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Abstract
Current Vision-and-Language Navigation (VLN)
tasks mainly employ textual instructions to guide
agents. However, being inherently abstract, the
same textual instruction can be associated with dif-
ferent visual signals, causing severe ambiguity and
limiting the transfer of prior knowledge in the vi-
sion domain from the user to the agent. To fill this
gap, we propose Vision-and-Language Navigation
with Multi-modal Prompts (VLN-MP), a novel task
augmenting traditional VLN by integrating both
natural language and images in instructions. VLN-
MP not only maintains backward compatibility by
effectively handling text-only prompts but also con-
sistently shows advantages with different quantities
and relevance of visual prompts. Possible forms
of visual prompts include both exact and similar
object images, providing adaptability and versatil-
ity in diverse navigation scenarios. To evaluate
VLN-MP under a unified framework, we imple-
ment a new benchmark that offers: (1) a training-
free pipeline to transform textual instructions into
multi-modal forms with landmark images; (2) di-
verse datasets with multi-modal instructions for
different downstream tasks; (3) a novel module de-
signed to process various image prompts for seam-
less integration with state-of-the-art VLN models.
Extensive experiments on four VLN benchmarks
(R2R, RxR, REVERIE, CVDN) show that incor-
porating visual prompts significantly boosts navi-
gation performance. While maintaining efficiency
with text-only prompts, VLN-MP enables agents
to navigate in the pre-explore setting and outper-
form text-based models, showing its broader ap-
plicability. Code is available at https://github.com/
honghd16/VLN-MP.

1 Introduction
With the booming of large language models (LLMs) [Brown
et al., 2020; Touvron et al., 2023], there is a growing inter-
est in employing natural language to guide embodied agents
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Original Instruction: “Go to the patio and bring me 
the wicker chair.”

Panoramic View

Which one is 
wicker chair?!

chair
chair

chair chair

Long Instruction: “Go to the patio and bring me the 
wicker chair. A wicker chair is furniture made from 
woven plant materials like willow or rattan.”

Too 
complicated?!

Multi-modal Instruction: “Go to the patio and bring 
me the wicker chair.                  ”

The left two 
chairs!!!

Figure 1: An example of the effectiveness of multi-modal prompts
for VLN. Initially, the agent struggles to identify the “wicker chair”
due to unfamiliarity. While detailed textual explanations can in-
crease comprehension challenges, introducing a visual prompt from
the web is convenient and simplifies the task significantly. In this
case, a photo of a wicker chair provides a clear, direct reference to
help the agent accurately identify the target object.

in executing various tasks [Huang et al., 2022]. Vision-and-
Language Navigation (VLN) [Anderson et al., 2018b] is a
representative example, demanding not only individual lan-
guage and vision understanding but also the co-grounding
between these two modalities. Numerous methods [Zhu et
al., 2020; Zhu et al., 2023; Wang et al., 2023a; Majumdar
et al., 2020; Wang et al., 2023b; Zhou et al., 2024] and
datasets [Jain et al., 2019; Krantz et al., 2020; Qi et al., 2020;
Ku et al., 2020] have been proposed to address different chal-
lenges in VLN.

Current VLN tasks mainly rely on natural language in-
structions. However, real-world navigation often involves
scenarios where images are crucial as guidance, providing es-
sential and convenient supplementary information to instruc-
tions, as shown in Fig. 1. These image-enhanced instructions
reduce the reliance on perfect language instructions and pro-
vide more precise path or destination depiction, thus help-
ing agent navigation. For example, a photo of the target ob-
ject can effectively supplement the language descriptions that
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might be ambiguous. Moreover, while detailed language in-
structions are challenging to formulate, combining simple en-
vironmental photos with brief descriptions can create efficient
multi-modal guidance. Such multi-modal prompts are stan-
dard practices in human navigation, whether when using apps
like Google Maps or capturing images for complex descrip-
tions. The ubiquity of cameras and smartphones has made
acquiring these images practical and accessible, yet this set-
ting remains under-explored in existing VLN research.

To address this, we introduce a novel task, Vision-and-
Language Navigation with Multi-modal Prompts (VLN-MP),
in which agents navigate with instructions that combine vi-
sual signals and natural language. Considering the varying
quantity and quality of visual prompts in applications, we
propose three distinct settings—Aligned, Related, and Termi-
nal—to accommodate different scenarios. The Aligned set-
ting needs multiple actual images, while the other two set-
tings only demand similar views or a single view of the desti-
nation. Agents in VLN-MP are expected to be versatile across
diverse image prompt modes, covering these three settings
and handling varying numbers of images. VLN-MP works
as an advancement over traditional VLN, enabling models to
still operate effectively with textual instructions alone, yet
achieving enhanced performance when supplemented with
various image prompts, even a single image.

To facilitate research in VLN-MP, we propose a new
benchmark with several essential components. Recogniz-
ing the importance and prevalence of landmarks in nav-
igation [Yesiltepe et al., 2021; He et al., 2021], we fo-
cus on landmarks within instructions as the primary source
of visual prompts. To transform textual instructions into
multi-modal forms, we introduce a universal data generation
pipeline leveraging large pre-training models [OpenAI, 2023;
Li et al., 2022c] to realize landmark phrase extraction, land-
mark detection, image selection, and data augmentation. Ap-
plying this pipeline to existing VLN datasets, we gener-
ate their corresponding multi-modal instruction datasets with
various settings to assess agent adaptability to different im-
age prompt modes. Furthermore, we develop a novel mod-
ule, Multi-modal Prompts Fusion (MPF), which integrates
features from visual prompts and text tokens in a unified em-
bedding space. MPF is compatible with state-of-the-art VLN
models like HAMT [Chen et al., 2021] and DUET [Chen et
al., 2022] for enhanced navigation performance.

We conduct extensive experiments on four datasets—R2R,
RxR, REVERIE, and CVDN—to demonstrate that agents
trained in VLN-MP improve navigation performance across
different image prompt settings while maintaining robustness
in traditional VLN tasks. Through these experiments, we also
provide valuable insights on leveraging multi-modal instruc-
tions to boost agent generalizability. Additionally, training
agents under the VLN-MP paradigm prepares them for appli-
cation in the pre-explore setting of VLN, where they outper-
form agents trained under the original setup.

2 Related Work
Vision-and-Language Navigation. In VLN, agents navi-
gate to a target destination following natural language in-

structions within simulated environments such as Matter-
port3D [Chang et al., 2017]. Since the introduction of the
Room-to-Room (R2R) dataset [Anderson et al., 2018b], nu-
merous tasks and datasets have been developed to address
various challenges and scenarios for instruction following
agents. Ku et al. [Ku et al., 2020] proposed Room-across-
Room (RxR), a multilingual dataset featuring fine-grained in-
structions and pose traces of annotators. REVERIE [Qi et al.,
2020] was presented in which instructions only describe the
target location and object rather than providing step-by-step
guidance. Thomason et al. [Thomason et al., 2020] devel-
oped the first vision-and-dialogue navigation dataset, CVDN,
which requires agents to learn from the dialogue history and
ask for assistance during navigation. Liu et al. [Liu et al.,
2023b] extends the VLN setting from ground scenarios to the
sky and proposes the AerialVLN task with UAV-based en-
vironments. However, these works are confined to text-only
instructions, while our work serves as the first paradigm to
facilitate the use of multi-modal instructions in VLN.

Landmarks in VLN. Previous research has highlighted the
significance of landmarks and extensively employed them
in navigation agents [Berg et al., 2020; Yesiltepe et al.,
2021]. In VLN, landmarks have been used for navigation
graph construction [Hong et al., 2020], instruction and tra-
jectory decomposition [He et al., 2021], and instruction gen-
eration [Wang et al., 2022]. GELA [Cui et al., 2023] in-
troduces the human-annotated entity-landmark dataset GEL-
R2R to enhance cross-modal alignment of agents. Wang et
al. [Wang et al., 2022] also incorporated landmark images to
generate multi-modal instructions. However, our work differs
in two key ways. Firstly, while they aim at producing novel
textual instructions, we emphasize multi-modal instructions
as the direct prompt for navigation. Secondly, unlike their
strict requirements, our work allows for a broader range of
landmark image quality and quantity.

Multi-modal Prompts. Multi-modal prompts have gained
increasing popularity for their superior expressive power over
single-modality and uniform input interfaces for training Vi-
sual Language Models (VLM). Flamingo [Alayrac et al.,
2022] leverages large-scale multi-modal web corpora con-
taining interleaved text and images to complete various tex-
tual tasks with few examples. VIMA [Jiang et al., 2022] es-
tablishes the first robot learning benchmark for multi-modal-
prompted tasks, providing corresponding models, datasets,
and evaluation protocols. MaPLe [Khattak et al., 2023] incor-
porates multi-modal prompt learning into CLIP [Radford et
al., 2021] to enhance model generalization, though its focus
remains on classification tasks and can not manage complex
instructions or detailed panoramas. Our work contributes to
the VLN task, where multi-modal instructions are rarely stud-
ied but hold significant importance.

3 VLN-MP Task
3.1 Task Definition
In VLN, an agent needs to navigate towards a target
destination following a natural language instruction x̂ =
(x1, x2, ..., xL) with L words. At each timestep t, the agent
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“Walk on the right side of the ①table, through the ②doorway on the right, turn left at the ③round table, walk over the 
④carpet, past the ⑤stairs and through the ⑥doorway, continue straight through the ⑦doorway and stop at the ⑧carpet.”R2R

Related

Aligned

R2R-MP ①table ②doorway ③round table ④carpet ⑤stairs ⑥doorway ⑦doorway ⑧carpet

Terminal

Figure 2: An example of the R2R instruction and the landmark images in three settings of R2R-MP. The aligned setting (green) provides suf-
ficient highly grounded landmark images. The related setting (yellow) presents similar images associated with the phrase but not necessarily
the instruction, like the same image for two carpets. The Terminal setting (blue) includes only an image of the last landmark.

observes its surroundings through a panoramic representation
comprising N = 36 views Ot =

{
oit
}N

i=1
. Each view oit

includes an RGB image Iit and directional details of head-
ing θit and elevation ϕi

t angles of its current node Vt. Based
on its policy π, the agent decides on an action at to transi-
tion to one of the neighboring nodes N (Vt) by selecting the
view that aligns best with the target node. In this process,
visual and textual signals are separate: the visual ones con-
stantly change during navigation, while the textual input re-
mains static, serving as the human-agent interface. However,
in real-world navigation, images are often employed as part
of the instructions, providing essential supplementary infor-
mation. This problem is ignored by current VLN works, com-
plicating human-agent communication and preventing agents
from using image prompts to improve performance.

Therefore, we propose the Vision-and-Language Naviga-
tion with Multi-modal Prompts (VLN-MP) task first to con-
sider multi-modal instructions in navigation. Assume we
provide n images (I1, I2, ..., In) corresponding to n phrases
(z1, z2, ..., zn) within instruction x̂. Each phrase zi is repre-
sented as zi = xstarti:endi

, where xi:j = (xi, xi+1, ..., xj)
denotes words from position i to j. By inserting images next
to corresponding phrases, the textual instruction x̂ is trans-
formed into the multi-modal form:

x̄ = (x1:end1
, I1, xend1+1:end2

, I2, ..., In, xendn+1:L) (1)

The agent receives x̄ instead of x̂ as navigation guidance, with
others the same as in VLN. Here we focus on scenarios where
each phrase is paired with a single image.

3.2 Image Prompt Settings
Due to varying difficulties in acquiring images, agents may
be provided with visual prompts of different numbers and
qualities, ranging from one similar image from the web to
sufficient actual images from cameras. To enable agents
to adapt to such variations, we propose three different set-
tings for VLN-MP based on the number and relevance of the
prompt images in the instructions: Aligned, Related, and
Terminal. The Aligned setting aims to provide precise and
abundant prompts with two criteria. Firstly, each image Ii
should be aligned with the actual view that the phrase zi de-
scribes. Secondly, the number of images n should be large

enough to cover the entire instruction. The Related setting re-
laxes the first requirement and only demands Ii related to the
phrase, aiming to facilitate instruction understanding without
requiring perfect alignment. The Terminal setting removes
the second requirement, providing only one image depicting
the view around the destination. This setting helps agents tar-
get the stop position and accomplish object-centric tasks such
as object navigation [Zhu et al., 2021]. Besides these settings,
we also randomly vary the number of visual prompts to fur-
ther evaluate agent adaptability.

4 Benchmark Implementation
In this section, we introduce the proposed benchmark of
VLN-MP in detail, including the data generation pipeline,
four novel datasets, and the MPF module.

4.1 VLN-MP Data Generation Pipeline
To utilize textual instructions in VLN, we propose a novel
data generation pipeline to transform them into multi-modal
forms, as shown in Fig. 3. Using large pre-training models,
our pipeline can be applied to VLN datasets both generally
and efficiently without extra training.

Extraction. Extracting landmark phrases from instructions
is a crucial first step, as its results will impact all subsequent
processes. Fortunately, large language models excel in this
task. Previous work [Wang et al., 2022] employed a BERT-
based parser [Devlin et al., 2019] but still misidentified irrele-
vant words as landmarks. Moreover, some landmark phrases
are not suitable for detection within environments. To im-
prove accuracy and accommodate subsequent stages, we uti-
lize the advanced GPT-4 model [OpenAI, 2023] from OpenAI
with specially crafted prompts to perform the extraction.

Detection. With the landmark phrases, we detect potential
entities in the environment, a task requiring phrase ground-
ing or open-vocabulary object detection. Our strategy in-
volves selecting different models based on the instruction
type. For object-centered instructions or short instructions,
we use GroundingDINO [Liu et al., 2023a], known for its
high accuracy in detecting specific object names. For de-
tailed and lengthy instructions, we choose the GLIP [Li et al.,
2022c] model, which excels in phrase grounding and is more

Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

841



Stage 1: Extraction

Instruction: … Walk past the sink and stove area …

GPT-4

Prompt Template

Landmarks: (… sink, stove area, …)

Stage 4: Augmentation

ControlNetPrompt Template

Translated Landmark Phrase
M-LSD

Landmark Image

Augmented Images

(“dining table”)

Stage 2: Detection

Detection
Model

Landmark Phrase

Images in 
Walk Path

Score

Image

Bounding box

N x

Translation API

E.g., dining table

Stage 3: Alignment

A B C

… … …

Phrases: 

Candidate Images:

Adaptive Bidirectional Beam Search

Aligned Images:

𝑺𝒂𝒍𝒍 = 𝑺𝒔 + 𝜷𝟎 × 𝑺𝐝
𝑨𝒗𝒈

+ 𝜷𝟏 × 𝑺𝐛
𝑨𝒗𝒈

Figure 3: Four stages of our data generation pipeline for transform-
ing textual instructions into multi-modal forms.

suitable for objects contextualized within phrases. Specifi-
cally, we use the chosen model in a zero-shot manner to scan
all images along the path (N1, N2, ..., Nm) consisting of m
nodes, and generate multiple candidates for each landmark
phrase zi. The resulting candidates C are represented in tri-
ads C = (S, I,B), where S is the detection score, I is the
detected image, and B indicates the bounding box.

Alignment. In this stage, we select the most suitable image
from numerous candidates for each phrase based on different
settings. In the Related setting, we choose the image with
the highest detection score by i∗ = argmaxj∈[1,ki] S

i
j for zi,

corresponding to the scenario of choosing a similar picture
from the surroundings or the web. For the Aligned setting, we
use the order of landmarks in the instruction to guide our se-
lection, prioritizing images that appear in the same sequence.
We apply the Kendall rank correlation coefficient to measure
this alignment as the sequence score Ss = 4×c

n×(n−1) − 1,
where c is the number of concordant pairs (Ii ≤ Ij for any
1 ≤ i < j ≤ n). Additionally, we introduce the bounding
box score Sb to prioritize larger images for more details. The
final score for selecting images is a combination of detection
score Sd, sequence score Ss, and bounding box score Sb:

Sall = Ss + β0 × SAvg
d + β1 × SAvg

b (2)

For lengthy instructions, we propose an adaptive bidirectional
beam search to find the best image combinations from vast

search space efficiently. For the Terminal setting, we directly
use the image of the last landmark from the Aligned setting.

Augmentation. A notable advantage of visual prompts is
the ease and diversity of data augmentation compared to nat-
ural language. Unlike previous studies [Liu et al., 2021;
Li et al., 2022b], we employ ControlNet [Zhang et al., 2023]
to generate Naug novel images based on the line segments of
the landmark images from M-LSD [Gu et al., 2022]. This
operation aims to maintain the coarse-grained features like
shape and layout consistent with the visual observations while
altering fine-grained details like texture and color to enrich vi-
sual prompts. These images serve as augmented multi-modal
instructions during training to enhance the dataset diversity
and improve the model’s generalizability.

4.2 Datasets for VLN-MP
We apply our pipeline to four popular VLN
datasets—R2R [Anderson et al., 2018b], RxR [Ku et al.,
2020], REVERIE [Qi et al., 2020], and CVDN [Thomason
et al., 2020]—generating their corresponding multi-modal
versions, denoted with the suffix “-MP”.

R2R-MP. R2R includes 17,409 instructions 1 for short
paths in the Matterport3D dataset [Chang et al., 2017]. Each
instruction details the route from start to finish and con-
tains several landmark phrases. Using GroundingDINO, our
pipeline produces 17,328 multi-modal instructions, with only
0.4% of instructions failing to detect any landmark images.
The average number of landmarks for the Aligned setting is
4.15, reaching up to 18 in some instructions. An example of
the three settings in R2R-MP is shown in Fig. 2.

RxR-MP. RxR provides 101,932 instructions with three
languages, longer paths, more visible entities, and time align-
ment between words and virtual poses. We use our pipeline
with the GLIP model to generate 100,923 multi-modal in-
structions per setting. The Aligned setting has an average of
7.17 landmarks, with a maximum of 63. Additionally, we
integrated the Marky-mT5 dataset [Wang et al., 2022] as an
alternative Aligned setting for comparison, which has an av-
erage of 9.57 landmarks with a maximum of 83 due to the
forceful allocation of a frame for each phrase.

REVERIE-MP. Unlike R2R and RxR, REVERIE focuses
on object-oriented instructions that describe the target object,
typically involving a single landmark—the target object. We
directly use its bounding box annotations to generate 15,410
multi-modal instructions, the same number as REVERIE,
with each instruction including one visual prompt.

CVDN-MP. CVDN also provides object-oriented instruc-
tions but differs from REVERIE by employing ambiguous
objects that can refer to multiple instances to make agents use
the dialogue history. In CVDN-MP, we discard the dialogue
to emphasize the necessity of visual prompts in ambiguous
instructions like “Find the ⟨ object ⟩”, which is more applica-
ble to real-world situations. We also employ BLIP2 [Li et al.,
2023] to generate captions for the provided visual prompts
to offer an alternative, detailed instruction for comparison.

1We did not include the test split with paths not open source.
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Figure 4: The architecture of the Multi-modal Prompts Fusion
(MPF) module. Texts and images are processed separately and then
combined to obtain cross-modal representations. Some symbols are
omitted for simplicity.

CVDN-MP includes 6,031 instructions, each with a visual
prompt and an alternate extended instruction.

4.3 Multi-modal Prompts Fusion Module
To effectively utilize multi-modal instructions, we propose a
novel Multi-modal Prompts Fusion (MPF) module, as illus-
trated in Fig. 4. The MPF module includes a visual branch
to process visual prompts individually, parallel to the text
branch that handles language prompts, and a fusion layer to
combine these two types of tokens. The visual prompts are
initially processed by an image encoder to extract features
and then enriched with type embedding and position embed-
ding to yield image tokens. Concurrently, text tokens are pro-
cessed and merged with visual tokens, further integrating an-
other layer of position embedding to link them effectively.
This combined multi-modal token sequence is input into a
multi-layer Transformer [Vaswani et al., 2017] to synthesize
the final tokens for the multi-modal instruction. These to-
kens are then further processed to determine the next action
according to the design of different VLN models. Crucially,
position encoding is applied twice for each token: the first to
mark the sequence of the images and texts separately and the
second to match these two types of tokens. This dual appli-
cation ensures the model recognizes the relationship between
phrases and their corresponding images.

5 Experiments
5.1 Experimental Setup
Datasets. We conduct our experiments on the proposed
four VLN-MP datasets. The original datasets have four splits:
train, validation seen (val seen), validation unseen (val un-
seen), and test unseen. As the ground truth paths in the test
split are not released, their multi-modal versions only contain
the first three splits for training and evaluation. The distinc-
tion between val seen and val unseen is that houses in the
former are also in the train split [Zhang et al., 2021].

Score Precision Recall F1
Fuzzy Matching 0.95 0.89 0.91
ROGUE-L 0.87 0.80 0.81

Table 1: Phrase similarity between R2R-MP and GELR2R.

Method Matching Neighboring
w/o Alignment 0.40 0.62
w/ Alignment 0.69 0.91

Table 2: Accuracy of viewpoint matching and neighboring for R2R-
MP and GELR2R images, with and without Alignment stage.

Baseline VLN Models. We adopt HAMT [Chen et al.,
2021] and DUET [Chen et al., 2022] as baseline models,
which are the mainstream architectures in VLN. HAMT em-
ploys a transformer-based network to encode instructions, vi-
sual observations, and history together for action prediction.
DUET expands on HAMT by building a real-time topological
map to enable global action decisions over local movement.

Evaluation Metrics. We evaluate the agent performance
on the following metrics: (1) Success Rate (SR): the ratio
of agents stopping within 3 meters of the target; (2) Suc-
cess rate weighted by Path Length (SPL) [Anderson et al.,
2018a]: SR normalized by the ratio between the length of
the shortest path and the predicted path; (3) the normalized
Dynamic Time Warping (nDTW) [Ilharco et al., 2019]: a
measure of instruction fidelity by computing the similarity
between the reference path and the predicted path; (4) Goal
Progress (GP) [Thomason et al., 2020]: metric for CVDN
which measures the average difference between the length of
the completed trajectory and the remaining distance to the
goal.

Implementation Details. In the pipeline, we utilize GPT-
4 from OpenAI’s official API, and the GLIP-L and
GroundingDINO-T models for landmark detection. The
weights for score balancing in Eq. (2) are β0 = 0.5 and
β1 = 0.1 to prioritize the sequence score (Ss) over the others,
reflecting their relative importance in our method. The small
β1 is used to ensure that the bounding box scores become
significant only when multiple bounding boxes are generated
for the same object, in which case Sd and Ss remain consis-
tent. For non-English languages, we use the Google trans-
late service2 to translate them into English. We generate five
novel images per visual prompt using the control sd15 mlsd
model for data augmentation. For baseline models, we fol-
low the implementation details in their official repositories.
Following their setting for processing visual observations, we
employ the ViT-B/32 model as the feature extractor for land-
mark images in R2R, CVDN, and REVERIE, while CLIP-
ViT-B/16 is used for RxR. During training, we select the aug-
mented data with a probability of γ = 0.2 to replace original
landmark images. All models are fine-tuned for 200K iter-
ations with a learning rate of 1e-5 and a batch size of 8 on
a single NVIDIA A6000 GPU. The best model is selected
based on performance in the val unseen split.

2https://cloud.google.com/translate
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# Model
Image Prompt

Setting
Validation Seen Validation Unseen

Train Eval SR↑ SPL↑ nDTW↑ SR↑ SPL↑ nDTW↑
1 Multi Baseline [Ku et al., 2020] × × - 25.2 - 42.2 22.8 - 38.9
2 Mono Baseline [Ku et al., 2020] × × - 28.8 - 46.8 28.5 - 44.5
3 EnvDrop [Shen et al., 2022] × × - - - 42.6 - 55.7
4 CLEAR [Li et al., 2022a] × × - - - 44.4 39.3 57.0
5 HOP+ [Qiao et al., 2023a] × × - 53.6 47.9 59.0 45.7 38.4 52.0
6 VLN-PETL [Qiao et al., 2023b] × × - 60.5 56.8 65.7 57.8 54.2 64.9
7 HAMT [Chen et al., 2021] × × - 59.4 58.9 65.3 56.5 56.0 63.1
8 HAMT+MPF ✓ × - 64.6 60.8 68.6 57.6 53.5 64.0
9 HAMT+MPF ✓ ✓ T 65.8 62.0 69.2 58.1 54.0 64.6
10 HAMT+MPF ✓ ✓ R 67.2 63.0 70.1 58.7 54.1 63.6
11 HAMT+MPF ✓ ✓ A-P 68.8 63.7 71.1 59.3 55.1 65.0
12 HAMT+MPF ✓ ✓ A-M 69.2 65.5 71.7 60.0 56.3 66.4

Table 3: Navigation performance on the RxR-MP dataset. “A” means Aligned, “R” is Related, and “T” refers to Terminal; “P” and “M”
indicate images from our pipeline and Marky-mT5, respectively.

5.2 Dataset Evaluation

We compare the extracted phrases and landmark images with
Marky-mT5 and GELR2R datasets for evaluation.

Phrases. Given the multiple errors produced by the BERT-
based parser in Marky-mT5, we mainly compare our phrases
with the human-annotated data from GELR2R. To thoroughly
assess the similarity of phrases between our R2R-MP and
GELR2R, we adopt Fuzzy Matching and ROGUE-L [Lin,
2004] scoring and calculate the Precision, Recall, and F1
scores for each method. As shown in Tab. 1, our results
achieve high similarity with the gold data in GELR2R, espe-
cially with an impressive 95% precision in fuzzy matching.
This result demonstrates the effectiveness of our method.

Images. For landmark images, we first prove that our
object-centric approach offers enhanced accuracy over
Marky-mT5 in the RxR dataset. We employ the CLIP
model [Radford et al., 2021] to measure the alignment of im-
ages from both datasets with the landmark phrases in a bi-
nary classification manner. The results, as depicted in Fig. 5,
reveal that RxR-MP outperforms Marky-mT5 with an aver-
age score of 0.649 compared to 0.351. Furthermore, we also
quantify the number of instances where the phrase demon-
strates a preference for either dataset. Additionally, 66.9%
of phrases favored images from RxR-MP over 33.1% for
Marky-mT5, indicating a stronger alignment of our images
with the landmark phrases.

To demonstrate the effectiveness of our alignment phase,
we calculate the matching accuracy of the viewpoints of land-
mark images in R2R-MP with the ground truth in GELR2R,
including the exact matching and neighboring viewpoints.
The comparison also included images with the highest detec-
tion scores without alignment in Tab. 2. Nearly 70% of land-
mark phrases in R2R-MP correctly identify the correspond-
ing viewpoints, and 91% are adjacent to the actual viewpoint,
which may also provide a different view for the same land-
mark, far surpassing those without alignment, underscoring
the significance of our method.

(a) (b)Average Score Proportion of Better Alignment(a) (b)

RxR-MP RxR-MP

Marky-mT5 Marky-mT5
35.1%

64.9%

33.1%

66.9%

Figure 5: The average score and proportion of a better alignment of
Marky-mT5 and our RxR-MP towards the landmark phrases.

5.3 Navigation Performance
We provide the navigation performance of RxR-MP and
CVDN-MP here to represent the step-wise instructions and
goal-oriented instructions.

RxR-MP. Tab. 3 presents the performance of different
models on the val seen and unseen splits of the RxR-MP
dataset. Agents in experiments #1-7 are trained on text-only
instructions, and our HAMT+MPF agent in experiments #8-
12 is trained with multi-modal instructions and evaluated un-
der different settings. Experiments #7 and #8 demonstrate
that VLN-MP-trained models maintain backward compati-
bility and achieve higher performance with textual instruc-
tions, especially in seen scenarios. Comparing experiments
#9-12, we can see that our agent adapts well to different vi-
sual prompts and consistently outperforms text-only scenar-
ios, even with one single image. It also reveals that the agent
performance improves with the increase in the number and
relevance of visual prompts, which is intuitive and outlines
our alignment stage. The Marky-mT5 version achieves the
best results, as it provides larger and more images.

CVDN-MP. In CVDN-MP, we investigate the situation
when the visual prompts provide necessary information for
navigation. Tab. 4 shows the Goal Progress (GP) of agents
when presented with various types of prompts. Compared
with single-modality prompts, utilizing multi-modal prompts
maintains backward compatibility and significantly performs
better with a target image. This phenomenon highlights the
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Model
Image Prompt

Text Prompt
GP↑

Train Eval Val Seen Val Unseen

HAMT

× × ✓ 6.30 2.43
× × ✓∗ 9.80 2.52
✓ × ✓ 7.03 2.49
✓ ✓ × 8.83 2.29
✓ ✓ ✓ 10.92 3.11

DUET

× × ✓ 6.19 3.00
× × ✓∗ 9.61 3.12
✓ × ✓ 6.27 3.57
✓ ✓ × 7.89 3.12
✓ ✓ ✓ 10.09 4.13

Table 4: Navigation performance on the CVDN-MP. When visual
prompts are used, MPF is integrated. * means with captions.

# γ
Val Seen Val Unseen

SR↑ SPL↑ SR↑ SPL↑
1 0.0 69.2 65.5 60.0 56.3
2 0.1 68.4 63.9 60.2 55.2
3 0.2 67.6 63.5 61.8 57.2
4 0.5 66.8 62.6 59.8 55.5
5 0.8 66.4 62.2 59.6 55.1
6 1.0 64.0 59.9 58.8 54.6

Table 5: Results with different proportions of augmented data.

significance of visual prompts in goal-oriented tasks and the
effectiveness of our MPF module. The captions of the vi-
sual prompts enhance GP in seen scenarios but not in unseen
ones, suggesting that visual prompts are more intuitive and
effective than language.

5.4 Ablation Study

Proportion of Augmented Data. In Tab. 5, we evaluate the
impact of the ratio γ of ControlNet-generated augmented data
to original data during training. As γ increases, performance
in the val seen split gradually declines. While in the val un-
seen split, it initially improves, peaking at γ = 0.2, before
decreasing. This trend is intuitive, as augmented data miti-
gates over-fitting to familiar landmarks and improves adapt-
ability to new environments. However, excessive augmented
data can create a disparity between prompts and observations
and confuse agents.

Position Encoding. Tab. 6 presents the navigation perfor-
mance of the MPF module with different position encodings
in the Aligned setting of RxR-MP. To distinguish them, we
refer to the first as visual position encoding (VPE), as it is
only applied to the visual prompts, and the second as multi-
modal position encoding (MPE), as it is applied to the multi-
modal tokens. Both types of position encoding are beneficial
to agents when dealing with multi-modal instructions. Since
MPE implies VPE, experiment #3 in Tab. 6 outperforms #2.
Combining these two position encodings in experiment #4 re-
sults in the best performance, supporting our assertion of their
distinct functions.

# VPE MPE
Val Seen Val Unseen

SR↑ SPL↑ SR↑ SPL↑
1 × × 67.6 63.3 58.7 53.8
2 ✓ × 68.0 63.4 59.0 54.4
3 × ✓ 67.4 62.9 59.3 55.2
4 ✓ ✓ 69.2 65.5 60.0 56.3

Table 6: Navigation performance of MPF with different position
encodings on the Aligned setting of RxR-MP.

Model Pre-explore
Val Seen Val Unseen

SR↑ SPL↑ SR↑ SPL↑
HAMT × 59.4 58.9 56.5 56.0
Ours × 64.6 60.8 57.6 53.5
Ours ✓ 66.3 62.1 59.0 55.4

Table 7: Comparison of HAMT and our HAMT+MPF agents on
RxR dataset under different settings.

5.5 Pre-explore Setting of VLN
Most VLN works focus on the single-run setting, where
agents navigate in an environment once without prior knowl-
edge or multiple trials. However, the pre-explore setting,
where agents familiarize the environment before navigation,
is also crucial, especially for household robots that operate
persistently in an environment [Krantz et al., 2023]. VLN-
MP allows existing VLN models to be applied to this pre-
explore setting with only one more trial and enhances perfor-
mance without additional training. Specifically, the agent first
follows the textual instruction to generate a pseudo path and
then employs our pipeline to extract landmark images from
the visited nodes and their neighbors to form a multi-modal
instruction for navigation. Tab. 7 show that this method can
significantly improve navigation performance in RxR, with a
notable 6.9% and 2.5% SR increase in seen and unseen sce-
narios compared to the original HAMT, emphasizing the ap-
plicability of VLN-MP in traditional VLN tasks.

6 Conclusion
In this paper, we propose the novel VLN-MP task, which en-
hances agent navigation by integrating visual prompts into
textual instructions. VLN-MP extends traditional VLN by en-
suring full backward compatibility and demonstrating adapt-
ability to various visual prompts. We establish the first bench-
mark for VLN-MP, including a pipeline for converting textual
instructions into multi-modal forms, four datasets for differ-
ent downstream tasks, and a novel MPF module to process
multi-modal instructions efficiently. We conduct extensive
experiments to evaluate our proposed components and pro-
vide empirical insights regarding the usage of visual prompts.
Notably, VLN-MP allows agents to operate in a pre-explore
setting, achieving enhanced results compared to traditional
VLN. We believe that VLN-MP and our benchmark will
broaden the scope of VLN in real-world applications and
open up new research opportunities in the field.
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