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Abstract

Vision-and-language navigation (VLN) requires
agents to follow natural language instructions
to navigate autonomously in continuous environ-
ments. However, existing approaches often lack
high-level semantic guidance in waypoint predic-
tion and explicit language—landmark alignment in
cross-modal planning. To address these limitations,
we propose FILD-Navy, a vision-and-language nav-
igation framework that integrates instruction land-
mark features. FILD-Nav extracts task-relevant
landmarks from instructions and incorporates land-
mark semantics into both waypoint prediction
and topological planning. Specifically, landmark-
guided waypoint prediction improves waypoint
relevance, while landmark-enhanced cross-modal
planning enables more effective long-horizon nav-
igation.  Extensive experiments on the VLN-
CE benchmark demonstrate that FILD-Nav<con-
sistently outperforms prior methods, achieving im-
provements of 2% in Success Rate (SR), 3% in Suc-
cess weighted by Path Length (SPL), and 7% in Or-
acle Success Rate (OSR), particularly in unseen en-
vironments.

1 Introduction

Vision-and-Language Navigation (VLN) requires an embod-
ied agent to follow natural language instructions to reach
a target location in a visual environment[Anderson et al.,
2018]. While early VLN research focused on discrete
graph-based settings[Wu er al., 2024al, recent efforts have
shifted toward navigation in continuous environments (VLN-
CE)[Krantz et al., 2020], which more closely reflect real-
world embodied navigation scenarios. Operating in contin-
uous spaces introduces additional challenges, including pre-
cise waypoint prediction, long-horizon planning, and robust
alignment between linguistic instructions and visual observa-
tions.

A key aspect of human navigation is the use of land-
marks. Humans naturally decompose navigation instructions
into landmark-referenced subgoals (e.g., “turn left at the sofa”
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or “walk past the kitchen”), which provide semantic anchors
that reduce ambiguity and facilitate planning. However, ex-
isting VLN-CE methods largely rely on implicit language
representations or visual semantics extracted from observa-
tions, without explicitly modeling instruction-level landmark
information[Tan et al., 2024].- As a result, waypoint predic-
tion and topological planning often lack direct grounding in
task-relevant semantic cues, leading to suboptimal navigation
decisions, especially in previously unseen environments.

Recent approaches have explored hierarchical planning,
waypoint-based navigation, and semantic topological maps
to address the complexity of VLN-CE[Zhou et al., 2024;
Shi et al.; 2025]. While these methods improve navigation
efficiency, landmark information is typically derived from
visual observations alone or treated as part of generic lan-
guage embeddings. This design overlooks the fact that nav-
igation instructions themselves provide rich, structured land-
mark information that can guide both local waypoint predic-
tion and global planning. Moreover, without explicitly align-
ing instruction-derived landmarks with visual observations,
agents may struggle to generalize across environments with
varying layouts and appearances.

To address these limitations, we propose FILD-Nav,
a landmark-aware navigation framework that Fuses
Instruction-level LanDmark features into both waypoint
prediction and topological planning. Our approach first
extracts candidate landmarks from navigation instructions
using a large language model, and then refines these land-
marks through visual grounding during navigation. The
resulting instruction-grounded landmark representations are
used to guide waypoint prediction and to enhance node
representations in a topological navigation graph, enabling
more semantically aligned and robust decision-making.

We evaluate FILD-Nav on the VLN-CE benchmark and
demonstrate consistent improvements over state-of-the-art
methods. In particular, our method achieves significant gains
in success rate, oracle success rate, and SPL on unseen en-
vironments, highlighting its strong generalization capability.
Extensive ablation studies further validate the effectiveness
of integrating instruction-level landmark features at different
stages of the navigation pipeline.

In summary, our contributions are threefold:

¢ We introduce an instruction-level landmark representa-
tion for VLN-CE, explicitly extracting and grounding
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semantic landmarks from natural language instructions.

* We propose a landmark-aware waypoint prediction and
topological planning framework that tightly aligns navi-
gation decisions with task-relevant semantics.

* We demonstrate state-of-the-art performance on VLN-
CE benchmarks, with particularly strong improvements
in unseen environments.

2 Related Work

Vision-and-Language Navigation. VLN aims to enable
embodied agents to follow natural language instructions to
reach target locations. Early VLN methods were developed
in discrete, graph-based environments, where navigation de-
cisions are restricted to predefined viewpoints[Savva et al.,
2019; Chib and Singh, 2024]. Recent work has shifted
toward VLN-CE, which require agents to operate in pho-
torealistic 3D spaces with continuous actions[Hong er al.,
2022]. To address the increased complexity, prior approaches
have explored imitation learning, reinforcement learning,
and hierarchical navigation frameworks[Chen et al., 2021;
Wang er al., 2024b]. Despite these advances, effectively
grounding language instructions in continuous visual obser-
vations remains a central challenge.

Waypoint-based and Hierarchical Navigation. To im-
prove navigation efficiency and long-horizon planning, sev-
eral methods decompose navigation into hierarchical stages,
typically involving waypoint prediction followed by low-
level control[Krantz er al., 2021]. Waypoint-based ap-
proaches reduce the action space and enable more stable nav-
igation in continuous environments[Krantz and Lee, 2022;
Wen et al., 2024]. Some methods predict waypoints di-
rectly from visual observations[Raychaudhuri er al., 2021],
while others incorporate semantic cues or memory mecha-
nisms to guide waypoint selection[Wu et al., 2024b; Zheng
et al., 2025]. However, most existing approaches rely pri-
marily on visual features or implicit language embeddings,
without explicitly leveraging structured semantic information
provided by navigation instructions.

Semantic and Topological Mapping. Topological maps
provide an effective abstraction for long-term naviga-
tion by representing environments as graphs of navigable
nodes[Chen er al., 2021; Georgakis et al., 2022]. Recent
VLN-CE methods have incorporated semantic information
into topological representations to improve planning and
generalization[Chen et al., 2022; Huang er al., 2022]. These
approaches typically extract semantic cues from visual obser-
vations and embed them into graph nodes[Liu et al., 2024;
Bao er al., 2025]. While effective, such designs overlook
instruction-level semantics and treat language as a global
condition rather than a source of explicit, structured guid-
ance for map construction and planning[Hong et al., 2022;
An et al., 2024].

Language Grounding and Landmark-Based Navigation.
Landmarks play a crucial role in human navigation and have
been studied in both robotics and VLN literature[Lin et al.,
2024; Dai et al., 2024]. Some prior works leverage ob-
ject detections or scene labels as visual landmarks to as-

sist navigation[Li er al., 2023; He er al., 2024]. Others use
language attention mechanisms to implicitly align instruc-
tions with visual features[Wu et al., 2024b; Asadi et al.,
2019]. In contrast to these methods, our approach explic-
itly extracts landmark information from navigation instruc-
tions and grounds it in visual observations during navigation.
By incorporating instruction-grounded landmarks into both
waypoint prediction and topological planning, our method
achieves tighter alignment between language, perception, and
planning.

Large Models for Vision-Language Tasks. Re-
cent progress in large language models and vision-
language models has significantly advanced mul-
timodal reasoning capabilities[Cai er al., 2024
Wang et al., 2024a]. These models have been applied to
various vision-language tasks, including navigation, for rep-
resentation learning and semantic alignment[Bao er al., 2025;
Zhou et al., 2024]. In this work, we leverage large
models as auxiliary components to extract and refine
instruction-level landmark representations[Qiao er al., 2024;
Xu et al., 2025], rather than relying on them as end-to-end
navigation policies. This design enables effective semantic
grounding while maintaining a lightweight and interpretable
navigation pipeline.

3 Methodology
3.1 Overview of FILD-Nav

To.-address the lack of high-level semantic understand-
ing in waypoint prediction and the absence of ex-
plicit language-landmark alignment in cross-modal plan-
ning for continuous environments, we propose FILD-Nav,
a landmark-aware VLN framework for continuous envi-
ronments. As illustrated in Figure 1, FILD-Nav consists
of three key modules: topological mapping, hierarchical
planning, and low-level action control. The framework
integrates large-model—driven instruction landmark extrac-
tion, landmark-aware waypoint prediction, and landmark-
semantic—enhanced cross-modal planning, providing an ef-
fective solution for language-guided navigation in embodied
agents.

3.2 Problem Formulation

We study Vision-and-Language Navigation in Continuous
Environments, where an agent must follow a natural language
instruction to navigate toward a target location without access
to a predefined navigation graph. The task is instantiated in
the Habitat simulator using panoramic RGB-D observations
from Matterport3D and the R2R-CE benchmark.

At each episode, the agent starts from a given location and
receives an instruction W = {w;}~ ;. The agent executes
low-level actions from a discrete set: move forward 0.25m,
turn left or right by 15°, and stop. An episode terminates
when the agent issues the stop action or reaches the maximum
time steps.

At time step ¢, the agent observes panoramic RGB and
depth images V;" = {v}%"}12, and V{ = {v;}}2,, uni-
formly covering 360° with 30° intervals. Each view has a
90° field of view and resolution 256 x 256.
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Figure 1: Overall Architecture of

3.3 Visually Grounded Instruction Landmark
Features

As shown in Figure 2, the vision-constrained instruction land-
mark extraction framework consists of two stages: land-
mark generation and landmark correction, each built upon
a different foundation model. In the first stage, we em-
ploy a large language model, DeepSeek, to extract ordered
instruction landmarks and their co-occurring landmarks us-
ing customized prompts and in-context examples, activat-
ing task-relevant knowledge through text completion. We use
DeepSeek as an off-the-shelf language model for offline in-
struction preprocessing; the navigation policy does not de-
pend on proprietary APIs at inference time. These landmarks
provide high-level semantic priors for navigation but may be
inconsistent with actual visual observations. To address this
issue, the second stage introduces a CLIP-based landmark
correction module that leverages vision—language alignment
to calibrate language-derived landmark priors using real-time
visual evidence. By enforcing visual constraints on instruc-
tion landmarks, the proposed framework produces reliable
landmark features that support downstream waypoint predic-
tion and cross-modal planning. Natural language instructions
contain rich landmark cues that are critical for both way-
point prediction and long-horizon path planning. Effective
landmark extraction requires identifying navigation-ordered
landmarks, as the order in which landmarks appear in lan-
guage may not coincide with the order in which they should
be searched during navigation. Moreover, some instruction-
specified landmarks may not be directly observable, neces-
sitating the incorporation of co-occurring landmarks derived
from open-world spatial knowledge (e.g., beds are often as-
sociated with pillows or wardrobes in indoor environments).
Accordingly, we design heuristic prompt templates that ex-

the Proposed FILD-Nav Framework.

tract all concrete landmarks mentioned in the instruction,
avoid abstract nouns, and reorder landmarks according to
navigation logic.

Landmark extraction and co-occurrence generation are per-
formed as an offline preprocessing step. Using the R2R-CE
dataset as an example, we process 16,844 instructions with
a customized DeepSeek-based pipeline, extracting 3-8 or-
dered primary landmarks per instruction and generating five
co-occurring landmarks for each. These annotations are aug-
mented into the dataset, enabling the agent to align a richer
set of object-level semantics with visual observations.

However, without explicit visual grounding, language-
derived landmark priors may be inconsistent with the actual
environment and lead to erroneous guidance. To address this
issue, we introduce a CLIP-driven landmark scoring mod-
ule that dynamically challenges and refines landmark priors
based on real-time visual evidence.

Vision-Constrained Landmark Scoring. Given an in-
struction I, a large language model first extracts an ordered
set of primary landmarks U;, and their corresponding co-
occurring landmarks U,,, forming the landmark set

U= {Ulavao}- (1)

At step t, we extract visual feature Fp from the current ob-
servation via the CLIP image encoder. For adjacent primary
landmarks Uf, and U}, “+1 their textual features F. L and Fl,4
are obtained via the CLIP text encoder. The probability of
U}, is computed as

exp (sim(Fo, F,)/T)

F.)/7) + exp (sim(Fo, F.11)/7)’
(2

. =

exp (sim(Fo,
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Figure 2: Vision-Constrained Instruction Landmark Extraction Framework.

where sim(-) denotes cosine similarity and 7 is a temperature
parameter. We select the landmark with higher probability as
the effective primary landmark.

After remembering the effective landmark U, and its asso-
ciated co-occurring landmark set U, we estimate the prob-
ability of observing U, in each single-view observation O,,

as
Pl(fn) — eXp(Sim(FUla ) Fon,)/T) ) 3)

e S exp(sim(Fy,, Fo,,)/T)

Similarly, the observation probabilities P[(;i) for each co-
occurring landmark are computed. -

To suppress noise introduced by landmark transitions and
false discoveries, we introduce a learnable co-occurrence
scoring module. Specifically, an embedding function Fj(-)
consisting of a linear layer, ReLU activation, layer normal-
ization, and dropout is applied to both instruction and obser-
vation features to obtain a state feature Fs. The co-occurring
landmark score is defined as

Sco = Sim(FS7 FUco)7 (4)

and the primary landmark score.S;, is computed analogously.
The corrected landmark observation probability for view
O,, is then given by

K
P =By S+ > PYY - S, )
i=1 ’
Finally, the visually corrected landmark feature is com-
puted as

NCO
_ t,n t t,n
FUt7n *PUla 'Sla'FUla =+ g PUmi 'Scoi

i=1

F,. ©

04

3.4 Waypoint Prediction with
Instruction-Grounded Landmark Integration

To adapt the waypoint predictor to the introduced landmark
features, we redesign and extend the original architecture.

The enhanced waypoint predictor consists of an RGB vi-
sual encoder, a depth visual encoder, an instruction-grounded
landmark feature encoder, a three-layer Transformer, and a
decoupled linear classifier head. For visual feature extraction,
a DINOv2 encoder pretrained on ImageNet is employed for
RGB observations, while a ResNet-50 encoder pretrained on
point-goal navigation tasks is used for depth images. Land-
mark features are obtained using the instruction landmark ex-
traction method described in Section 3.3.

The Transformer comprises three layers, each with twelve
self-attention heads, enabling effective modeling of spatial re-
lationships across panoramic views. The classifier is imple-
mented as a multilayer perceptron (MLP) that projects Trans-
former outputs into probabilities over spatially adjacent way-
point candidates. During training, the parameters of the vi-
sual encoders remain frozen, while the Transformer and clas-
sifier are optimized end-to-end.

At each time step, the agent receives RGB and depth obser-
vations, which are encoded separately to generate RGB fea-
tures Frap and depth features F. Benefiting from skip con-
nections within the encoders, these features capture both fine-
grained low-level semantics (e.g., textures and colors) and ge-
ometric spatial information (e.g., navigability). Instruction-
grounded landmark features Fy; extracted by the large-model-
based landmark module are incorporated as an additional se-
mantic signal.

The three feature modalities are fused through a simple yet
effective aggregation strategy. Specifically, average pooling
and max pooling are applied to the RGB and landmark fea-
tures to extract salient information. The pooled features are
flattened, followed by a Dropout layer and a linear projec-
tion. Layer normalization is then applied to obtain the pro-
cessed RGB feature Frgp and landmark feature Fy. For
depth features, average pooling is applied, followed by flat-
tening and normalization to produce the processed depth fea-
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Figure 3: Landmark-Enhanced Waypoint Prediction.

ture Fp. The final fused feature Fs is computed as:
Fp; = LN(Dropout(AP(Frag)))
+ LN(AP(Fp)) (7)
+ LN(Dropout(MP(Fy))).

where AP(-) and MP(+) denote average pooling and max
pooling, respectively, and LN(-) denotes layer normalization.

The landmark-enhanced waypoint prediction process is
shown in Figure 3. Each single-view image is square with a
90° field of view, covering three 30° angular sectors. Accord-
ingly, we constrain the self-attention of each fused feature
token to include neighboring sector features on both sides.
The Transformer outputs tokens encoding sector-centered in-
formation, which are fed into the classifier to produce a
panoramic heatmap. The heatmap has an angular resolution
of 3° and a radial range from 0.25m to 3.00 m with a step
size of 0.25 m, yielding a 120 x 12 spatial grid:

3.5 Landmark-Semantic Enhanced Cross-Modal
Planning

The high-level planning module maps predicted waypoints
into a dynamic topological graph augmented with landmark
semantics and performs long-horizon path planning, produc-
ing a sequence of polar coordinates as navigation targets. The
low-level control module executes primitive actions, includ-
ing moving forward by 0.25m, turning left or right by 15°,
and stopping. The navigation episode terminates once the
agent reaches the targetlocation or issues the stop action.

To support long-term planning, the agent incrementally
constructs a topological map based on predicted waypoints.
Waypoints that are visited or observed along the navigation
trajectory are abstracted as nodes in a graph representation,
denoted as

Gt = <M7€t>7 (8)

where N; is the node set and &; is the edge set. Each node
n; € N} encodes the panoramic visual observation and spa-
tial location at that position. An edge e; ; € &, is established
if the corresponding node positions are directly reachable.
The topological graph is updated according to the spatial
relationship between predicted waypoints and existing nodes.

A waypoint localization function Ff(-) is employed to as-
sociate each predicted waypoint with a node in the graph.
Specifically, F, computes the Euclidean distance between the
waypoint position and all existing nodes. If the minimum dis-
tance is smaller than a threshold +, the corresponding node is
returned as the localized node. This localization procedure is
applied to every predicted waypoint to maintain a consistent
topological representation.

As shown in Figure 4, the cross-modal planning module
consists of a text encoder and a cross-modal graph encoder.
Given the encoded topological map and the instruction repre-
sentation as input, the module performs reasoning to predict
a long-term goal node and outputs a topological path leading
to the target.

For text encoding, we adopt BERT as the instruction en-
coder to extract contextualized word-level representations.
Word embeddings are combined with positional and segment
embeddings to form the instruction input, which is processed
by stacked BertLayers to obtain instruction features with rich
contextual semantics.

Each node embedding is enhanced with landmark-aware
semantic features and global relative pose information, in-
cluding its orientation and Euclidean distance relative to the
current node. In addition, a navigation-step embedding en-
codes the most recent visitation time of each node, enabling
the model to capture navigation history and temporal depen-
dencies. Panoramic visual features augmented with landmark
semantics are further combined with positional encodings to
provide comprehensive node representations.

The encoded node representations and instruction fea-
tures are jointly processed by a cross-modal graph encoder,
following a mixed-input formulation similar to LXMERT.
Within each encoder layer, we introduce a Graph-Aware Self-
Attention (GASA) mechanism that explicitly incorporates
topological structure:

-
GASA(X) = Softmax<w + EWE) XW,,

Vd
€))

where X denotes the node representations, F is the shortest-
path distance matrix derived from the topological graph, and
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Wy, Wi, We, and W, are learnable projection matrices.

The resulting cross-modal graph attention encodings cap-
ture fine-grained alignments between nodes, visual observa-
tions, and instruction semantics. A feed-forward network is
applied to predict a stop score for each node. To prevent re-
dundant exploration, nodes that have already been visited, as
well as the current node, are masked during scoring. The
agent selects an unvisited navigable node with the highest
stop score as the long-term goal. To reach this goal, Dijkstra’s
algorithm is executed on the topological graph to compute the
shortest path from the current node. If the selected node cor-
responds to the stop action, the agent terminates navigation at
its current position.

4 Experiments

4.1 Experimental Setup

Dataset. The R2R-CE dataset is derived from the Room-to-
Room (R2R) dataset [Anderson et al., 2018] and adapted to
continuous environments using the Habitat simulator [Savva
et al.,2019]. Tt is one of the most widely adopted benchmarks
for VLN-CE. The dataset contains 16,844 path—instruction
pairs collected from 90 real-world indoor scenes in the Mat-
terport3D dataset, corresponding to 5,611 shortest-path tra-
jectories. Each trajectory is annotated with approximately
three English instructions, with an average path length of 9.89
meters and an average instruction length of 32 words.

The dataset is split into four subsets: training (train), seen
validation (val-seen), unseen validation (val-unseen), and
test. Following standard evaluation protocols, we report re-
sults on both validation splits. The val-seen split contains en-
vironments observed during training, while val-unseen con-
sists of entirely novel environments, paths, and instructions,
enabling an evaluation of generalization performance.

Based on R2R-CE, we further introduce large-model inter-
faces to preprocess all instructions by extracting instruction-
grounded landmarks and generating co-occurring landmarks.
These annotations are incorporated into the original dataset,
resulting in an augmented version referred to as R2R-CE
with Instruction Landmarks, which provides enriched se-
mantic supervision for navigation.

Evaluation Metrics. An episode is considered successful
if the agent executes the STOP action within 3 meters of the

target location. We evaluate navigation performance using
five standard metrics: Trajectory Length (TL), which mea-
sures the average length of predicted trajectories; Navigation
Error (NE), defined as the average Euclidean distance be-
tween the final agent position and the target; Success Rate
(SR), indicating the percentage of successful episodes; Ora-
cle Success Rate (OSR), which considers the closest point to
the goal along the trajectory; and Success weighted by Path
Length (SPL), which jointly evaluates navigation accuracy
and efficiency.

Implementation Details. Our method is implemented us-
ing PyTorch and the Habitat simulator. All experiments are
conducted on a Linux server equipped with an NVIDIA RTX
3090 GPU running Ubuntu 18.04. The model is trained for
20,000 iterations with a batch size of 50, and convergence
is typically achieved after approximately four days. We em-
ploy the AdamW optimizer with a learning rate of 1 x 104
Since the topological map is not available a priori, the agent
interacts with the environment online to incrementally con-
struct the map. Following prior work [An er al., 2024,
Radford et al., 2021; Wijmans ef al., 2019], we initialize the
model from a pre-trained checkpoint and continue training
using scheduled sampling. The final model is selected based
on the highest SPL achieved on the unseen validation split.

For visual encoding, multiple pre-trained models are
adopted. A CLIP-pretrained ViT-B/32 model [Radford et al.,
2021] is used to extract global RGB features, while a ResNet-
50 model pre-trained for point-goal navigation encodes depth
observations. In addition, a CLIP-based learnable scoring
module is employed to obtain instruction-grounded landmark
features. The parameters of all pre-trained encoders are
frozen during training. At each timestep, multimodal features
are extracted by jointly processing the current instruction and
visual observations.

4.2 Experimental Comparison

Table 1 compares FILD-Nav with state-of-the-art methods
on the two validation splits of the R2R-CE dataset. The re-
sults show that our approach consistently outperforms exist-
ing methods in terms of OSR, SR, and SPL, while achieving
performance comparable to the strong baseline ETPNav on
trajectory length (TL) and navigation error (NE).
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Method Val Seen Val Unseen Test

TL{ NE| OSRT SRt SPLt TL| NE| OSRt SRt SPLt TL| NE| OSRT SR SPLt
Seq2Seq [Krantz et al., 2020] 926 7.2 46 37 35 864 737 40 32 30 864 737 40 32 30
LAW [Raychaudhuri er al., 20211 9.34 635 49 40 37 889 683 44 35 31 - - - - -
CMTP [Chen et al., 20211 - 710 56 36 31 - 790 38 26 23 - - - - -
HPN [Shi er al., 2025] 854 548 53 46 43 7.62  6.31 40 36 34 8.02 6.65 37 32 30
Sim2Sim [Wu et al., 2024a) 1118 467 61 52 44 1069 607 52 43 36 1069 607 52 43 36
CM2 [Georgakis et al., 2022] 1205 610 51 43 35 1154 7.02 42 34 28 1390 770 39 31 24
WS-MGMAP [Chen et al., 20221 1012 565 52 47 43 1000 628 48 39 34 1230 7.1 45 35 28
CWP-CMA [Hong et al., 20221 1147 520 61 51 45 1090 620 52 41 36 1090 620 52 41 36
CWP-BERT [Hong eral.,2022] 1250 502 59 50 44 1223 574 53 44 39 1223 574 53 44 39
MV-Topo [Liu et al., 2024] 1125 369 713 655 597 1185 472 63 575 49.1 1271 494 60 54 48
ETPNav [An et al., 2024] 1178 395 72 66 59 1199 471 65 57 49 1199 471 65 57 49
FILD-Nav(Ours) 1051 388 76 67 61 1101 464 72 59 52 1101 464 72 59 52

Table 1: Performance comparison on the VLN-CE dataset.
Module Configuration Val Seen Val Unseen

Waypoint  Node  TL| NE| OSRt SRt SPLt TL| NE| OSRt SR SPL{
v v 1147 520 61 51 45 109 62 52 41 36
v 15 515 62 53 48 105 61 53 43 39
v 1178 395 72 66 59 1199 47165 57 49
v v 1051 380 79 68 62 1101 460 = 72 59 52

Table 2: Ablation Study on Landmark Feature Integration for Navigation Performance.

Feature Input
RGBD Landmark

v
v

Waypoint Performance
IAlL %Opent dcl dgl

1.40 82.87 1.05 2.01
1.39 84.05 1.02 1.81

v

Table 3: Ablation Study on Waypoint Prediction with Instruction
Landmark Features.

4.3 Ablation Study

On the unseen validation split (val-unseen), FILD-Nav ex-
hibits clear improvements, with SR and SPL increasing by
2% and 3%, respectively, and OSR improving by 7%. These
results demonstrate the robustness and generalization capa-
bility of our method in previously unseen environments, and
validate the effectiveness of incorporating instruction-level
landmark information.

In particular, compared with MV-Topo, which also in-
tegrates semantic information into visual topological maps,
FILD-Nav achieves superior performance across all evalu-
ation metrics. While MV-Topo directly extracts semantic
cues from visual observations and embeds them into topo-
logical nodes, our method first derives landmark informa-
tion from natural language instructions and then refines these
landmarks using actual visual observations. By leveraging
instruction-grounded landmarks to guide waypoint prediction
and embedding them into topological nodes, our approach
produces waypoint proposals that are more closely aligned
with task semantics, resulting in more effective navigation
behavior. These improvements indicate that instruction-
grounded landmarks provide complementary semantic cues
beyond visual-only representations.

Waypoint Prediction. Table 2 presents an ablation study
on the R2R-CE dataset to evaluate the impact of instruction
landmark features on waypoint prediction quality. We assess
waypoint quality using four metrics: |A|, the absolute dif-
ference between the numbers of target and predicted way-
points; %Open, the proportion of predicted waypoints lo-
cated in obstacle-free open space; dc, the average distance
error between the target and predicted waypoint sets; and dyy,
the maximum distance error between the two sets.

In the first setting, the waypoint predictor uses only RGB-
D visual features as input. In the second setting, instruction
landmark features are incorporated in addition to RGB-D fea-
tures. While maintaining comparable performance in |A|, the
augmented model improves %Open by 1.2%, indicating that
waypoint obstruction and off-grid predictions are more ef-
fectively mitigated when landmark semantics are introduced.
Moreover, both d¢ and dy decrease by 0.2 meters. This re-
duction is particularly important, as large waypoint deviations
can severely degrade downstream navigation performance.

Overall, these results demonstrate that incorporating in-
struction landmark features enables the waypoint predictor to
generate spatially more accurate and reliable waypoint pro-
posals that are better aligned with task-relevant targets.

Navigation Performance with Landmark Feature Integra-
tion. To further investigate the effectiveness of instruction
landmark features on end-to-end navigation, we conduct ab-
lation studies on two key components: the waypoint pre-
diction module and the node encoding module in the cross-
modal planner. We evaluate individual and combined config-
urations on the R2R-CE dataset, reporting results on both the
val-seen and val-unseen splits. The results are summarized in
Table 3.

In the first setting, landmark features are excluded from
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both waypoint prediction and node encoding. In the second
setting, landmark features are introduced only in the way-
point prediction stage. Compared to the baseline, all eval-
uation metrics show consistent improvements, with trajec-
tory length (TL) reduced by 0.9 meters and SPL increased
by 3%. This indicates that incorporating landmark semantics
into waypoint prediction helps generate more efficient navi-
gation trajectories.

In the third setting, landmark features are added exclu-
sively to the node encoding in the cross-modal planning mod-
ule. While most metrics remain largely unchanged, the ora-
cle success rate (OSR) improves by 7% and the success rate
(SR) increases by 3%. This suggests that enriching node
representations with instruction-grounded landmark seman-
tics enhances alignment between topological nodes and task
instructions, thereby facilitating more effective long-horizon
planning.

Finally, when landmark features are incorporated into both
waypoint prediction and node encoding, the agent achieves
the best overall performance across all metrics. This con-
figuration demonstrates improved instruction grounding and
stronger generalization capability in complex and previously
unseen environments.

5 Conclusion

This paper proposes FILD-Nav, a novel vision-and-language
navigation framework that integrates instruction landmark
features for continuous environments. By explicitly incor-
porating task-relevant landmark semantics into both the way-
point prediction module and the topological node representa-
tions, FILD-Nav improves the quality of waypoint generation
and enhances cross-modal planning. As a result, the predicted
waypoints and planned navigation paths are more closely
aligned with the intended task goals. Extensive experimen-
tal results demonstrate the effectiveness of the proposed ap-
proach, with particularly notable improvements in previously
unseen environments. Specifically, FILD-Nav achieves a 7%
gain in Oracle Success Rate (OSR), a 2% increase in Suc-
cess Rate (SR), and a 3% improvement in Success weighted
by Path Length (SPL). These results indicate that FILD-Nav
exhibits strong generalization capability and competitiveness
when navigating novel and complex environments.
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