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Abstract

Vision-and-Language Navigation (VLN) tasks require an agent to interpret natu-
ral language instructions to navigate complex environments. However, existing
methods face difficulties grounding multi-step instructions to intermediate visual
observations. Typically, these approaches input the entire instruction at once,
forcing the model to implicitly align visual observations with specific instruction
segments, complicating the grounding process. To mitigate this issue, we introduce
Sub-Aligner, a novel sub-instruction index prediction module designed to explic-
itly identify the most relevant instruction segment corresponding to the agent’s
current visual observations. Additionally, we propose a dual-stage, scene-aware
description module that summarizes the agent’s surroundings from both directional
and panoramic perspectives, effectively bridging the semantic gap between visual
context and complex, multi-step language instructions. Empirical evaluations
demonstrate that integrating Sub-Aligner consistently enhances navigation perfor-
mance across different VLN agents on benchmark datasets, Room-to-Room (R2R)
and Room-for-Room (R4R).

1 Introduction

Vision-and-Language Navigation (VLN) requires an embodied agent to follow natural language
instructions to navigate complex environments Anderson et al. [2018], Zhang et al. [2024]. This task
involves grounding object references, identifying navigable paths, and aligning language with visual
observations, and has real-world applications in assistive robotics and indoor navigation Hong et al.
[2020a,b], Chen et al. [2021, 2022].

While recent advances have improved VLN agents through cross-modal Transformers Chen et al.
[2022], fine-tuning with augmented data Li et al. [2024], Li and Bansal [2023], map-based reason-
ing Liu et al. [2023], and zero-shot instruction following via large multimodal language models
(mLLMs) Zhou et al. [2024], Chen et al. [2024], most existing approaches lack explicit mechanisms to
align intermediate visual observations with specific instruction sub-goals. This limitation introduces
grounding ambiguity and reduces interpretability, making it difficult to trace how agents connect
visual inputs to the corresponding textual instructions. Therefore, we argue that explicitly modeling
alignment at the sub-instruction level is crucial for both accurate decision-making and interpretable
grounding.

To address this, we propose a plug-and-play sub-instruction index prediction named Sub-Aligner,
designed to enable fine-grained instruction grounding by explicitly identifying the most relevant
sub-instruction segment aligned with the agent’s current visual observation at each navigation step.
Additionally, we introduce a dual-stage scene description module specifically designed to bridge the
semantic gap between visual observations and lengthy instructions. This module generates detailed
semantic descriptions that enrich the agent’s current visual contexts with textual representations,
thereby providing more accurate references for aligning visual observations with corresponding
sub-instruction segments.



Figure 1: Overview of our sub-instruction predictor architecture Given instructions and
panoramic views, our dual-stage VLM-based module generates scene-aware descriptions from
each view input. These are fused with segmented sub-instructions and visual embeddings in the
sub-instruction localizer to dynamically select the most relevant sub-instruction at each step.

Specifically, our method takes as input a full navigation instruction, panoramic visual observations,
and scene descriptions generated by dual-stage scene descriptor. It outputs a sub-instruction index
at each step, indicating which segment of the instruction is currently relevant to the agent’s visual
context. To compute this, we fuse the instruction and scene descriptions via a gating mechanism
and inject the result into a cross-modal encoder along with panoramic visual features. A prediction
head then selects the most relevant sub-instruction. The scene descriptions guiding this process
are generated by a dual-stage module, which we utilize a Vision-and-Language Model (VLM) first
describes directional views and then fuses them with panoramic context to form a scene description.

We evaluate our proposed approach across two representative VLN agents: a fine-tuned agent
(DUET Chen et al. [2022]) and a zero-shot agent (MapGPT Chen et al. [2024]), using the standard
VLN benchmarks: R2R Anderson et al. [2018] and R4R Jain et al. [2019] datasets. Experimental re-
sults consistently demonstrate improvements in both evaluation settings, confirming the effectiveness
of our sub-instruction grounding approach.

• We propose a plug-and-play sub-instruction index prediction module that dynamically
identifies the most relevant instruction segment based on the agent’s visual context, enabling
fine-grained grounding at each navigation step.

• We introduce a dual-stage scene description module designed to narrow the semantic gap
between visual observations and language instructions by generating structured textual cues
from directional and panoramic views, enhancing sub-instruction selection.

• We demonstrate the effectiveness and generalizability of our method across both fine-
tuned and zero-shot VLN agents, achieving consistent improvements on R2R and R4R
benchmarks.

2 Related Works

Vision-and-Language Navigation (VLN) requires an agent to interpret natural language instruc-
tions and navigate through a 3D environment to reach a goal. Early VLN agents adopted sequence-to-
sequence models Fried et al. [2018], Wang et al. [2019], Tan et al. [2019]. Transformer-based models
enhanced cross-modal grounding Hao et al. [2020], Ma et al. [2019b], Majumdar et al. [2020], and
DUET Chen et al. [2022] further introduced dual-branch representations for joint global planning
and local grounding. More recently, zero-shot agents using large multimodal models (mLLMs) Zhou
et al. [2024], Chen et al. [2024] treat navigation as language-conditioned action generation. While
promising, these mLLM-based agents often struggle to maintain fine-grained alignment between
instructions and evolving visual contexts, especially over long trajectories.

Sub-Instruction for VLN To enhance grounding granularity, FGR2R Hong et al. [2020a] aug-
ments R2R with human-annotated sub-instructions, enabling explicit step-level supervision. However,
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obtaining these annotations can be costly. Other approaches implicitly learn sub-instruction-level
grounding Ma et al. [2019a], Zhang and Kordjamshidi [2022, 2023] by jointly training the grounding
module with the navigation model. Nonetheless, these implicit methods lack explicit alignment
mechanisms and remain detached from the agent’s decision-making process. In contrast, our work
explicitly integrates sub-instruction prediction into the navigation pipeline, allowing agents to dynam-
ically identify sub-goals at each timestep and utilize the corresponding sub-instruction directly as
input for the navigator.

3 Method

In this section, we first formalize the VLN task (§3.1), then introduce our dual-stage scene description
module (§3.2) for contextual grounding, followed by our core sub-instruction localizer (§3.3), and
finally describe how the predicted sub-instruction guides action selection and learning (§3.4). Our
figure 1 illustrates the overall architecture, highlighting the two key components: the Dual-stage
Scene Description and the Sub-instruction Localizer.

3.1 Problem Formulation

We follow standard VLN settings Anderson et al. [2018], modeling the environment as a graph
G = (V, E) where nodes represent viewpoints and edges denote navigable paths. At each timestep
t, the agent is at a viewpoint with panoramic observation Rt. Given a natural language instruction
W , which is pre-segmented into a sequence of sub-instructions {S1, . . . ,SN}, the agent’s goal is to
select an action at that leads it towards the target location.

3.2 Dual-stage Scene Description Module

To facilitate more accurate sub-instruction prediction, we introduce a dual-stage scene description
module that generates detailed semantic summaries of the environment from panoramic viewpoints.
First, we extract four directional views Id = {Ifront, Ileft, Iright, Iback} and generate descriptions
Sd = VLM(Id, Pd), where Pd is a direction-specific prompt. Second, we combine the four direc-
tional captions with panoramic input Ip and prompt the VLM again to generate a panoramic scene
description from a first-person perspective by Sscene = VLM(Ip, Sd). This design improves scene
understanding by encouraging the VLM to first focus on salient directional details and then compose
a coherent, spatially structured global summary. Additional prompt details are in Appendix F.

3.3 Sub-instruction Localizer

At each timestep t, we predict the index ît of the most relevant sub-instruction Sît
∈ {S1, ...,SN},

given the full instruction W , current panoramic observation Rt, generated scene description Sscene,
and candidate sub-instruction list {Si}. We first encode W and Sscene using a shared text encoder to
obtain their [CLS] token representations, denoted eW and eS . These are fused via a learned gating
mechanism:

g = σ(Wg[eW ; eS ] + bg) (1)
efused = g ⊙ eW + (1− g)⊙ eS (2)

where Wg,bg are learnable parameters and σ is the sigmoid function. Next, we inject efused into a
cross-modal encoder along with visual observation Rt to produce a scene-aware query vector qt.
Each candidate sub-instruction Si is encoded into a key vector ki using the same text encoder. We
then compute dot-product similarity:

si = q⊤
t ki ⇒ ît = argmax

i
si

This mechanism enables the agent to dynamically select the most relevant instruction segment aligned
with its current visual observation.

3.4 Training

We train the model end-to-end using two objectives: (1) a navigation loss that supervises the agent’s
action decisions, and (2) a sub-instruction prediction loss that aligns visual context with instruction
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segments. The total loss is:

L = λnavLnav + λsubLsub,

where Lnav is the standard cross-entropy loss over ground-truth actions using teacher forcing, and
Lsub is our sub-instruction prediction loss. The supervision for Lsub is provided by annotated sub-
instruction labels from the Fine-Grained R2R (FGR2R) dataset Hong et al. [2020a].

4 Experiments

4.1 Evaluation Setup and Metrics

We evaluate Sub-Aligner on the VLN task under fine-tuned and zero-shot settings, reporting results
on the R2R Anderson et al. [2018] and R4R Jain et al. [2019] benchmarks, focusing primarily on the
validation unseen and test unseen splits. We measure navigation performance mainly using standard
VLN metrics including Success Rate (SR) and Success weighted by Path Length (SPL). For the R4R
benchmark, we additionally report sDTW and nDTW metrics to assess path fidelity. See Appendix D
for more metrics and the corresponding definitions.

4.2 Main Results

Table 1 shows the comparison between Sub-Aligner against prior VLN agents under both fine-tuning
and zero-shot setups. On R2R Anderson et al. [2018], it raises DUET’s SR from 72% to 74% and
SPL from 60% to 64%. Plugging our sub-instruction localizer into MapGPT boosts SR from 44% to
49% and SPL by +7 without retraining, demonstrating the plug-and-play effectiveness of our module.

We further assess the generalizability of our method by evaluating it on the R4R dataset Jain et al.
[2019]. As shown in Table 1, our method improves DUET’s SR by +0.45 and sDTW by +1.76, when
models are pretrained on R2R and fine-tuned on R4R. Sub-instruction guidance continues to improve
agents’ instruction following (sDTW +1.33), shows that explicit instruction-path alignment benefits
generalization to longer paths.

Ablation Summary We also analyze component contributions and sub-instruction prediction accu-
racy. Results (Appendix C) show that (i) higher prediction accuracy directly correlates with better
SR/SPL, and (ii) both the sub-instruction localizer and scene description contribute complementary
gains.

Table 1: Key results on R2R and R4R (val-unseen). Full results with more baselines are in Appendix
Table 2.

Dataset Model SR↑ SPL↑ sDTW↑ nDTW↑

R2R

DUET Chen et al. [2022] 72.0 60.0 – –
+ Sub-Aligner (ours) 74.0 64.0 – –
MapGPT Chen et al. [2024] 44.0 35.0 – –
+ Sub-Aligner (ours) 49.0 42.0 – –

R4R DUET Chen et al. [2022] 47.8 43.5 24.3 38.0
+ Sub-Aligner (ours) 48.3 43.4 26.1 38.8

5 Conclusion

We present Sub-Aligner, a plug-and-play module for sub-instruction prediction in VLN. By aligning
visual observations with instruction segments at each step, it improves interpretability and long-
horizon decision-making. Together with a dual-stage VLM-based scene description module, Sub-
Aligner enhances semantic grounding and achieves consistent gains across both finetuned and zero-
shot agents on R2R and R4R. These findings support our intuition that scene-aware sub-instruction
grounding is a missing piece for existing VLN pipelines.
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A Limitation

Sub-Aligner depends on sub-instruction supervision from FGR2R, which may not generalize to new
datasets without annotation. Its dual-stage VLM module also adds offline computational cost and
inherits VLM-specific biases. Moreover, the model assumes clear-cut sub-instruction boundaries and
does not handle ambiguous or overlapping intents.

B Additional Results

Table 2: Experimental results on the R2R val-unseen.

Model Val Unseen Test Unseen

SR↑ SPL↑ SR↑ SPL↑
Zero-shot (ZS)

NavGPT Zhou et al. [2023] 34 29 – –
MapGPT-GPT-4 Chen et al. [2024] 39 26 – –
MapGPT-GPT-4V Chen et al. [2024] 44 35 – –
+ Sub-Aligner (ours) 49 42 – –

Pretrained + finetuned
PREVALENT Hao et al. [2020] 58 53 54 51
RecBERT Hong et al. [2020b] 63 57 63 57
HAMT Chen et al. [2021] 66 61 65 60
DUET Chen et al. [2022] 72 60 69 59
+ GPT-4o Sub-indexer 60 42 – –
+ Sub-Aligner (ours) 74 64 71 60

C Ablation Study

Sub-instruction Prediction To assess the impact of sub-instruction quality, we simulate varying
prediction accuracies during inference by replacing the predicted sub-instruction with the ground truth
sub-instruction at increasing rates, from 70% to 100% accuracy. The navigation policy remains fixed;
only the sub-instruction selection is perturbed. Fig. 2 plots SR/SPL as a function of sub-instruction
accuracy, confirming its impact on downstream performance. Each 10% improvement in ACC yields
roughly 0.5% gain in SR and 0.2% gain in SPL. This supports our claim that progress tracking is a
critical bottleneck.

Table 2 also compares our indexer to GPT-4o. Despite GPT-4o’s scale, with no task-specific tuning
trails, it lags behind our predictor by +12 SR with 43.09% ACC, validating the benefit of targeted
sub-instruction modeling.

Component Analysis We ablate two core components of Sub-Aligner in Table 3: S denotes the
sub-instruction localizer introduced in Section 3.3, and V refers to scene description with panorama.
Notably, the sub-instruction localizer (S) alone yields gains over DUET. Fusing it with visual
grounding (V) achieves the best balance of SR and SPL, confirming that explicit progress tracking
and context-aware fusion are complementary.

V S TL↓ NE↓ SR↑ SPL↑
– – 13.94 3.31 72.00 60.00
✓ – 14.47 3.22 72.12 60.72
– ✓ 12.81 3.07 72.50 62.74
✓ ✓ 14.05 2.88 74.37 64.05

Table 3: Ablation on module components (R2R val-unseen). V = Scene description fused with visual
panorama, S = Sub-instruction localizer.
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Figure 2: SR/SPL vs. sub-instruction prediction accuracy on R2R val-unseen.

D Evaluation Metrics

We evaluate R2R and R4R datasets (MIT License) using the following standard metrics to evaluate
navigation and sub-instruction grounding:

• Success Rate (SR): Percentage of episodes where the agent ends within 3 meters of the
goal.

• Success weighted by Path Length (SPL): Success rate weighted by the total navigation
length.

• Navigation Error (NE): Distance between final agent location and target location.

• Trajectory Length (TL): The total distance taken by the agent during navigation.

• Normalized Dynamic Time Warping (nDTW): Measuring the path fidelity by penalizing
deviations from the reference path.

• Success rate weighted by Dynamic Time Warping (sDTW): Considering nDTW of
successful navigation.

• Accuracy (ACC): Accuracy of sub-instruction index prediction against ground-truth FGR2R
annotations.

E Implementation Details

Our method builds upon DUET Chen et al. [2022], a dual-scale transformer that performs both global
planning and local grounding. In our Dual-Stage Scene Description, we utilize MOLMO-7B-D Deitke
et al. [2024] as the LLM to generate scene descriptions. All experiments are tested on a server with
4×NVIDIA A100 GPUs.

F Prompt Design for Scene Descriptions

We adopt a dual-stage prompt-based generation process using a vision-language model (MOLMO-
7B-D Deitke et al. [2024]) to synthesize semantic descriptions of the environment:

F.1 Stage 1: Directional View Descriptions

Each directional image (left, front, right, back) is paired with a view-specific prompt to guide
the model toward generating short, navigation-relevant descriptions (typically 1–2 sentences).
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Directional Prompt Example (Left View)

You are an advanced navigation expert. You see one image, which is the left view of a room.
Please provide a concise (1-2 sentences) description focusing on key landmarks or objects
relevant to navigation (e.g., doorways, tables, chairs, paintings). Pay special attention to the
left side... (truncated)

F.2 Stage 2: Global Fusion Prompt

Once all four directional captions are generated, we compose them into a single coherent viewpoint-
level description using the panoramic image and the following global prompt:

Global Prompt for Fusion

You have four partial descriptions of a room from different views: Left view, Front view,
Right view, Back view. Please combine all these details into a single cohesive first-person
narrative...
Follow these specific rules:

• Begin with “I’m standing in the main living area. In front of me, ...”
• Follow the order: front → left → right → back
• Do not invent or speculate beyond the sub-descriptions
• Output in valid JSON format with the key overall_description
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