol.

Task This component encapsulates the specific
navigation challenge and manage dataset splits. By
treating the task as a modular input, our framework
supports diverse navigation tasks within a unified
evaluation protocol.

Agent The Agent acts as the decision-making
module that mediates the interaction between the
MLLM and the Task. Its role is to embed envi-
ronmental observations into structured prompts
and parse the model’s textual output into exe-
cutable actions. To rigorously test different cog-
nitive capabilities, we implement modular agent
designs varying in memory and reasoning. We
compare agents using text summarized action his-
tories (Zhou et al., 2024) against those building
topological text maps (Chen et al., 2024) to test
long-term spatial grounding. Similarly, to probe
planning depth, we evaluate baselines ranging
from direct prediction to those employing Chain-
of-Thought (CoT) (Wei et al., 2022) and self-
reflection (Yao et al., 2022). Detailed agent work-
flow and prompt templates are provided in the Ap-
pendix D.

ObjectNav

Object-oriented
Navigation

Reflection

@z NIRRT

Figure 2: The composition of the VLN-MME.

Extensibility and Orchestration To ensure mod-
ularity, we adopt a unified factory pattern for
instantiating all three component types. By reg-
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istering each component with a unique identifier
resolved at runtime, this design enables true “plug-
and-play” extensibility: integrating a new agent or
model requires only a simple registration, preserv-
ing the integrity of the core evaluation logic.

The evaluation lifecycle is coordinated by a cen-
tral Runner module, which ensures reproducibility
through a lightweight configuration system. The
Runner manages the initialization of the simulator-
free environment (Section 3.3) and the dynamic
loading of datasets (Section 3.2). During execu-
tion, it acts as the intermediary, facilitating the
exchange of observations and actions between the
agent and environment while logging interactions
for granular post-hoc analysis. This architecture
strictly separates high-level reasoning capabilities
from low-level execution details, reinforcing the
framework’s modularity.

3.2 Dataset Construction for Efficient
Evaluation

To address the computational challenges of eval-
uating large models on existing, large-scale VLN
datasets and to facilitate rapid experimentation, we
constructed a curated benchmark for efficient yet
representative evaluation. Following the broader
definition of VLN (Zheng et al., 2023; Zhou et al.,
2025b), our benchmark is composed of samples
carefully drawn from the validation unseen splits
of three main datasets: R2R (Anderson et al., 2018),
REVERIE (Qi et al., 2020), and ObjectNav (Ba-
tra et al., 2020). Detailed descriptions of these
datasets and the rationale behind their selection are
provided in the Appendix A.

Our construction employs stratified sampling to
preserve diversity across three key axes: scene
complexity, path difficulty, and linguistic rich-
ness. For instance, in R2R and REVERIE, we strat-
ify episodes by Matterport3D scan ID to capture
environmental variance, then sample proportion-
ally from path length bins to maintain the diffi-
culty distribution. Linguistic diversity is ensured
by randomly selecting one of the three available
natural language instructions for each trajectory.
For ObjectNav, we additionally enforce a balanced
distribution of target object categories. This pro-
cess yields a compact benchmark that statistically
mirrors the characteristics of the original datasets.
To further validate the fidelity of our constructed
benchmark, we evaluated several previous methods
from VLN specialist to Finetuned MLLM, on both
the full val_unseen splits and our curated bench-

mark for R2R and REVERIE (all the details are pro-
vided in Appendix C). The results reveal a strong
correlation in performance. Key metrics such as
Success Rate (SR) and Success weighted by Path
Length (SPL) on our benchmark closely track the
performance on the full splits, with deviations typ-
ically within a 2-3 percentage point margin. This
close alignment confirms that our stratified sam-
pling approach successfully captures the intrinsic
difficulty and diversity of the original datasets, es-
tablishing our benchmark as a reliable and efficient
proxy for full-scale MLLM evaluation.

3.3 Simulator-Free Environment Design

While high-fidelity simulators are essential for ren-
dering, their computational overhead creates a bot-
tleneck for real-time evaluation. To address this,
we introduce a simulator-free mode that imple-
ments a strategic “space-for-time” trade-off, de-
coupling evaluation from the rendering engine by
substituting expensive GPU operations with effi-
cient disk I/O. As detailed in Table 1, this approach
drastically lowers the hardware barrier: by load-
ing pre-cached images instead of full 3D scene ge-
ometry and textures, we reduce RAM usage from
~10GB to ~1.7GB (6 x lower), enabling research
on consumer-grade hardware. Furthermore, replac-
ing on-the-fly rendering with direct image retrieval
accelerates observation access by nearly 9x (0.14s
to 0.016s), shortening total episode duration by
20-30 seconds. Here, ¢ denotes the time cost of a
single navigation step within an episode, while T’
denotes the total time cost of a complete episode.
Both quantities depend on the total number of steps
as well as the specific model and agent configura-
tion used. This efficiency is further reinforced by
our discrete navigation graph, which removes the
need for continuous waypoint prediction typical of
VLN-CE, thereby streamlining the evaluation loop
without sacrificing 3D spatial assessment.

Table 1: Efficiency Comparison. Resource usage and
runtime of our simulator-free, pre-rendered approach
versus Habitat, showing substantially lower memory
consumption and faster evaluation.

Metric Ours Habitat Delta

RAM Usage ~1.7GB ~10GB 5.9x Lower
Obs. Access ~0.016s  ~0.14s  8.8x Faster
Time / Step t t+1.5s  1.5s Faster
Time / Episode T T 4 25s  ~25s Faster

The core of this design is a standardized visual
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representation optimized for MLLM perception.
Rather than using distorted equirectangular projec-
tions, we capture the panoramic context as a set
of four non-overlapping perspective images, each
with a 90° Field of View. This format preserves vi-
sual fidelity and aligns better with the pre-training
distributions of standard vision encoders. The ratio-
nale for this specific projection strategy is detailed
further in Appendix C. Within these views, naviga-
ble directions are annotated with distinct numerical
markers derived from the underlying connectivity
graph, sorting candidates by their global heading
to provide a consistent spatial reference.

To bridge the gap between visual features and
symbolic reasoning, we augment the environment
with semantic metadata. We employ GPT-5 to gen-
erate descriptive captions for both the general scene
and specific navigation candidates. These descrip-
tions serve as auxiliary inputs for agents that rely
on semantic memory; the generation prompts and
validation of these captions are documented in the
Appendix B. Finally, to ensure immediate acces-
sibility, we host all pre-rendered assets on open-
source platforms. Our framework manages the au-
tomatic retrieval of these artifacts, enabling users
to evaluate without complex simulator installation.

4 Experiments

4.1 Settings

Evaluation Metrics. In this work, we focus ex-
clusively on the navigation component of all tasks,
without considering object grounding in REVERIE.
We adopt a standard set of navigation metrics to
evaluate agent performance: (1) Trajectory Length
(TL), which measures the average path length in
meters; (2) Navigation Error (NE), the average
distance between the agent’s final position and the
goal location; (3) Success Rate (SR), the percent-
age of episodes where the final location is within
3 meters of the target; (4) Oracle Success Rate
(OSR), the success rate assuming an optimal stop-
ping policy; (5) Success weighted by Path Length
(SPL) (Jain et al., 2019), which combines success
with path efficiency; (6) Normalized Dynamic Time
Warping (m"DTW) (Ilharco et al., 2019), which mea-
sures the trajectory similarity to the ground truth
path; (7) Success weighted by normalized DTW
(SDTW), a combined metric capturing both goal-
reaching and trajectory fidelity; and (8) Coverage
weighted by Length Score (CLS) (Jain et al., 2019),
which evaluates how well the predicted trajectory

covers the reference path while also accounting for
path length efficiency.

Implementation Details We evaluate two pro-
prietary and four open-source MLLMs in a zero-
shot setting: GPTS, Gemini2.5 Pro, Qwen2.5-VL-
7B (Bai et al., 2025), InternVL3-2/8B (Zhu et al.,
2025), LLaVA-One-Vision-7B (Li et al., 2024a).
These models are integrated into eight distinct
agent configurations, categorized into two primary
classes: agents using text summarization and text
map as memory. Each class includes four vari-
ants: a baseline, one with CoT prompting, one
with reflection-based reasoning, and one featuring
both CoT and reflection. All open-source MLLMs
are served using the vLLM backend (Kwon et al.,
2023) to ensure efficient inference and memory
management. We assess their performance on all
the tasks in our benchmark. Additionally, we com-
pare these zero-shot agents against previously fine-
tuned VLN specialist and finetuned MLLM agents
on the R2R and REVERIE tasks, evaluating per-
formance across both the full dataset from prior
evaluation methods and our benchmark. All exper-
iments are conducted on a single NVIDIA A100
GPU with 40GB VRAM.

4.2 Performance Analysis

We evaluate our zero-shot MLLM-based agents
against prior state-of-the-art methods, analyzing
performance across different model architectures,
reasoning strategies, and navigation tasks.

Model Capabilities. Our results, detailed in Ta-
ble 2, indicate that proprietary models like GPT-
5 and Gemini-2.5 Pro currently establish the up-
per bound for zero-shot navigation. However,
among open-weights models, Qwen2.5-VL-7B
demonstrates remarkable robustness, consistently
outperforming peers such as LLaVA-OneVision
and InternVL3-2B. For instance, in the baseline
NavGPT configuration on the Fine-Grained task,
Qwen2.5-VL-7B achieves a Success Rate (SR) of
27.5%, substantially surpassing LL.aVA-OneVision
(11.5%) and InternVL3-2B (13.5%). This positions
Qwen2.5-VL as a strong and capable baseline for
the open-source embodied community.

Agent Architecture and Reasoning Strategies.
Counterintuitively, the integration of advanced
prompting strategies like CoT or reflection does
not consistently yield performance improvements
and often proves detrimental. As shown in Table 2
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Fine-Grained Navigation ‘

Coarse-grained Navigation |

Object-Oriented Navigation

Agent / MLLM ‘

‘ TL| NE| nDTWt SDTW1 CLSt OSRT SRt SPLT‘ TL| NE| nDTWt SDTW1 CLST OSRT SRt SPLT‘ TL| NE| nDTW? SDTW1 CLST OSRT SRT SPLT

Text Summarization Memory Agents

NavGPT

GPT-5 9.12 6.28 37.96 22.02 34.11 57.50 38.50 29.23|9.37 8.03 27.11
Gemini-2.5Pro | 8.94 6.17 38.07 2243 34.62 60.50 41.00 32.67| 9.21 7.89 27.47
InternVL3-2B | 9.89 8.56 21.25 5.75 21.59 27.00 13.50 5.46 |10.13 10.18 15.30
11.74 7.55 2528 1338 26.22 50.50 28.00 12.61|11.90 9.25 17.32
LLaVA-OV-7B | 8.04 8.40 26.34 570 25.53 20.50 11.50 4.94 | 9.85 9.35 19.27
Qwen2.5-VL-7B| 8.54 6.99 3597 18.88 34.85 44.00 27.50 17.11| 8.94 8.55 23.79

InternVL3-8B

14.88 21.05 49.50 30.00 20.76| 9.63 4.41 26.52 1633 20.13 79.00 48.00 23.84
15.13  21.38 52.00 33.50 24.38| 9.48 4.34 2678 16.54 20.43 79.00 51.50 27.19
297 17.17 1633 7.33 2.50 (1035 6.27 13.67 255 1557 40.50 21.50 3.57
8.18 18.84 30.67 20.00 7.18 |11.55 4.63 14.51 509 17.36 56.00 39.00 7.69
6.09 18.39 20.00 14.67 5.19 |9.52 593 16.54 511 1471 41.00 27.50 4.51
9.88 23.55 27.33 18.67 9.00 | 9.07 4.65 21.83 10.63 23.52 56.50 37.50 13.18

NavGPT w/ CoT

GPT-5 9.47 642 39.17 18.89 32.54 54.50 36.00 27.31| 9.71 824 32.53
Gemini-2.5 Pro | 9.31 6.29 39.64 19.12 32.86 50.00 32.50 23.88| 9.56 8.11 32.83
InternVL3-2B | 6.21 8.84 26.15 4.28 2745 1450 8.00 4.47|4.98 987 2339
InternVL3-8B | 9.07 7.56 29.22  10.90 29.59 35.50 19.00 10.95| 7.96 9.39 24.93
LLaVA-OV-7B | 7.97 885 2320  5.60 24.43 22.50 12.50 5.41|8.43 947 21.09
Qwen2.5-VL-7B| 9.04 7.97 30.23 1156 31.36 37.50 21.00 11.41|8.29 9.85 24.02

12.04 26.82 46.00 28.50 20.42| 9.92 4.58 31.06 14.03 25.07 70.00 46.50 23.67
1222 27.14 41.50 24.00 16.93| 9.76 4.49 31.38 14.24 2531 65.50 42.00 19.27
3.1 25.09 9.00 533 3.24|6.78 556 25.51 534 2398 41.00 25.00 6.66
9.14 2640 22.00 15.33 9.31 | 6.43 531 2722 1030 27.35 43.50 34.50 12.67
713 21.38 20.33 14.00 590 | 9.69 5.66 1590  6.24 17.92 47.50 33.50 7.31
8.82  25.59 24.33 15.67 8.10 | 6.86 5.13 28.63  12.54 28.32 44.50 33.00 13.25

NavGPT w/ Reflection

GPT-5 9.61 637 40.04 19.53 33.14 50.50 33.00 24.18|9.82 8.13 33.03
Gemini-2.5Pro | 9.44 6.23 4039 19.71 33.47 55.00 37.50 28.73| 9.67 7.98 33.34
InternVL3-2B | 6.50 8.94 29.91 5.00 30.13 16.00 8.00 5.20|7.20 9.41 2549
InternVL3-8B | 4.54 7.99 34.25 8.89  34.44 19.00 12.00 9.53 | 6.82 10.20 23.58
LLaVA-OV-7B |2.81 8.01 38.17 843 3839 11.00 10.50 9.44 | 5.15 9.34 28.04
Qwen2.5-VL-7B| 6.93 7.17 36.51 16.44 33.59 32.50 24.00 14.95| 6.96 8.76 26.88

12,51 27.08 43.00 25.00 17.34|10.03 4.47 30.02 1506 24.09 68.00 43.00 20.62
12,72 27.33 47.50 29.00 21.68| 9.88 4.38 30.27 15.21 24.34 72.50 47.50 25.14
4.60 2493 15.00 850 4.80|6.43 556 26.53 6.14 2528 43.00 28.00 7.83
6.04 2779 17.33 11.00 597 |8.35 5.02 1879  6.68 22.14 51.00 32.50 9.12
591 3022 14.67 933 582|935 558 1548  6.11 17.05 47.50 34.00 7.90
797 2578 18.00 12.00 7.97 | 7.55 5.06 23.33 11.04 25.23 50.50 35.50 14.67

NavGPT w/ CoT & Reflection

GPT-5 9.52 6.31 39.56 20.08 33.02 56.50 38.50 29.81|9.77 8.18 32.04
Gemini-2.5Pro | 9.36 6.19 39.83  20.24 33.27 52.00 34.00 25.74| 9.61 8.04 32.32
InternVL3-2B | 7.15 9.24 2245 2.05 2347 15.00 450 1.70 | 7.30 9.78 22.33
InternVL3-8B | 7.22 7.47 36.62 16.18 35.98 32.50 22.00 15.33| 8.95 9.07 24.11
LLaVA-OV-7B | 7.61 8.48 28.01 6.31 2632 22.00 10.00 5.83|8.44 8.68 2473
Qwen2.5-VL-7B| 7.82 7.53 34.86 17.65 34.80 38.50 25.50 17.68| 7.19 9.48 27.07

13.07 26.03 48.50 30.00 22.17| 9.97 4.36 29.08 15.51 23.06 73.50 48.50 25.92
1321 26.24 43.50 25.50 18.36| 9.81 4.27 29.33  15.66 23.22 68.00 43.50 21.28
530 24.07 1500 9.33 4.63 | 6.94 625 21.29 6.11  21.47 37.50 24.50 7.26
10.24  25.78 28.67 17.33 10.07| 9.18 5.30 18.59 599 2145 51.50 32.50 8.14
8.37 22.60 22.00 14.00 6.78 | 8.55 5.66 21.26 6.74  19.69 44.00 28.50 7.25
7.81 2822 18.00 11.67 7.89 | 7.60 539 26.52 11.49 26.98 47.00 36.00 13.67

Text Map Memory Agents

MapGPT

GPT-5 9.32 6.21 39.03 21.08 33.05 52.50 34.00 25.83|9.53 7.94 29.07
Gemini-2.5Pro | 9.17 6.09 39.34 21.22 33.23 57.50 39.50 30.72| 9.38 7.81 29.26
InternVL3-2B | 9.84 8.61 20.18 3.85 21.89 22,50 11.00 3.71 |10.19 9.59 18.10
InternVL3-8B | 6.78 7.70 34.34  13.06 33.78 32.00 18.00 12.46| 7.26 9.16 26.63
LLaVA-OV-7B | 4.97 844 31.70 529 32.62 1550 850 5.59|8.58 896 23.33
Qwen2.5-VL-7B| 8.16 7.13 34.31 17.39 33.37 38.00 26.00 17.31|10.52 8.53 21.27

13.02  23.04 45.00 26.00 18.29]9.73 4.33 28.06 16.08 22.01 74.00 44.00 20.91
13.17 23.21 50.00 31.50 23.16| 9.58 4.26 2824 16.19 22.13 79.50 49.50 26.24
524 1997 19.00 12.00 4.41 |10.35 5.93 13.59 3.69 15.57 46.50 27.50 4.41
8.04 27.62 2233 13.67 7.87 |5.95 526 28.03 8.98 27.39 44.50 31.50 11.61
733 2239 22.00 14.67 6.48 | 7.92 586 20.66  4.63 18.34 35.50 22.50 4.28
10.85 20.78 32.33 21.67 8.96 | 9.77 4.82 20.06  9.06 22.13 52.50 36.50 11.05

MapGPT w/ CoT

GPT-5 9.62 6.51 40.09 17.04 32.08 50.00 32.50 27.14| 9.83 8.31 34.05
Gemini-2.5Pro | 9.46 6.38 4036 17.17 32.24 4850 31.00 23.37| 9.68 8.19 34.23
InternVL3-2B | 5.09 8.99 2643 394 27.62 1400 650 4.12|5.22 9.88 23.01
InternVL3-8B | 5.96 8.79 31.15 8.64 33.11 22.50 12.00 9.66 | 5.82 9.07 30.01
LLaVA-OV-7B |8.34 8.96 19.61 2.84 19.10 13.50 8.50 2.83|7.82 9.63 20.22
Qwen2.5-VL-7B| 7.45 7.78 30.38 10.86 29.67 28.50 17.00 10.47| 6.48 8.49 30.81

10.06 28.03 42.50 24.50 19.68| 9.93 4.67 32.08 13.01 26.02 68.50 44.50 23.21
10.14 2822 40.00 23.00 15.84|9.78 4.59 3227 13.16 26.21 62.50 39.50 18.76
1.77 2448 8.00 4.00 1.58|6.66 631 21.14 4.69 21.05 3550 20.00 4.76
9.09 30.77 17.33 13.33 8.77 | 6.55 534 26.74 9.38  27.22 46.50 34.00 12.33
410 21.21 13.00 8.67 3.38 |7.64 643 19.11 321 18.63 31.00 16.00 4.14
11.11  31.34 21.00 16.33 10.61| 9.51 4.78 22.14 8.65 23.29 54.00 32.00 9.95

MapGPT w/ Reflection

GPT-5 9.72 641 41.02 18.09 33.03 54.00 36.50 28.19| 9.91 8.26 35.06
Gemini-2.5 Pro | 9.57 6.28 41.28 18.16 33.21 49.50 32.00 24.31|9.77 8.14 35.27
InternVL3-2B | 2.37 8.55 32.83 297 3354 6.00 400 3.26|245 9.58 2797
InternVL3-8B | 5.85 7.80 36.05 11.48 35.18 28.50 16.50 10.89| 6.49 8.80 27.19
LLaVA-OV-7B | 8.35 8.50 26.62 5.50  23.33 20.00 10.00 5.50 | 8.20 9.47 25.84
Qwen2.5-VL-7B|10.41 7.12 27.97 12.88 2538 41.00 26.50 10.12| 9.60 8.67 23.29

11.04 29.07 42.50 25.50 20.73|10.02 4.62 31.09 14.05 25.08 69.50 45.50 23.65
11.13 29.25 41.50 24.00 16.88| 9.87 4.54 3124 14.17 25.23 64.00 41.00 19.94
281 31.14 500 3.67 331|972 5.85 1552 3.04 17.39 44.00 25.00 4.50
691 2824 19.33 12.67 6.64 | 6.23 5.50 26.92 8.12  25.74 40.50 30.00 10.36
6.00 25.16 19.00 11.00 6.00 | 9.46 6.11 1590 253 15.57 33.50 15.50 2.02
7.62  20.63 23.67 15.67 6.00 |10.15 490 17.18  6.33 17.34 46.00 33.50 7.41

MapGPT w/ CoT & Reflection

GPT-5 9.82 6.59 42,07 16.04 34.09 52.00 34.50 26.1310.03 8.39 36.05
Gemini-2.5Pro | 9.66 6.46 4226 16.11 34.24 47.50 30.00 22.28| 9.88 8.27 36.28
InternVL3-2B | 7.52 8.82 2345 498 24.08 20.00 9.00 4.88|7.35 9.95 19.60
InternVL3-8B | 8.54 8.42 28.16 10.84 29.42 34.50 18.00 10.84| 9.64 9.76 20.36
LLaVA-OV-7B |8.35 8.50 25.55  6.04 2547 23.00 13.00 5.81 |8.14 9.56 21.74
Qwen2.5-VL-7B| 6.29 9.07 25.82  7.03 2541 20.50 14.00 7.12|7.09 8.94 25.66

9.03  30.02 40.50 24.50 18.67(10.11 4.76 33.08 12.07 27.03 66.50 42.50 21.79
9.16  30.17 39.50 22.00 15.41|9.96 4.68 3327 12.12 27.16 61.00 38.00 17.86
202 2194 12.67 4.67 161|726 6.15 2273 3.77  22.14 3550 18.00 4.74
6.75 22.16 24.00 13.00 6.06 | 8.95 5.38 1644  5.85 19.04 53.50 33.50 8.0l
486 2198 17.67 9.00 4.53 |8.53 5.74 21.01 435 20.49 37.00 24.50 5.45
727 2581 18.67 10.67 6.68 | 7.45 590 22.67  5.23 21.56 36.50 25.50 6.78

Table 2: Performance Comparison of MLLM-based Agents on VLN-MME. Agents are grouped by their primary
architecture type. Best performance per group is marked in bold.

and Figure 3, applying CoT to Qwen2.5-VL-7B in
the Fine-Grained task drops the SR from 27.5% to
21%. Similarly, the distinction between Text Sum-
marization and Text Map memory architectures is
less critical than expected. Performance variances
are generally minimal, although specific smaller
models, such as InternVL3-2B, derive a tangible
benefit from structured map memory in Coarse-
grained tasks, improving from 7.33% SR to 12%
SR. We argue that these counterintuitive limitations
stem from the models’ deficient embodied context

awareness. Our investigation reveals two critical,
interrelated issues. First, MLLMs exhibit a strong
bias toward “local reasoning”, relying heavily on
immediate visual inputs and current instructions
while neglecting the rich historical context. Sec-
ond, due to this lack of historical grounding, the
agents struggle to anticipate the downstream conse-
quences of their actions, failing to adapt or recover
from errors within the long-term sequential flow
of the task. The comprehensive error analysis in
Section 4.3 provides further evidence supporting
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this conclusion.

Task Difficulty Hierarchy. Finally, the results
reveal a clear difficulty hierarchy across naviga-
tion categories. Object-Oriented Navigation proves
the most tractable, with agents consistently achiev-
ing higher success rates. Fine-Grained Navigation
presents moderate difficulty, while Coarse-Grained
Navigation emerges as the most challenging task
for MLLMs. This suggests that interpreting high-
level instructions to navigate towards less precisely
defined locations remains a substantial hurdle for
current zero-shot reasoning.

25
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Figure 3: Performance comparison of agents using text
summarization memory under different reasoning strate-
gies across multiple backbone MLLMs.

4.3 Discussion

As discussed in section 4.2, we reveal some coun-
terfactual behavior when MLLMs perform embod-
ied navigation. We further conduct an error anal-
ysis to understand their error pattern and find that
they are hindered by fundamental limitations across
several cognitive dimensions (see more details in
Appendix E). Interestingly, we find that the high
navigation failure rate is overwhelmingly domi-
nated by looping behaviors, shown in Figure 4. It
is not a superficial issue but symptomatic of deeper
challenges in instruction fidelity, spatial reasoning,
historical context utilization, and the grounding of
multi-modal perception into action. We discuss
these three interconnected aspects below.

Instruction Following and Reasoning Fidelity.
A primary challenge is the limited fidelity with
which MLLMs adhere to complex instructions,
particularly those governing their reasoning pro-
cess. While the models can follow basic output for-
matting prompts, they struggle with more abstract

Direction
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Figure 4: A high-level analysis of success and failure
modes for Qwen2.5-VL-7B model using an agent with
text map memory.

meta-instructions. For instance, when prompted
with CoT or reflection mechanisms to explicitly
“reason based on history and the map," the agents
often diverge, reverting to a reactive, myopic rea-
soning pattern that ignores the very context they
were instructed to use. This disconnect helps ex-
plain why adding CoT and reflection did not consis-
tently improve performance (Table 2); the models
did not faithfully execute the intended reasoning
strategy. This suggests a significant gap between
simply conditioning a model on a prompt and in-
stilling a robust, procedural reasoning capability.

Spatial and Environmental Understanding.
Our fine-grained error analysis reveals that pro-
found weaknesses in spatial understanding are the
root cause of most navigational failures. Of 131
errors analyzed, a staggering 106 were due to per-
sistent looping, a direct consequence of the model’s
inability to ground instructions in the 3D environ-
ment. This manifests in specific, recurring issues
like poor region recognition, failure to reason about
verticality on stairs, and basic directional confusion.
The fact that providing an explicit topological map
failed to yield significant gains highlights a deeper
problem: the agent cannot connect abstract spa-
tial knowledge to its visual perception and actions.
Furthermore, the agent critically fails at sequen-
tial decision-making, which is essential for naviga-
tion. The rampant looping behavior clearly shows
that the agent does not learn from its trajectory to
avoid repeating mistakes. This is not a problem of
memory capacity, as the history rarely exceeds the
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model’s context window, but rather one of mem-
ory utilization. The model has access to its past
actions but cannot ground its current decisions in
that history to self-correct. In fact, the observa-
tion that simpler history formats can outperform
complex ones suggests that too much historical in-
formation creates a cognitive load, confusing the
agent instead of guiding it.

Perception-Action Grounding. Finally, we ob-
serve a critical gap between multimodal perception
and embodied action. The MLLM’s visual ground-
ing is functional at a recognition level; for example,
it can often correctly identify a “staircase” or a
target “chair” in its textual reasoning trace. This in-
dicates that the visual and language modalities are
connected. However, this recognition consistently
fails to translate into correct action. The agent sees
the stairs but walks past them in a loop. It may
even get very close to the goal, demonstrating it
has successfully grounded the target object visu-
ally, yet fails to execute the final ‘STOP’ action.
This is powerfully illustrated by our success-case
analysis, where most successful episodes involved
inefficient looping near the target before stopping.
This “perception-action gap" shows that the great-
est challenge for MLLMs in VLN is not just seeing
and describing the world, but effectively acting
within it.

4.4 Diagnostic Case Study

To demonstrate the utility of our benchmark as a sci-
entific tool for uncovering MLLM capabilities, we
conducted an in-depth investigation on a specific
subset of “Hard Negatives." This subset consists of
25 trajectories from the fine-grained task where all
open-source models consistently failed using the
standard text-summary memory agent. We revis-
ited these failure cases using Qwen2.5VL-7B as the
primary navigator and designed two experimental
settings to isolate the source of the failure:

(1) Oracle-Guided Navigation. To test if the
failure was due to a lack of visual understanding
or a lack of high-level reasoning, we introduced a
stronger model (Qwen3VL-4B (Yang et al., 2025a))
acting as an Oracle Assistant. When the naviga-
tor struggled (e.g., looping, moving in a critically
wrong direction, or entering the wrong region), it
was allowed to query the Oracle. The Oracle pro-
vided high-level reasoning guidance and suggested
potential plans and actions. The navigator achieved
a significant success rate with this reasoning sup-

port as shown in Table 3, suggesting that the base
model possesses the fundamental navigational ca-
pability but lacks the high-level planning or error-
correction logic required for these hard cases.

Table 3: Effect of Oracle Assistance on Hard Negatives.

Method SRt OSR1 SPL1
Baseline (Qwen2.5VL-7B) 0.00 0.00 0.00
+ Oracle Assistant (Qwen3VL) 52.00 68.00 41.28

(2) Failure-Aware In-Context Learning. To test
if the model could self-correct given awareness of
common pitfalls, we replaced the zero-shot eval-
uation with a few-shot setup. We provided the
model with NV examples of potential failure cases
identified in our error analysis (N = {1,2,3}).
As shown in Table 4, providing these “negative”
examples in the prompt yielded a performance in-
crease. However, the gains were modest compared
to the Oracle intervention, indicating that while
awareness of failure modes helps, active reason-
ing support is more critical for solving complex
navigation challenges.

Table 4: Effect of Failure-Aware Few-Shot Prompting
on Hard Negatives.

Method SRT OSR?T SPL?T
Zero-shot (Baseline) 0.00 0.00 0.00
1-shot Failure Example  12.00 24.00 9.42
2-shot Failure Examples 16.00 28.00 11.25
3-shot Failure Examples 16.00 32.00 14.29

5 Conclusion

In this work, we introduce VLN-MME, a modular,
simulator-free framework for diagnosing MLLMs
as zero-shot embodied agents. Our evaluation re-
veals a critical "perception-action gap": models
possess robust visual grounding yet fail at sequen-
tial decision-making, with Chain-of-Thought strate-
gies often proving detrimental due to limited con-
text awareness. Crucially, our diagnostic study on
hard negatives confirms that these failures stem
primarily from deficient strategic planning rather
than perceptual limitations, as evidenced by sub-
stantial performance recovery under oracle guid-
ance. Ultimately, VLN-MME highlights that future
MLLM development must prioritize bridging the
gap between static visual understanding and dy-
namic, history-aware strategic reasoning.
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Limitation

We present and discuss the limitations of our work
to outline the scope of our analysis. First, due to
computational and temporal constraints, our evalu-
ation covers a representative selection of MLLMs
and agent designs rather than an exhaustive spec-
trum. However, we mitigate this by releasing a
highly modular interface that enables the commu-
nity to seamlessly integrate and benchmark emerg-
ing models. Second, while our framework supports
broader capabilities such as dialog-based naviga-
tion and multi-language instructions, we restricted
our current analysis to standard instruction follow-
ing to establish a rigorous baseline. We designed
the dataset construction pipeline to be extensible,
allowing future researchers to easily incorporate
these diverse tasks. Finally, this work is primar-
ily diagnostic: we identify critical deficiencies in
MLLM 3D spatial reasoning and strategic planning
but do not propose specific algorithmic remedies.
We posit these findings as a strategic guide for fu-
ture work in embodied MLLM post-training and
agent design.
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Appendix

In this supplementary material, we aim to pro-
vide additional details to support the main con-
tent of our paper: Section A provides the rationale
for selecting datasets across different levels of in-
struction granularity and defines the experimental
scope and context. Section B details the process
for generating semantic annotations for the envi-
ronment. Section C presents the construction and
rationale of agent-centric visual observations, sup-
ported by ablation studies and empirical evidence
demonstrating the representativeness of the result-
ing benchmark. Section D explains the detailed
workflow, action parsing, and complete prompt
structure used for all agent variants. Section E in-
troduce the custom tool for trajectory visualization
and analysis, provides a detailed quantitative anal-
ysis of agent failures and successes, and illustrates
common agent behaviors through several qualita-
tive case studies. Additionally, Section F includes
our declaration on the use of large language models
to aid in polishing the manuscript.

A Dataset Selection and Experimental
Scope

A.1 Selection Rationale: The Granularity
Spectrum

Our primary criterion for dataset selection is to
cover the full spectrum of linguistic granularity. To
evaluate MLLM spatial reasoning comprehensively,
we categorize the instruction WV into three distinct
levels of granularity. We select one representative
dataset for each level to ensure broad coverage:

1. Fine-grained VLN: W describes the com-
plete sequence of actions and observations
{s0, a0, s1,a1,...,sr,ar} step-by-step.

e Selected Dataset: R2R (Anderson et al.,
2018). This represents the standard fine-
grained task with 22k human-annotated
instructions (avg. 32 words) guiding
agents along ground-truth paths of ap-
prox. 7 steps (10 meters).

2. Coarse-grained VLN: WV refers to a remote,
out-of-sight target at v using high-level lin-
guistic descriptions (e.g., “the cold tap in the
first bedroom on level two™).

e Selected Dataset: REVERIE (Qi et al.,
2020). This represents the coarse-

grained task. It inherits the R2R topol-
ogy but uses high-level instructions (avg.
21 words) for paths ranging from 4 to 7
steps.

3. Zero-grained VLN: WV consists of a single
term indicating the target (e.g., an object cat-
egory), requiring the agent to infer the path
without linguistic guidance.

* Selected Dataset: objnav-MP3D (Batra
et al., 2020). We utilize the standard val-
idation split of 11 scenes from the Habi-
tat objnav dataset (Savva et al., 2019) in
MP3D (Chang et al., 2017) to represent
zero-grained navigation across 21 goal
categories.

A.2 Scope and Extensibility

To isolate the reasoning capabilities of MLLMs,
we strictly define the scope of this work while high-
lighting the extensibility of our approach:

Focus on Spatial Reasoning: We operate within
discrete action spaces (connectivity graphs) and ex-
clude continuous control (VLN-CE (Krantz et al.,
2020)) or physical robot deployment. Furthermore,
while REVERIE typically involves object localiza-
tion, we restrict our evaluation to the navigation
success only. This allows us to focus purely on
sequential decision-making, spatial reasoning, and
understanding action consequences, avoiding the
confounding factors of sim-to-real gaps or object
detection failures.

Extensibility to Other Tasks: In this work, we
prioritize static instructions and exclude interactive
datasets (e.g., CVDN (Thomason et al., 2020)) or
multilingual variants (e.g., RxR (Ku et al., 2020)).
However, our framework is designed to be task-
agnostic. Future extensions to interactive or multi-
lingual tasks can be seamlessly embedded into our
framework without requiring significant architec-
tural changes.

B Generation of Semantic Annotations

To enrich the agent’s environmental understanding
in our simulator-free setup, we generated two types
of semantic annotations: descriptive captions for
navigable markers and concise summaries for each
viewpoint.

B.1 Marker Caption Generation

The visual markers indicating navigable viewpoints
in the panoramic images were annotated with short,
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descriptive captions. This process provides the
agent with crucial semantic cues about the direc-
tion of potential paths. We used GPT-5 for this task.
For each viewpoint, the model was provided with
the panoramic image containing numbered visual
markers and prompted to generate a JSON object
mapping each marker index to a descriptive sen-
tence. The prompt used for this captioning process
is shown in Figure 5.

Observe the panoramic images provided, each labeled with
distinct markers of green circles (indexed in number). For
each marker, briefly specify the area or room it leads
toward and describe what visually distinguishes it from the
others in a short sentence. Present your response in JSOMN
format, where each marker's index is a key and the
corresponding short, descriptive sentence is the value.

For example, if the image contains three markers, the
response should look like:
{

"1": "Decorative partition and dining area: leads toward
an interior space or adjacent room.",

"2": "Chair and decorative cabinet area; leads to a wall-
mounted decoration and seating.",

"3": "Hallway with external view and door; leads towards
the entrance or exterior patio."
}

p A

Figure 5: GPTS prompt for generating marker caption

B.2 Viewpoint Summary Generation

In addition to marker captions, a single, holistic
summary of the scene was generated for each view-
point to give map-based agents a global under-
standing of their current location. For this pro-
cess, we adopt the same methodology presented in
NavGPT (Zhou et al., 2024).

The generation follows a two-stage process.
First, initial descriptions are generated for images
from a viewpoint using the BLIP-2 model. To elicit
descriptions that are rich in object details and rele-
vant to indoor scenes, each image is fed to BLIP-2
with the prompt: “This is a scene of "

As this initial step often produces redundant in-
formation across different images of the same view-
point, a second summarization step is employed.
The descriptions generated by BLIP-2 (Li et al.,
2023) are consolidated into a single, coherent sen-
tence using a GPT-5 summarizer. The model is
prompted with the following template in Figure 6,
where “{description}" is replaced by the text from
BLIP-2.

Here is a single scene view from top, down
and middle: {description}
Summarize the scene in one sentence:

Figure 6: GPT-5 prompt for generating viewpoint sum-
marization

C Construction of Agent-Centric Visual
Observations

C.1 Panoramic Construction Details

To provide the MLLM with a full 360-degree visual
context from the agent’s perspective, we construct a
single panoramic image at each step. This process
leverages the four pre-rendered, world-oriented
images associated with each viewpoint and reori-
ents them based on the agent’s current heading.
This method serves as a lightweight, simulator-free
proxy for real-time rendering.

Pre-rendered Image Set As described in the
main paper, each viewpoint in the environment is
associated with four high-resolution images, each
with a 90-degree vertical Field of View (vFOV).
These images are centered on the four cardinal
directions relative to the global coordinate sys-
tem: 0° (North), 90° (East), 180° (South), and
270° (West).

Heading Correction and Image Selection Since
an agent’s heading is continuous (e.g., 60°), it will
not always align perfectly with one of the four pre-
rendered directions. To resolve this, we implement
a heading correction mechanism. The agent’s cur-
rent continuous heading is first mapped to the clos-
est cardinal direction. This is achieved by quantiz-
ing the heading angle to the center of the 90-degree
quadrant it falls within. For instance, any agent
heading h € [45,135) is mapped to the 90° image,
which then serves as the agent’s Front view.

Panoramic Image Composition Once the Front
image is determined through heading correction,
the remaining three images are assigned to the
agent’s relative directions: Left, Right, and Back.
These four images are then concatenated hori-
zontally in the following order to form a single
panoramic strip: [Left, Front, Right, Back].

To ensure the MLLM can correctly interpret this
composite view, we explicitly annotate the image
by overlaying the corresponding directional labels
above each of the four segments, as illustrated in
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Figure 7: An example of the composite visual observation provided to the MLLM. The four pre-rendered images
are stitched together in an agent-centric order (Left, Front, Right, Back) based on the agent’s corrected heading.

Figure 7. This provides a clear, agent-centric vi-
sual input that grounds the model in its current
orientation.

C.2 Justification of Observation Format

The choice of using a 4-image panoramic observa-
tion was not an arbitrary simplification, but a design
decision informed by systematic experimentation
across four observation formats. To determine the
optimal visual input for the MLLM, we evaluated:

1. The standard 36-image panoramic sweep
(dense sampling).

2. A 24-image variant tested in prior work (Zhou
etal., 2024).

3. A single-image stitched panorama (warped
projection).

4. Our proposed 4-image 360° view (90° vFOV
each).

To ensure the comparison was meaningful,
we conducted these tests on two representative
MLLMs (InternVL3-8B and Qwen2.5-VL-7B) on
the fine-grained navigation task. As shown in Ta-
ble 5, our proposed 4-image format consistently
outperforms significantly denser representations
(24 or 36 images) and the single stitched panorama.

We hypothesize that while 24 or 36 images pro-
vide more granular visual information, they sig-
nificantly increase the token count and complex-
ity, potentially overwhelming the MLLM’s context
window or introducing irrelevant visual noise. Con-
versely, the single stitched panorama likely suffers
from projection distortion or loss of fine-grained
detail. The 4-image format strikes an optimal bal-
ance, providing high-resolution, undistorted views
of the cardinal directions without excessive token
overhead.

C.3 Benchmark Representativeness and
Baseline Comparison

Instruction Word Count Path Length Distribution B Ful Datasel

= Subset
0040

003

» o0 @ &
Words per Instruction

Path Distance Distribution

Percentage (%)

4 6
Scan Index.

Figure 8: A statistical comparison of our benchmark’s
fine-grained task subset data against the original R2R
val_unseen split.

To verify the representativeness of our dataset,
we first examine the instruction and path charac-
teristics. As illustrated in Figure 8, the data dis-
tribution of our sampled benchmark aligns closely
with the original R2R val_unseen split, indicating
that our subset successfully preserves the intrinsic
diversity and complexity of the full dataset.

Complementing this statistical alignment,
we evaluated a diverse set of prior methods,
ranging from traditional VLN specialists
(RecVLNBert (Hong et al., 2021), HAMT (Chen
et al.,, 2021), DUET (Chen et al., 2022)) to
finetuned MLLMs (NaviLLM (Zheng et al., 2023),
NavGPT2 (Zhou et al., 2025a)), on both the full
val_unseen splits and our curated benchmark
for R2R and REVERIE. The results reveal a
strong performance correlation: key metrics such
as Success Rate (SR) and Success weighted by
Path Length (SPL) on our benchmark closely
track the performance on the full splits, with
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Table 5: Ablation Study on Visual Observation Formats. We compare our proposed 4-image view against
standard dense sweeps (36 and 24 images) and a single stitched panorama. The 4-image format yields the highest
Success Rate (SR) and Oracle Success Rate (OSR) across both MLLMs. Bold indicates the best performance.

Model Obs. Format TL, NEJ| SRt OSRtT SPL{t nDTW{1 SDTW{T CLS?T
36 images 1240 820 22.80 44.00 9.10 22.00 11.10 22.50
InternVL3-8B 24 images 12.10 795 2450 46.80 10.40 23.40 12.00 24.30
Panoramic (single) 1320 8.80 2040  41.50 8.20 20.00 10.10 20.70
4-image (Ours) 11.74 7.55 28.00 50.50 12.61 25.28 13.38 26.22
36 images 9.40 7.60 24.00 39.50 14.80 33.10 17.20 31.80
Qwen2.5-VL-7B 24 images 9.05 730 25.80 41.70 15.90 34.40 17.90 33.20
’ Panoramic (single) 10.20 855 2140 37.90 13.00 30.00 15.10 28.10
4-image (Ours) 8.54 6.99 27.50 44.00 17.11 35.97 18.88 34.85
| R2R | REVERIE
Methods ‘ Val Unseen ‘ Subset ‘ Val Unseen ‘ Subset
| TL NE OSR SR SPL| TL NE OSR SR SPL| TL NE OSR SR SPL| TL NE OSR SR SPL
VLN Specialist:
VLNBERT (2021) | 1201 393 70 63 57 | 1206 376 70 63 56 | 1398 4.18 35 31 25 |14.07 422 34 31 24
HAMT (2021) 1214 392 71 63 58 | 1210 351 73 65 59 | 1408 412 37 33 30 |14.62 411 37 32 29
DUET (2022) 1394 331 81 72 60 | 1325 354 79 71 60 |22.11 393 51 47 34 | 2228 396 49 43 32
Finetuned MLLM:
NaviLLM (2023) | 12.81 338 81 66 54 | 1580 332 8 66 55 |1604 576 54 45 37 |19.02 580 55 34 27
NavGPT-2 (20252) | 1279 335 78 70 67 | 1239 3.04 82 74 62 - - - - - - - - - -

Table 6: Performance of baseline agents on the R2R and REVERIE tasks, with results compared across the previous

and our benchmark.

deviations typically within a 2 to 3 percentage
point margin. This close alignment confirms that
our stratified sampling successfully captures the
intrinsic difficulty and diversity of the original
datasets, establishing our benchmark as a reliable
proxy for full-scale evaluation.

When comparing these baselines to our proposed
framework, however, a significant performance gap
remains. As referenced in Table 6, VLN specialists
and finetuned agents achieve substantially higher
success rates (e.g., 72% SR on R2R) compared to
the zero-shot average. Despite this gap, our zero-
shot agents demonstrate non-trivial navigation ca-
pabilities, establishing a crucial baseline for gener-
alization without the cost of task-specific training.

D Agent Workflow and Prompt Design

A central component of our framework lies in the
design of agent and prompts that guide multimodal
large language models (MLLMs) to behave as nav-
igation agents. Since the main paper provides only
a brief overview, we expand here with a full ac-
count of the workflow, structure, components, and
variations used across all eight agent types. Our
agents are divided into two families: Text Sum-
marization as Memory (NavGPT), which relies
purely on local observations and history, and Text

Map as Memory (MapGPT), which augments nav-
igation with dynamically constructed topological
maps. Within each family, we instantiate four vari-
ants: a baseline version, a chain-of-thought (CoT)
agent, a reflection-enabled agent, and a combined
CoT+Reflection agent. This section explains the
design philosophy of each family and the detailed
structure of their prompts.

D.1 Overall Agent Workflow

Although our agents are implemented as executable
modules, their behavior is fundamentally driven by
prompt design. Conceptually, each agent operates
in a closed interaction loop with a self-defined sim-
ulator wrapper, where perception, reasoning, and
action selection are mediated entirely through struc-
tured prompting.

At each navigation step, the agent first interacts
with our self-designed simulator via the runner
module to retrieve the full set of environmental
information and visual observations required for
decision making. This includes the panoramic vi-
sual input, the navigation instruction, the agent’s
current heading and elevation, the navigation his-
tory, and the set of navigable action options. For
text map memory agents, this additionally includes
the dynamically constructed topological map and
node connectivity information described in Sec-
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tions D.3 and D.5.

These elements are then formatted into a prompt
following the unified structure introduced in Sec-
tion D.2. The system component provides persis-
tent role definitions, navigation rules, and output
constraints, while the task component injects step-
specific state information. For multimodal models,
the prompt is paired with the corresponding visual
observation and passed to the MLLM as a single
inference call.

Upon receiving the prompt, the MLLM gener-
ates a structured textual output that encodes its nav-
igation decision. Depending on the agent variant,
this output may include explicit reasoning traces
(CoT), reflective self-evaluation, or both, as de-
tailed in Sections D.3-D.7. Crucially, regardless
of internal reasoning style, the output always con-
forms to a strict, predefined format that exposes a
single actionable decision.

The agent then parses this output to extract the
intended action and feeds it back to the simula-
tor to execute the corresponding movement. The
environment transitions to a new state, and the inter-
action loop repeats until the agent selects the stop
action or reaches the maximum step limit. This
design ensures that all agent behavior—state inter-
pretation, reasoning, and control—is governed by
prompt construction and output parsing, rather than
task-specific procedural logic.

The detailed mechanics of prompt composi-
tion are described in Sections D.2-D.7, while the
rules and implementation of action extraction from
model outputs are specified in Section D.8.

D.2 Overall Prompt Structure

All prompts are composed of two distinct parts: the
system and the task component. The system portion
defines the global context of the agent, introducing
the VLN setting, enumerating the input elements,
and stating the rules the model must follow when
reasoning about navigation. It also enforces the
strict output format required for downstream evalu-
ation. The task portion is dynamic, providing the
specific input to the agent at each time step: the
instruction, navigation history, agent orientation,
and the set of navigable options. Together, these
two components establish both the constraints and
the situational awareness necessary for coherent
decision making. Figure 9 illustrates an example
of the full text summarization as memory baseline
prompt.

e ™
[System Prompt]

You are a Vision-Language MNavigation (VLN) agent in an indoor environment.
Your task is to select ONE next action that follows the navigation instruction,
based on

1. Observation - A panoramic image at the current location (4 views: left,
front, right, back) with numbered green-circle markers for possible moves

2. Instruction - Step-by-step route. Some steps may already be completed:
focus only on the remaining

3. History - Past moves, including mistakes and loops.

4. Action Options - A dictionary of possible movement choices grouped by
direction. Each option has a uniqgue number as its ID and a text description.
The direction names (Left, Front, Right, Back) are for grouping only — they are
NOT part of the output.

Key Rules:

- Avoid loops: Do not repeat recent viewpoints or oscillate unless required.

- Do not revisit: If a viewpoint was visited multiple times, stop instead.

= Detect arrival: If the scene matches the destination in the instruction,

choose 'Stop'.

- Prefer progress: Select new paths that clearly advance toward the goal.
Follow heading: Use current heading/elevation when interpreting the

instruction,

Qutput format:
Action: <Option_ID>. <Option_description>
- «Option_ID> must be ONLY the numeric ID from the action options (e.g.,
'3, '4")
- DO NOT include the direction name in the output.
If stopping:
Action: Stop. Have reached the destination and stop here

[Navigation Prompt]
Instruction
History:

Current heading:
Action options:

®, elevation:

Choose the best next action ID and its description.
Return the result in the exact format specified above

J/

Figure 9: Text summarization memory baseline agent
prompt structure

D.3 Text Summarization as Memory Agents

The NavGPT-style agents are designed to oper-
ate with information that would be available in a
simulator-based VLN setup but translated into our
simulator-free representation. The system prompt
explicitly instructs the model to select a single next
action, referencing only the option identifiers, and
to obey a series of rules that reduce common navi-
gation errors such as looping, oscillation, and pre-
mature stopping.

The task inputs are carefully structured. The nav-
igation instruction is passed in verbatim, ensuring
the model has access to the original language guid-
ance. The history describes prior movements in
natural language, with each step recorded as a turn-
ing angle, forward displacement, and the semantic
description of the destination viewpoint. This repre-
sentation provides both spatial reasoning cues and
semantic grounding. The agent’s current heading
and elevation are provided as numerical values,
anchoring the model’s interpretation of orientation.
Finally, the action options are represented as a dic-
tionary keyed by relative directions, where each en-
try contains a marker ID and a semantic description
of the corresponding navigable viewpoint, along
with an explicit “Stop” action. This structured but
naturalistic representation ensures the model can
ground its decisions in both geometry and seman-
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tics.

D.4 Reasoning-Enhanced Text
Summarization Memory Agent Variants

To probe the role of explicit reasoning, we intro-
duce three reasoning-augmented variants of text
summarization memory agent. In the CoT version,
the system prompt is modified so that the agent
first produces a reasoning trace encapsulated in
<Reasoning> tags before committing to its final
action choice. This design encourages more trans-
parent step-by-step deliberation. The Reflection
variant modifies the output format further: after
producing an action, the agent generates a reflec-
tive evaluation wrapped in <Reflection> tags, fol-
lowed by a <Final Decision> statement declaring
whether to keep or revise its action. If the reflec-
tion deems the decision unsound, the agent replans
rather than moving. The CoT+Reflection version
combines both mechanisms, first reasoning explic-
itly and then reflecting on the proposed choice,
providing the richest form of introspective navi-
gation. These modifications shift the model from
direct action prediction toward a more deliberative,
self-monitoring behavior.

e ~
Instruction: Walk down the stairs. Walk forward and stop next to
the door that is next to the recycling bin

History:

Mavigation starts.

Step 1: Turning heading direction -37.78 degrees from right 36.90
to left 0.88, and forward 3.42 meters towards Staircase with glass
panels and wall-mounted artwork; leads foward an upper interior area
or room

Current heading: -0.88°, elevation: 27.21°
Action options:

{
“Left": {
"3": "Glass-enclosed gym area with exercise equipment; leads
toward the fitness room.",
“4": "Open gym area with visible workout machines: leads toward
the main exercise space.”,
"5": "Brightly lit gym area with additional equipment: leads
further into the fitness zone."
L
"Front": {
"1": "Hallway with a brown wall and utility area: leads toward a
corridor or storage space."
L
“Right": {},
“Back": {
"2": "Wall with artwork and a staircase: leads foward a lower
level or exit."
1
"Stop": "Have reach the destination and stop here."

}

Choose the best next action ID and its description
Return the result in the exact format specified above,

AN J

Figure 10: Text map memory agent prompt example
(Step 1)

D.5 Text Map as Memory Agents

While NavGPT-style focuses on local decision mak-
ing, the MapGPT-style agents introduces a form of
spatial memory through a dynamically constructed
topological graph. At each step, the agent aug-
ments its prompt with a map connectivity field,
expressed in natural language, that lists adjacency
relationships between viewpoints (e.g., “node_0
is connected to node_1, node_2"). This evolving
graph representation enables the MLLM to reason
not only about immediate action choices but also
about the broader connectivity of the explored en-
vironment.

The navigation history for text map memory
agents is likewise enriched. Instead of recording
only motion trajectories, it includes the current
node identifier, a semantic description of the view-
point, and the sets of visited and unvisited nodes.
This structure gives the agent both a local semantic
grounding and a global perspective on the explo-
ration state. A complete prompt example after one
navigation step is illustrated in Figure 10.

D.6 Reasoning-Enhanced Text Map Memory
Agent Variants

The CoT, Reflection, and CoT+Reflection augmen-
tations are applied to text map memory agents in
the same manner as for text summarization agents,
modifying only the output structure while retain-
ing the additional map input. Thus, the text map
memory agents explores how explicit reasoning in-
teracts not just with semantic cues, but also with
global topological memory.

D.7 Example CoT Reasoning

Figure 11 presents two representative CoT outputs.
In both cases, the model correctly decomposes the
navigation instruction into progress estimation, fur-
ther analysis, and prediction. However, despite
being provided with full interaction history, the
reasoning predominantly relies on local observa-
tions and the most recent instruction, while largely
neglecting prior context.

This illustrates a broader issue: even when the in-
put tokens are well within the context window, the
model exhibits poor reasoning fidelity across mul-
tiple rounds of context. Instead of leveraging ac-
cumulated history for richer reasoning, the MLLM
tends to perform single-turn grounding of the im-
mediate observation. This behavior highlights a
critical limitation for VLN tasks, where successful

28223



- ™

1. Progress estimate: The instruction is to walk up stairs and wait at
the top. The current observation shows a staircase leading upward,
which aligns with the instruction.

2. Further analysis: The current heading and elevation suggest we are
at the top of the stairs, as there are no more stairs visible ahead,
The back view confirms we are at the top, as the glass-walled corridor
leads to an exit or open area, not further stairs

3. Prediction: Since the instruction specifies waiting at the fop, and
the observation confirms we are at the top, the next logical action is
to stop.

1. Progress estimate: The instruction requires going up the stairs and
turning left at the top. The current observation shows the staircase
leading upward, which aligns with the first part of the instruction.

2. Further analysis: The current heading is 93.59°, which suggests we
are facing the staircase. The left option indicates a staircase with
wall-mounted artwork, which is consistent with the instruction to turn
left at the top.

3. Prediction: The next logical step is to move fowards the left
staircase to continue following the instruction,

AN J

Figure 11: Two examples of chain-of-thought (CoT)
reasoning generated by Qwen2.5-VL-7B. Both cases
demonstrate structured step-wise reasoning but limited
integration of historical context.

navigation often depends on integrating long-term
history with dynamic, stepwise decision-making.

D.8 Details of Action Parsing

After the MLLM generates a structured textual re-
sponse, the agent must convert this free-form out-
put into an executable navigation action. Although
the prompting enforces a strict output format, in
practice MLLM outputs may contain formatting
noise, partial deviations, or additional explanatory
text. We therefore adopt a robust, rule-based action
parsing strategy that differs slightly across agent
variants.

Baseline and CoT Agents. For the baseline and
chain-of-thought (CoT) agents, the parsing proce-
dure is intentionally minimal. Since these agents
are instructed to output only a single action dec-
laration, the parser searches for an Action field
and extracts the associated action value, which may
be expressed either as a numeric viewpoint iden-
tifier or as a relative direction token (e.g., Left,
Front). No additional fields are expected, and
any successfully extracted action is immediately
validated against the current set of navigable view-
points before being executed.

Reflection-Enabled Agents. Reflection-based
agents require more elaborate parsing, as their out-
puts may contain multiple structured components,
including reflective analysis and decision revision.
Specifically, these agents may produce optional

Reflection and Decision (or Final Decision)
fields in addition to the final Action.

To accommodate this variability, we employ a
two-stage parsing strategy. First, the parser ro-
bustly extracts the action value by searching for an
Action declaration with flexible tolerance to for-
matting noise, allowing for extra characters, mark-
down symbols, or minor deviations around the ac-
tion delimiter. The parser prioritizes numeric view-
point identifiers when present, and falls back to
direction-based actions otherwise. To reduce false
positives, the search is constrained to a local win-
dow following the detected action marker.

Second, if present, the parser extracts the op-
tional Reflection and Decision segments using
separate pattern matching rules. These fields are
treated as auxiliary metadata: they do not influence
control flow directly but are preserved for logging,
analysis, and qualitative inspection of the agent’s
self-evaluation behavior.

Action Validation and Execution. Regardless
of agent type, all parsed actions undergo a strict val-
idation step. Numeric actions are checked against
the current viewpoint-to-node mapping and veri-
fied to correspond to a navigable location in the
simulator. Direction-based actions are resolved
into concrete viewpoint identifiers via the provided
action option dictionary and validated in the same
manner. If an extracted action does not correspond
to a valid navigable transition, the agent raises a
parsing exception and re-prompts the model with
an explicit error signal.

In addition to movement actions, the parser also
detects explicit termination signals (i.e., the stop
action) and converts them into a terminal agent
state. Parsing failures occur only when no valid
Action field can be identified; in such cases, the
output is treated as malformed and returned to the
MLLM for correction.

Overall, regardless of reasoning verbosity, this
parsing design ensures that all agent variants pro-
duce a single, well-defined navigation action at
each step, while remaining robust to minor devi-
ations in model-generated text. Importantly, the
parser enforces a clear separation between reason-
ing content and control decisions, preserving the
prompt-centric nature of the agent framework.
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(& VLN Result Visualizer

Agent: baseline, Model: qwen2_5_vl, Task: R2R, Split: val_unseen_subset

Select an episode to visualize the agent's step-by-step navigation process.

Select Episode ID

r2r_5079_0

L2 Previous Step

- Next Step
A Navigation Status: Navigating...
Current Viewpoint: ['d8d0faébfcd541889d727767910ea3%']
Next Chosen Number: 3
B Current Viewpoint . Ok
vicw. Left View: Front Step: 0 View: Right View: Back
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TR = =
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I LR
‘ \ 8
5 (A
= - s L‘ k \ .‘ %
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vicw. Leid View: Front Step: 1 View: Right View: Back

Step 1
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S
| 1]
L 1]
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Instruction: Walk past the furniture and to the left of the stairs. Stop by the post at the top of the stairs.

LLM Qutput:

Action: 3. Dining area with a staircase; leads toward a dining room and upper level access.

Agent Action:
o Turned Angle: 132.67679223642557

o NextViewpointID: 3

Full Trajectory: d8d@faébfcd541889d727767918ea3% -> Blcadal@3echd4ad3864861c13baeeb7d

GT Path: d8d0fabbfcd541889d727767910ea3% -> 01lcadal@3ecbdad3864861c13baee57d -> 2b519dSeeedcdabb88444a397e87cd6E ->

c69£595ae3e646ee9e447c87dedblabs -> b9775867c1864172a54d873c04d87£47

History Log:

o Navigation starts.

o Step 1: Turning heading direction 132.68 degrees from right 95.80 to left 131.52, and forward 2.16 meters towards Dining area with a staircase; leads toward a

dining room and upper level access.

Figure 12: The main interface of the VLN Result Visualizer.

E Episode-level Analysis

E.1 Trajectory Visualization and Analysis
Tool

This section details the custom tool developed for
the qualitative analysis of agent trajectories. The
tool, named the VLN Result Visualizer, developed
using Gradio, provides an interactive interface for

a step-by-step inspection of any navigation episode,
which is crucial for understanding the nuances of
agent behavior beyond aggregate metrics.

The visualizer is built entirely using the Gra-
dio framework. Its primary function is to parse
the evaluation result files and present the informa-
tion in a human-readable format. At the top of
the interface, a user can specify the configuration
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used during evaluation, including the agent type,
MLLM model, task, and data split. Once a con-
figuration is loaded, a dropdown menu is populated
with all episode IDs from that run, allowing for the
selection of any specific trajectory for analysis.

The core of the interface, shown in Figure 12, is
the visual observation panel. It displays the agent’s
panoramic view for the Current Viewpoint and,
if a valid move is made, the panoramic view of
the chosen Next Viewpoint. Each panoramic im-
age is a composite of four individual images pre-
sented in the agent-centric order of [Left, Front,
Right, Back], with the global orientation (e.g.,
“View: Right") explicitly labeled above each seg-
ment. Navigable options are clearly marked with
green circular markers.

Below the visual panel, detailed textual informa-
tion for the current step is provided. This includes:
the step number, the original navigation instruc-
tion, the raw LLM Output, the parsed agent action
(turn angle and forward distance), the full trajec-
tory path taken so far, and the ground truth path.
Critically, the tool also flags the exact step at which
the agent’s path first deviated from the ground truth,
enabling quick identification of crucial mistakes.
This is followed by the complete history log that
was fed into the model at that step, allowing for an
in-depth analysis of the agent’s reasoning context.

To further enhance usability, the interface pro-
vides status indicators directly on the display dur-
ing navigation. The ID of the current viewpoint
and the numeric ID of the next chosen marker are
displayed at the top of the screen, providing imme-
diate context without needing to consult the text
logs.

At the conclusion of each episode, a final sum-
mary panel presents the quantitative evaluation met-
rics, such as Success Rate, SPL, Navigation Er-
ror etc., offering a direct link between the agent’s
step-by-step actions and its final performance score.
This tool was indispensable for conducting the de-
tailed error analysis presented in this paper.

E.2 Detailed Error and Success Analysis

This section provides a detailed analysis of agent
performance across 200 navigation trajectories. By
breaking down both failures and successes, we
can identify the primary challenges MLLM-based
agents face in the VLN task.

The results reveal a significant performance gap,
with 148 failures compared to only 52 successes.
An initial breakdown of the failures, as shown in

Figure 13, indicates that the vast majority (131 out
of 148) stem from incorrect navigation rather than
technical MLLM Generation Errors (17 cases).
This suggests that while the models are generally
capable of producing valid actions, their decision-
making logic is the primary point of failure.

Object
36

Looping Vertical
106 35
Incorrect Navigation
Failures
148
Region
42
Timeout
21
-
. Direction
LLM Generation Error 14
17 Premature Stop
4

__ Counting

Figure 13: Analysis of error sources in 148 failure
episodes.

Vertical Move

14

Region
15

Count

Looping
42

Success

52

Timeout .
8 Object
19

Perfect Navigation

Counting

1

Figure 14: Analysis of navigation behavior in 52 suc-
cessful episodes.

Within the incorrect navigation errors, looping
is the most dominant failure mode, accounting for
a remarkable 106 cases. This behavior, where
the agent repeatedly revisits the same viewpoints,
points to a fundamental difficulty in spatial aware-
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ness and state tracking. The root causes for these
loops, as well as for timeouts, are primarily failures
in high-level scene understanding. Specifically, re-
gion recognition (37 cases in looping), vertical
movement understanding (30 cases), and object
detection (25 cases) are the most frequent triggers
for getting stuck. This highlights the agent’s strug-
gle to match abstract instructions (e.g., “go to the
kitchen", “go upstairs") with visual evidence.

Conversely, an analysis of the 52 successful tra-
jectories provides a more nuanced picture of the
agent’s capabilities, as illustrated in Figure 14. A
striking finding is that only 2 trajectories were com-
pleted perfectly. The vast majority of successes
(42 cases) were achieved despite the agent exhibit-
ing looping behavior, typically near the target.
This suggests that while agents can eventually re-
cover from local confusion, their navigation is often
highly inefficient. The challenges in these near-
success cases mirror those in the failures: difficul-
ties with object recognition (16 cases), vertical
movement (13 cases), and region understanding
(11 cases) still persist, causing inefficiency even
when the final goal is reached.

In conclusion, the data indicates that the primary
obstacle for these MLLLM agents is not language
generation but robust spatial and semantic reason-
ing. The pervasive issue of looping, both in failed
and successful episodes, underscores a weakness
in creating and maintaining a stable understand-
ing of the environment. Future work should focus
on enhancing these core reasoning capabilities to
improve both the reliability and efficiency of navi-
gation.

E.3 Case Studies

In this section, we provide a qualitative analysis
of five navigation episodes to illustrate the agent’s
common behaviors, highlighting both its capabili-
ties and frequent failure modes.

Figures 15 and 16 showcase successful episodes
that also reveal subtle inefficiencies. In Figure 15,
the agent correctly identifies the target treadmill but
exhibits redundant behavior by moving away and
looping back before executing the final stop action.
Similarly, the episode in Figure 16 demonstrates a
strong recovery capability, yet the agent struggles
with precise vertical positioning, causing it to loop
on the stairs rather than stopping at the correct step.

Conversely, Figures 17, 18, and 19 depict com-
mon failure scenarios. The trajectory in Figure
17 represents a case of ’oracle success,” where the

agent navigates to the immediate vicinity of the des-
tination downstairs but ultimately fails by getting
trapped in a repetitive loop on the staircase. Fig-
ure 18 illustrates a multi-faceted failure; the agent
not only fails to ground the directional instruction
and identify the ‘hallway’ but also produces a mal-
formed output, resulting in an un-parsable com-
mand and an invalid action error. Finally, Figure
19 demonstrates a failure in semantic region un-
derstanding, where the agent is unable to correctly
interpret the goal of stopping ‘inside of the sauna’.

F The Use of Large Language Models
(LLMs)

As disclosed, we utilized LLMs (GPT5, Google
Gemini etc.) to aid in polishing the manuscript’s
prose. Its role was to improve grammatical cor-
rectness and sentence clarity, with all final content
being reviewed and approved by the authors, who
take full responsibility for this work.
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4 Leave sitting room to living room, turn right around couch, turn left and \
follow couch turn slight right into exercise room and stop by treadmill.

View: Left view: Front__ StePI 0 yiew. pight View: Back View: Left view Front St yiew: ignt View: Back

View: Left View: Front  SteP: 2 Step:i3 ey pight View: Back

View: Right View: Back View: Left View: Front

View: Left View: Front  St®PI4 iy pight View: Left View Front  StPI5  yiey: ight View: Back

View: Back

SEePi6 ey pight View: Back View: Left View: Front___ SteP: 7

View: Left View: Front

Step: 9

View: Right View: Back View: Left View: Front View: Right View: Back

Finish!

View: Left View: Front

N " ‘ y,

Figure 15: A successful but inefficient trajectory. After observing the target treadmill, the agent loops around the
room before stopping.
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/ Exit the bathroom then exit the room using the door on the \
right. Head down the stairs and go down three steps then stop.

View: Left View: Front Step: 0 oy, pight View: Back View: Left View: Front Step: 1 View: Right View: Back

View: Left View: Front Step: 2 View: Right View: Back View: Left View: Front Step: 3 View: Right View: Back

View: Left View: Front Step: 4 View: Right View: Back View: Left View: Front

View: Left View: Front Step: 6 View: Right View: Back View: Left View: Front Step: 7 View: Right View: Back

Step: 8 Step: 9 View: Right

View: Left View: Front__Step: 10 Step: 11 ey ight View: Back

View: Right View: Back View: Left View: Front
©

Step: 12 Step: 13

View: Right View: Back View: Left View: Front

N
L pimd
Ill:‘ hdl]

View: Front View: Right View: Back

Step: 14 Finish!
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©

Figure 16: A successful episode showcasing recovery capabilities. However, the agent exhibits looping behavior
during vertical movement on the stairs.
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4 Go down the stairs and turn right. Stop on the grey )
tile in front of the window panel farthest to the left.

View: Front Step: 0 View: Right View: Back View: Left View: Front Step: 1

View: Left View: Right View: Back
.- s -

Step: 2

View: Front View: Right

Step: 6

View: Front

View: Back

J

Figure 17: A failure case with oracle success. The agent reaches the correct general area but fails to stop, getting
stuck in a loop on the stairs.
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Turn around and walk through the small archway,
turn hard right, then stop and wait in the hallway.

View: Left View: Front  StePI0 yiey: pight View: Back View: Left View: front _ StePi 1 View: Back

View: Right

View Left View: Front _ SY®PI 2 view, Right View: Back View: Left View: Front _ SYP 3 yiew: Right View: Back

Step: 4 Invalid Action!

View: Right View: Back View: Left View: Front

View: Right View: Back

id Action!
Invalid Action! v, gight View: Back View: Left View: Front

View: Left View: Front

Figure 18: Navigation failure due to misinterpreting a directional instruction and a model generation error that
produced an invalid action.

Head past the bar along the side of the pool. Turn right and stop inside of the sauna.

View: Left View: Front Step: 0 View: Right View: Back View: Left View: Front Step: 1 View: Right View: Back

View: Left View: Front Step: 2 View: Right View: Back View: Left View: Front View: Right View: Back

Step: 4 Finish!

View: Back

View: Right View: Back View: Left View: Front

View: Right

Figure 19: A failure episode caused by the agent’s inability to understand and navigate into the specified target
region (sauna).
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