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Abstract

While natural language is commonly used to guide em-
bodied agents, the inherent ambiguity and verbosity of lan-
guage often hinder the effectiveness of language-guided nav-
igation in complex environments. To this end, we propose
Visual Prompt Navigation (VPN), a novel paradigm that
guides agents to navigate using only user-provided visual
prompts within 2D top-view maps. This visual prompt pri-
marily focuses on marking the visual navigation trajectory on
a top-down view of a scene, offering intuitive and spatially
grounded guidance without relying on language instructions.
It is more friendly for non-expert users and reduces interpre-
tive ambiguity. We build VPN tasks in both discrete and con-
tinuous navigation settings, constructing two new datasets,
R2R-VP and R2R-CE-VP, by extending existing R2R and
R2R-CE episodes with corresponding visual prompts. Fur-
thermore, we introduce VPNet, a dedicated baseline network
to handle the VPN tasks, with two data augmentation strate-
gies: view-level augmentation (altering initial headings and
prompt orientations) and trajectory-level augmentation (in-
corporating diverse trajectories from large-scale 3D scenes),
to enhance navigation performance. Extensive experiments
evaluate how visual prompt forms, top-view map formats, and
data augmentation strategies affect the performance of visual
prompt navigation.

Code — https://github.com/farlit/VPN

Introduction

Developing robots that can navigate based on human in-
structions has been a continuous research focus in arti-
ficial intelligence (AI) and robotics. Towards this goal,
the research community has developed successive naviga-
tion paradigms spanning from PointGoal navigation (Point-
Nav) (Gupta et al. 2017) and ImageGoal navigation (Ima-
geNav) (Zhu et al. 2017) to more complex formulations in-
cluding object navigation (ObjectNav) (Savva et al. 2017),
vision-and-language navigation (VLN) (Anderson et al.
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(a) Language: Go through the living room ... then to the kitchen. Stop in front
of the window beside the kitchen countertop. @) = Ambiguity and verbosity

Clear and straightforward
Rich navigation cues

. .
e- Limited navigation cues <

Figure 1: Illustration of three types of visual navigation
tasks. Compared to both language-based and image-goal in-
structions, visual prompt instructions provides clearer and
more interpretable guidance.

2018b). Despite significant progress in these visual naviga-
tion paradigms, they still have some limitations.

As Figure 1 illustrates, natural language often falls short
in precisely specifying navigation trajectories. This is partic-
ularly evident when describing object positions, directional
transitions, or distance relationships (Chang et al. 2024).
Furthermore, the pursuit of linguistic precision through ex-
haustive description inevitably leads to prohibitive verbosity.
This exposes an inherent dilemma in human-robot interac-
tion: linguistic precision often comes at the cost of exces-
sive verbosity (Bonarini 2020; Wang et al. 2024a). However,
overly verbose language instructions often impose high de-
mands on users and result in poor user experiences. In con-
trast to language instructions, image goals offer more direct
and precise navigation targets. However, they suffer from
two key limitations: 1) Lack of intermediate cues. The ab-
sence of intermediate navigation cues makes it difficult for



agents to plan the correct route. 2) Impractical user demands.
The requirement to pre-capture a large number of goal im-
ages as various destination candidates imposes impractical
demands on usability.

Motivated by these findings, we propose a new navigation
paradigm, called Visual Prompt Navigation (VPN), which
guides robots in 3D environments using user-provided vi-
sual prompts within 2D top-view maps for navigation. Vi-
sual prompt navigation aims to explore a more user-friendly
interaction paradigm between users and navigation agents,
providing navigation commands by simple and intuitive vi-
sual prompts. It offers several key benefits: 1) High user
accessibility, allowing non-expert users to naturally spec-
ify navigation targets through clicking or drawing navigation
trajectories on a visualized interface (e.g., top-view image).
2) Rich spatial information, as the top-view map with visual
prompts inherently preserves complete spatial layouts and
contains rich spatiotemporal trajectory descriptions, provid-
ing robots geometry-aware guidance, as illustrated in Fig-
ure 1 (c). 3) High reusability, since such top-view maps
can be acquired through aerial photography by drone or
multi-view 3D scene reconstruction, and only need to be
constructed once for repeated use across different naviga-
tion episodes. We believe VPN offers an efficient and user-
friendly solution for robot navigation.

To verify the feasibility of using visual prompts as agent
navigation guidance, we explore two navigation settings:
the discrete VPN setting and the continuous VPN set-
ting (VPN-CE), transferred from the VLN benchmarks:
Room-to-Room (R2R) (Anderson et al. 2018b) and R2R-
CE (Krantz et al. 2020) datasets, respectively. In both set-
tings, we design visual prompts within 2D top-view maps,
where users can simply mark a sequence of key naviga-
tion waypoints, which are then connected by arrows to indi-
cate the expected navigation trajectory. Based on such visual
prompts, we construct two new datasets: R2R with visual
prompts (R2R-VP) and R2R-CE with visual prompts (R2R-
CE-VP), which serve as standardized benchmarks for VPN
tasks in discrete and continuous environments.

To tackle the VPN task, we propose a new method called
Visual Prompt Navigation Network (VPNet). In partic-
ular, we implement a discrete navigation setting of VP-
Net based on DUET (Chen et al. 2022b), and a continu-
ous navigation setting based on ETPNav (An et al. 2024),
where the original instruction encoders in both models are
replaced with a ViT-based (Dosovitskiy et al. 2020) en-
coder to encode top-view maps with visual prompts. Fur-
thermore, we introduce two data augmentation strategies to
enhance navigation performance: 1) View-level augmenta-
tion, which increases view diversity by randomly altering the
agent’s initial heading and rotating the visual prompt maps.
2) Trajectory-level augmentation, which increases trajectory
diversity by incorporating additional trajectories from both
MP3D (Chang et al. 2017) scenes and HM3D (Ramakrish-
nan et al. 2021) scenes. Besides, we validate how visual
prompt forms, top-view map formats, and data augmenta-
tion strategies affect VPN performance.

In summary, we make the following contributions:

* We propose a new navigation task, Visual Prompt Naviga-
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tion (VPN), which explores guiding the navigation agent
based on visual prompts, and construct two correspond-
ing datasets, R2R-VP and R2R-CE-VP, as standardized
benchmarks in discrete and continuous settings.

We introduce VPNet, a baseline model designed for the
VPN task, and incorporate two data augmentation strate-
gies, view-level augmentation and trajectory-level aug-
mentation, to enhance navigation performance.

Extensive experiments evaluate how visual prompt forms,
top-view map formats, and data augmentation strategies
affect the performance of visual prompt navigation.

Related Work

As VPN is a newly introduced task, we provide a brief
overview of several closely related studies in the areas of
visual navigation and visual prompt.

Visual Navigation requires the agent to utilize visual in-
formation to reach a specified destination. Based on the
form of input instructions, it can be broadly categorized
into five types: PointGoal navigation (PointNav) (Ander-
son et al. 2018a), object navigation (ObjNav) (Savva et al.
2017), vision-and-language navigation (VLN) (Anderson
et al. 2018b), visual audio navigation (VAN) (Chen et al.
2020) and ImageGoal navigation (ImageNav) (Zhu et al.
2017). Besides, FloNa (Li et al. 2025a) leverages floor plan
outlines to guide agent navigation, but it heavily relies on
accurate location information of both the agent and the des-
tination, similar to PointNav. In PointNav, the agent is pro-
vided with the relative direction and distance to the goal.
In contrast, our proposed VPN guides navigation solely via
visual prompts within 2D top-view maps. This design can
be seen as a hybrid of VLN and ImageNav: it combines the
spatiotemporal trajectory descriptions characteristic of VLN
with the intuitive visual presentation style of ImageNav.
Visual Prompt (Wu et al. 2024) has recently emerged as
a new paradigm that complements textual prompts by en-
abling more fine-grained, pixel-level instruction. Building
on this idea, several studies have introduced symbolic ele-
ments, such as numbers, sketches, and arrows, to enhance
natural language and improve the accuracy of Visual Ques-
tion Answering (VQA) (Yang et al. 2023; Cai et al. 2024).
Furthermore, recent works have explored the role of visual
prompts in embodied AI (EAI). One line of work leverages
generated visual prompts to improve agents’ planning capa-
bilities, including robotic manipulation (Lee et al. 2024; Liu
et al. 2024) and continuous VLN (Chen et al. 2025). How-
ever, they still rely primarily on natural language input, with
visual prompts serving only a supplementary role. Another
line of work, represented solely by RoVI (Li et al. 2025b),
uses hand-drawn symbolic representations as the sole form
of instruction for robotic manipulation. While the above
work has demonstrated the role of visual prompts in EAI,
using visual prompts as the sole instruction input in visual
navigation remains unexplored. Unlike the relatively static
scenes in robotic manipulation, the scenes in visual navi-
gation change continuously as the agent moves. Therefore,
in this work, we are the first to adopt a compact scene repre-
sentation using 2D top-view maps, where visual prompts are



Figure 2: Illustration of the process of constructing visual
prompts on 2D top-view map. The four subfigures are la-
beled (a)—(d) from left to right, top to bottom.

overlaid to serve as the sole guidance for agent navigation,
without relying on any textual information.

VPN Dataset

We transfer the VLN datasets Room-to-Room (R2R) and
R2R-CE to VPN tasks by replacing language instructions
with visual prompts in their navigation episodes, building
two new datasets for VPN: R2R-VP and R2R-CE-VP, cor-
responding to the discrete and continuous environments, re-
spectively. In this section, we detail the dataset construction
process and provide an analysis of these datasets.

Dataset Construction

As Figure 2 illustrates, we construct the R2R-VP and R2R-
CE-VP datasets through a four-step process: a) For each
episode in R2R and R2R-CE, we generate a 2D top-view
map of the corresponding scene from 90 MP3D (Chang et al.
2017) scenes, following a procedure similar to LED (Hahn
et al. 2020). b) We then compute the pixel coordinates of all
viewpoints on the top-view map and connect them sequen-
tially with arrows to represent the agent’s navigation trajec-
tory. c) Next, we apply a center-cropping operation to extract
a square region centered on the trajectory. The side length is
determined by the greater of the trajectory’s width or height,
plus an additional 60-pixel margin, ensuring the full trajec-
tory is included while maintaining spatial focus. d) Finally,
to remove unnecessary black borders and tightly fit the vi-
sual prompts, we detect the bounding box of all non-zero
pixels and crop accordingly. This process yields our two new
datasets: R2R-VP and R2R-CE-VP. To further improve gen-
eralization and coverage, we enrich the training datasets by
incorporating additional in-domain episodes from PREVA-
LENT (Hao et al. 2020) (based on MP3D scenes) and out-of-
domain episodes from ScaleVLN (Wang et al. 2023a) (based
on HM3D (Ramakrishnan et al. 2021) scenes).

Dataset Analysis

Table 1 summarizes the training dataset statistics for both
VLN and VPN tasks under discrete and continuous navi-
gation settings. It includes R2R, PREVALENT (constructed
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. VLN VPN
Dataset | Setting Scenes Episodes | Scenes Episodes
ROR Dis_crete 61 4,675 61 4,638
Continuous 61 3,603 60 3,597
PRE Disprete 60 178,270 60 177,134
Continuous - - 59 88,694
SCA Discrete 1289 4,941,710 | 523 1,600,945

Table 1: Statistics of training datasets for VLN and VPN
tasks under discrete and continuous navigation settings.
“PRE” denotes the PREVALENT dataset. “SCA” denotes
the ScaleVLN dataset.

from MP3D scenes), and ScaleVLN (built from both HM3D
and Gibson (Xia et al. 2018) scenes). In the ScaleVLN
dataset used for VPN, we retain 523 scenes from HM3D for
training. In general, certain entries under VPN contain fewer
scenes or episodes compared to VLN, mainly due to two rea-
sons: 1) Regarding scenes, some scenes are excluded due
to poor reconstruction quality in their corresponding top-
down maps, which makes them unsuitable for annotating re-
liable visual prompts. For MP3D, where each scene consists
of multiple floors with separate top-down views, we manu-
ally exclude floors with poor reconstruction. For the HM3D
scenes, we retain only the first floor, which generally has the
best reconstruction quality. We apply the above strategies to
transfer the VLN datasets to visual prompt navigation, in-
cluding R2R for both continuous and discrete settings, as
well as ScaleVLN and PREVALENT for the discrete set-
ting. 2) Regarding episodes, some episodes are excluded be-
cause certain viewpoints cannot be mapped to MP3D’s 3D
meshes (Krantz et al. 2020) under the continuous naviga-
tion setting. As a result, only valid viewpoints from R2R-CE
are retained, and any episodes with invalid viewpoints in the
PREVALENT dataset are discarded.

VPNet

Problem Formulation. In the discrete navigation setting of
VPN, the environment is an undirected navigation connec-
tivity graph G = (V, £), where V denotes navigable nodes
and & represents the edges indicating connectivity between
nodes. Starting from an initial node and guided by visual
prompts, the agent is required to explore the graph G and
navigate to the target node. The visual prompt embeddings
P = {vp;};", are encoded by a ViT-based (Dosovitskiy
et al. 2020) encoder. At each time step ¢, the agent observes
panoramic views V; = {v;;}" ;. The agent is aware of a
few navigable views N(V;) C V;, each corresponding to a
neighboring node and its spatial coordinates.

VPN in continuous environments (VPN-CE) is estab-
lished over Habitat (Savva et al. 2019) simulator. At each
navigation step, we employ a pretrained waypoint predic-
tor (Hong et al. 2022) to generate navigable waypoints in
continuous environments, thereby aligning the task formu-
lation with that of VPN in discrete environments.
Overview. We propose the Visual Prompt Navigation Net-
work (VPNet) to address the newly introduced VPN task.
Specifically, VPNet is based on DUET (Chen et al. 2022b) in
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Figure 3: Illustration of VPNet. “vp,” denotes token corre-
sponding to visual prompts. “stop” indicates the token for
the stop action, and “nav,” represents token corresponding
to navigable candidate.

the discrete navigation setting and ETPNav (An et al. 2024)
in the continuous navigation setting. The architecture of VP-
Net, as illustrated in Figure 3, comprises three main compo-
nents: a ViT-based Visual Prompt Encoder, a Node Embed-
ding module, and a Graph-aware Cross-modal Encoder.

Visual Prompt Processing

To ensure consistent input size, all 2D top-view maps with
visual prompts are resized to 224 x 224. To account for floor
transitions caused by actions like ascending or descending
stairs, we introduce an Order-Aware Floor Concatenation
(OAFC), which concatenates visual prompt features while
preserving their traversal order. Among 90 MP3D scenes,
32 have one floor, while the rest span multiple: 32 (2 floors),
17 (3), 8 (4), and 1 (5). In contrast, all 523 HM3D scenes
used for training are single-floor. The final prompt feature
extraction is defined as:

P? = ViT(P;) + b; 1)

P =[Py, Ps, ..., Pi] 2)

where P; represents the i-th input visual prompt map, b; de-
notes the order embedding encoding the traversal sequence

of floors, and k denotes the total number of input visual
prompt maps corresponding to the navigation trajectory.

Topological Mapping

Since the agent has no prior knowledge of the environment
graph G, it incrementally constructs a topological graph
based on observations gathered during navigation. At each
time step ¢, the graph G; = {V;, & | Vi TV, & C £} com-
prises three types of nodes: the current node, visited nodes,
and navigable nodes. The agent accesses panoramic views
at current and visited nodes, and partial views of naviga-
ble nodes observed from current or previously visited lo-
cations. The current node V; and its neighboring unvisited
nodes N (V;) are added to V;_1 to update V;.

Node Embedding. Each node in the current and visited set
is represented by aggregating the features of its panoramic
views. Each view W/, is computed as the sum of three com-

W

ponents: the visual features W7, a direction embedding Wi‘j-
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that encodes the relative orientation between the view and
the agent’s egocentric perspective, and a navigability type
embedding W} indicating whether the view leads to at least
one adjacent, traversable node. The panoramic view encoder
(a two-layer transformer) is then applied over all views of
the node to capture inter-view contextual information, re-
sulting in the contextual view representations W;:

W), = LN(W}, + Wik + W) (3)

W,; = SelfAttn(W/) 4)

where ¢ indexes the node in V;, j indexes the view within
that node, LN(:) and SelfAttn(-) denote layer normaliza-
tion and the self-attention mechanism. For current and vis-
ited nodes, W; = (Wil, Wa, ..., W) denotes the con-
textual representations of all n panoramic views. For navi-
gable nodes, which are only partially observed from visited
or current locations, W; is constructed using the available
subset of views with valid visual features W;’. The current
node is represented by averaging its local view features. Vis-
ited nodes retain their previously computed features. Navi-
gable nodes are represented by averaging all partially ob-
served views collected throughout the trajectory. In addition
to view-based features, each node is further enriched with
a step embedding V;; encoding the agent’s visitation order,
and a position embedding V}, capturing spatial distance and
orientation relative to other nodes. For unexplored nodes, the
step embedding is set to 0. A special “stop” node is added
to the graph to represent the stop action. The final node em-
bedding is computed as:

s BN
i=

where Vy; is the i-th node in Vy = Vi1, Vo, - -
is the total number of nodes at time ¢.

s Vi), and v

Graph-Aware Navigation Policy

Graph-Aware Cross-Modal Encoder. After obtaining the
visual prompt embeddings P and node embeddings V;, we
feed them into a multi-layer cross-modal graph transformer
to model their interactions. Specifically, each transformer
layer comprises a cross-attention layer to model the rela-
tions between visual prompts P and nodes V;, followed by
a graph-aware self-attention (GASA) layer, which considers
both visual similarity and spatial distances between nodes to
obtain graph-aware node representations:

X = CrosAttn(V;, P)

XW, (XW3,)T
Vd

where CrosAttn(-) denotes the cross-attention mechanism,
X represents the stack of all node embeddings refined via
cross-attention, F' is the pair-wise distance matrix obtained
from &, and W,, Wi, Wy, W, are learnable matrices. The
final visual-prompt aware representations of nodes are for-
mulated as © = (stop, navy, navs, . . ., nav, ), where v indi-
cates the total number of nodes in V.

(©)

GASA(X) = Softmax( +EW)XW, (7)



Figure 4: Illustration of prompt-view augmentation (left)
and agent-view augmentation (right). The left side shows ro-

tated 2D top-view maps with visual prompts at 0, 7, 7, and

37”. The right side shows the corresponding first-person ob-

servations when the agent starts with 0, Z, 7, and 37”

DR

Global Action Prediction. We apply a two-layer feed-
forward network (FFN) to predict the navigation score s;
for the node representation 0;:

s¢ = FFN(d;) ®)

where it is worth noting that s{ represents the stop score. To
avoid redundant revisits and promote exploration, we mask
the scores of previously visited nodes and the current node.
The agent then chooses the highest-scoring candidate, either
a navigable node or the “stop” node, and navigates to it via
the shortest path in the topological graph G;.

Data Augmentation

To further enhance navigation performance, we introduce
two data augmentation strategies.

Trajectory-Level Augmentation. To enhance trajectory di-
versity, we introduce trajectory-level augmentation by incor-
porating additional navigation episodes from in-domain and
out-of-domain environments. Here, in-domain refers to en-
vironments included in the R2R training set, while out-of-
domain refers to those that are not. Specifically, we include
in-domain trajectories from the PREVALENT dataset (Hao
et al. 2020), which are based on 60 MP3D (Chang et al.
2017) scenes (Chang et al., 2017), as well as out-of-domain
trajectories from the ScaleVLN dataset (Wang et al. 2023a),
which are constructed using 523 HM3D (Ramakrishnan
et al. 2021) scenes. This augmentation strategy enriches the
training data with diverse navigation paths, thereby expand-
ing coverage across different scene types and improving the
agent’s robustness to domain shifts.

View-Level Augmentation. As shown in Figure 4, we in-
troduce two view-level augmentation strategies: 1) Prompt-
view augmentation diversifies visual prompts by randomly
rotating the 2D top-view maps by 0, %, 7, or 37” 2) Agent-
view augmentation enhances the diversity of initial obser-
vations by randomly sampling the agent’s heading from
[0, 27). Agent-view augmentation is particularly suitable for
VPN tasks, where the initial heading is independent of the
visual prompt. In contrast, for VLN tasks, instructions may
implicitly specify the agent’s initial orientation, making such
augmentation less applicable.
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Training

Behavior cloning (BC) ¢ often suffers from distribution
shifts between training and testing phases. To mitigate this
issue, we fine-tune the VPNet using supervision from a
pseudo interactive demonstrator ¢*, following the DAgger
algorithm (Ross, Gordon, and Bagnell 2011). The final loss
combines Behavior cloning and DAgger supervision:

T

Loc =Y —log p(af|P,Gr) ©)
t=1
T *
Loag = »_ —log p(a;” [P, G}) (10)

t=1

where aff’ denotes the ground truth action, af’* represents
the pseudo label, defined as the next node on the shortest
path to the destination, computed over the partial graph G;
constructed by the agent via on-policy action sampling. The
overall loss is defined as £ = ALgc + (1 — \)Lpag, Where
A is a weighting factor that balances the two objectives.

Experiments
Datasets and Evaluation Metrics

We train our model using visual prompt maps corresponding
to trajectories selected from the training split of R2R (An-
derson et al. 2018b) and R2R-CE (Krantz et al. 2020),
PREVALENT (Hao et al. 2020), and ScaleVLN (Wang et al.
2023a) datasets. For details on the validation and test splits,
please refer to the appendix.

Implementation Details

Features. We adopt the ViT-B/16 (Dosovitskiy et al. 2020),
pretrained on ImageNet (Deng et al. 2009), to extract the
panoramic view features W}, for each view in panoramas
and to encode the visual prompt map P; for each navigation
episode across all datasets.

Model Architecture. We use 12, 2, 4, and 4 transformer
layers for the visual prompt encoder (ViT-B/16), panoramic
view encoder, graph-aware cross-modal encoder, and lo-
cal cross-modal encoder (see the appendix for details), re-
spectively, all with hidden size 768. VPNet includes both
cross-modal encoders in discrete environments, but only the
graph-aware encoder is used in continuous environments.
We set A to 0.5 for both VPN and VPN-CE.

Training Details. For the VPN task, we train VPNet on the
R2R-VP dataset along with additional episodes extracted
from PREVALENT and ScaleVLN. VPNet is trained for
400k iterations on a single NVIDIA RTX A5000 GPU using
a batch size of 10 and a learning rate of 1.5e-5. For the VPN-
CE task, VPNet is trained on R2R-CE-VP and episodes ex-
tracted from PREVALENT, using a total batch size of 16
across two NVIDIA RTX A5000 GPUs for 400k iterations,
with a learning rate of le-5.



Methods

R2R/R2R-VP Val Seen

R2R/R2R-VP Val Unseen R2R/R2R-VP Test Unseen

NE| OSRT SRt SPLt NE, OSRT SRt SPLt NE| OSRT SR{ SPLt

Vision-and-Language Navigation Evaluated on R2R in Discrete Environments:

Seq2Seq (Anderson et al. 2018b)  6.01 53 39 - 781 28 21 - 785 27 20 -
RCM (Wang et al. 2019) 353 75 67 - 609 50 43 -  6.12 50 43 38
PREVALENT (Hao et al. 2020)  3.67 - 69 65 4.71 - 58 53 530 6l 54 51
VLNOBERT (Hong et al. 2020) 290 - 72 68 3.93 - 63 57 4.09 70 63 57
HAMT (Chen et al. 2021b) 2.51 - 76 72229 - 66 61 393 72 65 60
DUET (Chen et al. 2022b) 2.28 86 79 73 331 81 72 60 3.65 76 69 59
BEVBert (An et al. 2022) 2.17 88 81 74 281 84 75 64 3.13 81 73 62
GridMM (Wang et al. 2023b) - - - - 2.83 - 75 64 3.35 - 73 62
Lily (Lin et al. 2023) - - - - 2.90 - 74 62 344 - 72 60
ScaleVLN (Wang et al. 2023a) 2,12 87 81 75 2.09 88 81 70 227 86 80 70
NaviLLM (Zheng et al. 2024) - - - - 3.51 - 67 59 371 - 68 60
NavGPT-2 (Zhou et al. 2024) 1.78 88 81 75 313 81 72 61 335 78 71 60
VER (Liu, Wang, and Yang 2024) - - - - 2.80 - 76 65 2.74 - 76 66
MAGIC (Wang et al. 2024b) 1.73 89 84 80 222 86 79 70 275 82 77 69
SRDF (Wang et al. 2024d) - - - - 1.62 90 86 79 1.82 89 85 78
DUET (R2R+PRE) 228 86 79 73 331 81 72 60 3.65 76 69 59
DUET (R2R+PRE+SCA) 212 87 81 75  2.09 88 81 70 227 86 80 70
Visual Prompt Navigation Evaluated on R2R-VP in Discrete Environments:

VPNet (R2R) 337 7241 66.69 62.13 5.43 59.53 51.23 4347 5.11 6233 5240 42.87
VPNet (R2R+PRE) 0.05 100 100 99.77 2.18 76.76 65.92 56.17 194 7821 66.38 56.26
VPNet (R2R+PRE+SCA) 0.14 99.41 9941 99.08 048 9745 96.68 94.84 0.31 98.56 97.56 94.60

Table 2: Performance comparison between VPNet and existing VLN methods in discrete environments. “PRE” denotes the
PREVALENT dataset. “SCA” denotes the ScaleVLN dataset. Best results are marked in bold and second best are underlined.

Val Seen Val Unseen
Methods

NE| SRT SPLtT NE| SRt SPLt
VLN-CE Evaluated on R2R-CE:
Seq2Seq (Krantz et al. 2020) 7.12 37 35 7.37 32 30
CMTP (Chen et al. 2021a) 7.10 36 31 790 26 23
WPN (Krantz et al. 2021) 5.48 46 43 6.31 36 34
LAW (Raychaudhuri et al. 2021)  6.35 40 37 6.83 35 31
CM2 (Georgakis et al. 2022) 6.10 43 35 7.02 34 28
WS-MGMap (Chen et al. 2022a)  5.65 47 43 6.28 39 34
Sim2Sim (Krantz and Lee 2022) 4.67 52 44 6.07 43 36
CMA (Hong et al. 2022) 520 51 45 620 41 36
GridMM (Wang et al. 2023b) 421 59 51 5.11 49 41
ETPNav (An et al. 2024) 3.95 66 59 471 57 49
ERG (Wang et al. 2024c) 5.04 46 42 6.20 39 35
NaVILA (Cheng et al. 2024) - - 522 54 49
ETPNav (R2R+PRE) 3.95 66 59 4.71 57 49
VPN-CE Evaluated on R2R-CE-VP:
VPNet (R2R) 475 6124 5588 6.14 4209 36.16
VPNet (R2R+PRE) 230 84.11 78.15 6.10 4796 41.51

Table 3: Performance comparison between VPNet and exist-
ing VLN methods in continuous environments.

Main Results

Tables 2 and 3 compare VPNet in VPN with prior VLN
methods and highlight the benefits of trajectory-level data
augmentation. Adding PREVALENT trajectories notably
improves performance on both val seen and unseen splits,
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with VPNet achieving 100% on SR in the discrete environ-
ment and 84.11% in the continuous environment (val seen).
Further incorporating trajectories from ScaleVLN leads to
96.68% on SR in the discrete environment (val unseen). No-
tably, as shown in Table 2, VPNet in the VPN setting out-
performs DUET in VLN while using only 1,600,945 tra-
jectories from ScaleVLN, compared to DUET’s 4,941,710,
as reported in Table 1. These results highlight the data effi-
ciency of scaling within the VPN framework, which refers
to its ability to achieve strong performance with less train-
ing data, and further demonstrate the effectiveness of visual
prompts in guiding robot navigation.

Ablation Study

The Effect of Different Types of Visual Prompts. As
shown in row (e) of Table 4, the visual prompt consisting
solely of lines outperforms that in row (d), which combines
both lines and text. This is because the lines provide enough
spatiotemporal guidance, while the text may obscure some
details around the navigation waypoints. We attribute the
poor performance of row (a) to the absence of trajectory-
centered cropping, which causes episodes from the same
scene to share identical top-view maps despite following dif-
ferent visual trajectories. This not only makes the VPNet
prone to overfitting on the limited and unvarying top-view
maps but also leads to underfitting of the crucial visual tra-
jectory information. Interestingly, row (b), which only uses
cropped top-view maps without including visual trajectories,



Figure 5: Ilustration of different 2D top-view maps with vi-
sual prompts. The six subfigures are labeled (a)—(e) from left
to right, top to bottom.

TVP Val Seen Val Unseen
NE| SRT SPLt NE| SRT SPLT
(a) 6.86 31.68 28.63 7.07 33.94 29.36
(b) 1.47 83.56 78.64 5.51 45.83 36.78
(c) 1.04 88.29 83.37 5.13 50.18 40.54
(@ 0.79 95.74 91.93 3.74 65.36 54.81
(e) 0.05 100 99.77 2.18 65.92 56.17

Table 4: Ablation study results on different types of visual
prompts in discrete environments. “TVP” denotes the types
of visual prompts, corresponding to subfigures in Figure 5.

VLDA | Ty NE| OSRT SRY SPL1
None 11.47 1.69 90.75 86.33 82.92
Agent view 12.14 148 92.56 88.18 85.02
Prompt view 10.04 0.62 97.28 96.41 94.37
Both 9.92 0.48 97.45 96.68 94.84

Table 5: Ablation study results on different combinations of
view-level data augmentation (VLDA).

still achieves decent performance. We speculate that the nav-
igation model may still be able to infer the approximate des-
tination area from the cropped top-view map (similar to the
image goal in the ImageNav task). However, due to the ab-
sence of explicit guidance from visual trajectories, its overall
performance remains limited.

The Effect of View-Level Data Augmentation. As shown
in Table 5, it is evident that both Prompt-view and Agent-
view augmentations (Section ) lead to improvements in per-
formance. Notably, rotating the visual prompt yields sig-
nificantly greater gains compared to randomly altering the
agent’s initial heading. This phenomenon remains consis-
tent with our findings in Section that increasing the scale
and diversity of top-view map data contributes significantly
to improved navigation performance.
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Figure 6: Illustration of visual prompt maps with different
types of noise. From left to right, subfigures (a)—(c) repre-
sent: (a) the original visual prompt map, (b) the map with
20% of its pixels replaced by salt-and-pepper noise, and (c)
the map with the first-step visual cue removed.

Noisetype | TL{ NE{ OSRT SRY SPLY
(a) 9.92 0.48 97.45 96.68 94.84
() 173 124 9353 9034 85.40
© 12.48 2.13 89.31 85.97 74.98

Table 6: Evaluation of VPNet under different noise types
corresponding to subfigures (a)—(c) of Figure 6.

Encoder setting ‘ TLJ NEJ OSR?T SRT SPLT
ViT-1k& ViT-1k 9.78 0.50 96.93 96.17 94.60
VIiT-21k&ViT-1k 9.75 0.45 97.13 96.36 94.37
ViT-21k& ViT-21k 9.92 0.48 97.45 96.68 94.84

Table 7: Ablation on encoder pairs: the left of “&” encodes
visual prompts, the right encodes scene observations. “ViT-
21k” is pretrained on ImageNet-21k, “ViT-1k” is further
fine-tuned from “ViT-21k” on its subset, ImageNet-1k.

Noise Robustness Analysis of VPNet. As shown in Ta-
ble 6, we evaluate VPNet under different types of noise
corresponding to subfigures (a)—(c) in Figure 6, simulating
challenges such as low-quality top-view map reconstruc-
tions and inaccuracies in user-provided visual prompts. Al-
though performance drops under these perturbations, VP-
Net, trained on clean data, still maintains strong results. This
demonstrates its robustness to reconstruction-induced noise
and user-induced inaccuracies.

The Effect of Different Encoder Settings. Table 7 suggests
that broader pretraining benefits visual understanding.

Conclusion

We present Visual Prompt Navigation using 2D top-view
prompts to guide agents. We build benchmarks, propose VP-
Net, and validate its effectiveness in discrete and continuous
settings. Future work will explore extending VPN to real-
world environments.
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