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Abstract— This paper proposes an interactive navigation
framework by using large language and vision-language models,
allowing robots to navigate in environments with traversable
obstacles. We utilize the large language model (GPT-3.5) and the
open-set Vision-language Model (Grounding DINO) to create
an action-aware costmap to perform effective path planning
without fine-tuning. With the large models, we can achieve an
end-to-end system from textual instructions like “Can you pass
through the curtains to deliver medicines to me?”, to bounding
boxes (e.g., curtains) with action-aware attributes. They can be
used to segment LiDAR point clouds into two parts: traversable
and untraversable parts, and then an action-aware costmap is
constructed for generating a feasible path. The pre-trained large
models have great generalization ability and do not require
additional annotated data for training, allowing fast deployment
in the interactive navigation tasks. We choose to use multiple
traversable objects such as curtains and grasses for verification
by instructing the robot to traverse them. Besides, traversing
curtains in a medical scenario was tested. All experimental
results demonstrated the proposed framework’s effectiveness
and adaptability to diverse environments.

I. INTRODUCTION

Robot navigation is critical in deploying robots in an
obstacle-involved workspace. Besides the long-sought need
for safety and efficiency [1]–[3], interaction with humans
to satisfy real-time needs is becoming more appealing. For
example, a patient can interact with a medicine-delivery dog
and ask it to enter the ward area by passing through the
surrounding curtains, as shown in Fig. 1. Without real-time
interaction and extra treatments, it is challenging for the
robotic dog to pass through the curtain because the curtain
is normally considered as an obstacle in its motion planner
based on its sensor data (e.g., LiDAR) and thus no feasible
path can be found. Recently, large language models have
provided an alternative solution to real-time human-robot
interaction, but using them to interact with robots for naviga-
tion in various environments remains open. In this paper, we
focus on large-model-based interactive navigation for robots,
especially in environments with traversable obstacles like
curtains and grasses for a robotic dog.

Interacting with robots for navigation has been studied
via many interfaces such as gestures, teleoperation devices,
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Fig. 1. An example of interactive navigation. When a medicine-delivery
dog arrives at a room, a patient can further interact with the robotic dog
and ask it to walk to the bed by passing through the traversable curtains.
Such an interaction can help navigate the robot to the place where it cannot
normally reach and therefore meet humans’ real-time needs.

and natural languages. [4]–[6] recognized simple human
gestures by using onboard cameras to control robots’ behav-
ior like their forward-backward direction. Besides, different
teleoperation devices such as joysticks [7] and tablets [8]
can be used for navigating robots to desired places. We
find these two kinds of interfaces may not be available
for patients in bed. A more natural interface is to use
voices, i.e., talking to the robot. Early works on robot
navigation using natural languages relied on natural language
processing techniques to obtain semantic information such
as landmarks [9]. Recently, the birth of Large Language
Models (LLMs) greatly improved the capability of extracting
semantic information [10]–[13]. Although LLMs have shown
much better generalization, their output cannot be understood
by navigation algorithms. For example, a motion planner
cannot understand “curtains” extracted by LLMs. To bridge
the gap, people started to combine language and vision-
language large models. [14] used Vision-and-Language Mod-
els (VLMs) to associate images with texts from LLMs and
then a visual navigation model is used to generate a feasible
path based on the images from VLMs. Since the combination
of a pre-trained language and a vision-language model can
parse complex high-level instructions for robots, in this
paper, we choose to use this paradigm to deal with human’s
natural language in real-time interaction. In our case, we
cannot use visual navigation methods to generate feasible
paths because the landmarks in visual navigation methods
(e.g., [14]–[17]) are normally assumed to be untraversable,
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Fig. 2. Proposed large-model-based interactive navigation framework for the robots in environments with traversable obstacles. (a) The large model
module uses LLM and VLM to extract the landmarks’ bounding boxes and action-aware attributes from texts/speeches. (b) The action-aware costmap is
constructed with the segmented point clouds based on the output of the large model module. (c) A feasible path can be planned with an action-aware
costmap, while no feasible path would be found if not considering the landmarks’ action-aware attribute.

thus no feasible path can be found when the goal (e.g., a
bed) cannot be detected (see Fig. 1).

Constructing costmaps is an alternative solution to gener-
ate a feasible path. There are some works on connecting
images with costmaps. For example, [9] made instance
segmentation to extract semantic objects of interest in the
current image. Then the obtained masks are fed to the depth
image for objects’ localization, and finally, the costmap
would be updated to include the objects like a moving
human. [18] also built different obstacle maps for different
embodiments given images. For example, a table is an
obstacle for a wheeled robot but not for a drone. Compared
to visual navigation that relies on goal images, constructing
costmaps is more fundamental, and shifts the feasible path
generation to the navigation planner. However, constructing
costmaps based on the landmark images is not sufficient
in our task because the landmarks are not traversable in
default and thus the robot would get stuck in front of the
landmarks. Unlike [14] where only landmarks were extracted
and verbs/commands were disregarded, we propose to extract
action-aware attributes corresponding to the landmarks and
then use them for costmap construction. For example, “pass
through the curtains” means the curtains are traversable due
to “pass through”. Such an action-aware property integrated
into building the costmaps allows the robot to pass through
the curtains.

In this paper, we propose an action-aware interactive
navigation system based on pre-trained large models(i.e.,
LLM and VLM). LLM is used to extract landmarks and
corresponding action-aware attributes in texts, and VLM is
used to detect the landmarks in the picture and obtain the
corresponding bounding boxes. These large models help to
make the transformation from speeches and texts to bounding
boxes and their action-aware attributes without any fine-
tuning and additional training data. [19] used large models to
classify different navigation subtasks and required multiple

action-specific navigators. Different from [19], we use the
action-aware attributes of landmarks obtained from large
models to fundamentally build an action-aware costmap for
generating a feasible path and thus achieve more intelligent
and flexible interactive navigation that meets humans’ real-
time needs. We summarize the contributions of this paper:
1) We propose a large-model-based interactive navigation
framework for robots to plan a feasible path in environments
with traversable objects.
2) Besides landmarks, action-aware attributes in textual in-
structions are extracted to assist sensor data segmentation.
Such an action-aware attribute allows us to construct an
action-aware costmap for interactive navigation.
3) Extensive experiments demonstrate the effectiveness of
the proposed framework and its generalization on different
traversable objects and scenarios.

II. PROPOSED FRAMEWORK
A. Problem Formulation

Given a set of landmarks and their corresponding action-
aware attributes {(ℓ1, Pa1|ℓ1), (ℓ2, Pa2|ℓ2), · · · , (ℓn, Pan|ℓn)}
extracted by LLM from language-based interaction. Pai|ℓi =
1 denotes that the landmark ℓi associated with the action
ai is traversable and Pai|ℓi = 0 denotes that the landmark
ℓi associated with the action ai is untraversable. With a
goal in the static map, our objective is to find a feasible
path including a series of waypoints {w1, w2, · · · , wm}. In
this path, all untraversable landmarks’ action-aware attributes
are respected (i.e., maintaining a safe distance from these
landmarks) and traversable landmarks are fully utilized to
achieve the goal.

Note that finding a feasible path is not a trivial problem
when we consider landmarks’ action-aware attributes. For
example, in Fig. 1, the bed cannot be detected if using visual
sensors before traversing the curtains and entering the ward
area, thus no feasible path can be found. Without human
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interaction, the curtains are still regarded as obstacles and it
takes more effort to get close to the bed.

B. Framework Overview

To solve the problem, we propose a large-model-based
interactive navigation framework that can map language
commands to a feasible path, as shown in Fig. 2. This
framework consists of three parts: a large model module,
action-aware costmap construction, and a navigation planner.

The large model module includes a LLM and a VLM.
LLMs can learn the grammar and semantics of natural lan-
guage by learning massive corpus data. In this work, the pre-
trained LLM does not require additional data for training and
fine-tuning. It can be used to extract landmarks ℓi and their
corresponding action-aware attributes Pai|ℓi in the text. With
VLMs, we can detect objects in images using language [20]–
[23]. The key is to associate the semantic information of
the language with the image feature information of the
object. The output of the VLM is the information on the
bounding boxes of the landmarks that occur in the language
instructions.

The costmap construction part utilizes the output of the
large model module, including the landmarks’ bounding
boxes and action-aware attributes, to build up an action-
aware costmap. The costmap is a container that can store in-
formation about the environment and can be further used for
path planning [24], [25]. Moreover, the layered costmap [26]
can include multiple costmap layers according to different
sensor data and semantic information, which can solve
the path planning problem in complex scenarios [27]–[29].
In the proposed framework, we construct such a flexible
layered costmap with semantic information related to the
landmarks in the form of bounding boxes and their action-
aware attributes obtained from the large model module.

With an action-aware costmap, many off-the-shelf path
planning methods can be employed for the part of robot
navigation. In this paper, we choose to use the A star (A∗)
search algorithm [30]. A feasible path including a series of
waypoints {w1, w2, · · · , wm} can be obtained, which is not
attainable without action-aware costmaps (see Fig. 2 (b)).

III. LARGE MODEL DEPLOYMENT

In this work, we use GPT-3.5 as the LLM to extract
the landmarks and corresponding action-aware attributes in
textual instructions which can be transferred from speeches,
and then use the VLM (Grounding-DINO [23]) to locate the
bounding boxes corresponding to the landmarks, including
a center point coordinate (cx, cy), width w, and height h in
pixel for each bounding box, denoted as B = {cx, cy, w, h}.

A. Large Language Model

We deploy GPT-3.5 by accessing OpenAI’s API1. To per-
form interactive navigation, we introduce an action-aware
attribute corresponding to a landmark. We define that objects
in the real-world environment can have two kinds of action-
aware attributes. One is “traversable”, which means a robot

1https://openai.com/api/

can traverse the landmark. Another is “untraversable”, and a
robot cannot traverse the landmark as much previous work
assumed.

To describe the action-aware attribute of a landmark ℓ, we
define:

Pa|ℓ =

{
1 → ℓ is traversable under a
0 → ℓ is untraversable under a

, (1)

where a is an action (e.g., “go through” and “traverse”)
related to the landmark.

With GPT-3.5, we can extract landmarks and action-aware
attributes from free-form instructions. The large model is
robust to different descriptions in the input prompts and is
also greatly effective in parsing instructions. In the following,
we make prompt engineering and then show a test example.

Example 1: I ask: “Please go through the curtain and watch
out for the medicine trolley”. You should respond “curtain”
and “1”; “trolley” and “0”.

Example 2: I ask: “Please pass through the curtain but be
careful of the table in the middle of the room”. You should
respond “curtain” and “1”; “table” and “0”.

Here is an example. The test textual instruction is: “Go
through the curtain, and watch out the chair.”. The test
output is: curtain and 1; chair and 0.

B. Vision-Language Model

The landmarks obtained from the LLM output are fed to
the VLM in the form of a simple prompt “curtain, chair”.
We utilize Grounding DINO [23] to obtain the bounding box
B for each landmark. Specifically, for each (Image, Text) pair,
image and text features are extracted by an image backbone
and a text backbone respectively, and then fed into a fea-
ture enhancer module to fuse cross-modality features. After
that, cross-modality queries are selected using a language-
guided query selection module and fed into a cross-modality
decoder. The output queries of the last decoder layer are
used to predict object boxes B = {cx, cy, w, h} and extract
corresponding phrases (e.g., curtain). Therefore, the final

Fig. 3. Examples of output of the large model module. The initial
instruction for these examples is: “Please go through the curtain and be
careful of the chair.”. We obtain the landmarks and the corresponding
traversable attributes, curtain and 1 (in orange); chair and 0 (in red), using
GPT-3.5. Then, we can ground the related bounding boxes with [23].

outputs of the large model module for each landmark form
the input, {cx, cy, w, h, Pa|ℓ}, for the following action-aware
costmap construction. Figure 3 shows some examples. It
should be noted that in the example in the lower right corner,
due to the limitation of the VLM, a certain part of the object
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may be output as a bounding box (see the two bounding
boxes of the curtain). With the help of the method in Sec. IV-
B, we can also handle this situation well.

IV. ACTION-AWARE COSTMAP CONSTRUCTION

With LLM and VLM, we obtain the 2D bounding boxes
{cx, cy, w, h} of the landmarks in the picture and the action-
aware attribute Pa|ℓ corresponding to each landmark ℓ. To
find a feasible path, we propose an action-aware costmap
construction method. In our system, we use a LiDAR map-
ping sensor. First, We transform the LiDAR point clouds to
the image plane. Then, according to the bounding boxes and
their corresponding action-aware attributes obtained by the
large model module, the LiDAR point clouds are segmented
into two parts: the traversable part and the untraversable part.
Lastly, we use the two parts of LiDAR point clouds as input
sensor sources to build an action-aware costmap and update
the map in real-time. The costmap construction pipeline
accompanied by the processing based on large models can
be found in Algorithm 1.

Algorithm 1: Action-aware Costmap Construction
with Large Language and Vision-Language Models

Input : Textual instructions Tt or Voice Vt, camera image It,
current LiDAR point clouds PCt. t is the current step.

Output: An action-aware costmap Mt

1 ·eIfVt is not NoneTt = Speech recognition(Vt);
2 Tt = Tt;
3
{(

ℓ1, Pa1|ℓ1
)
,
(
ℓ2, Pa2|ℓ2

)
, ...,

(
ℓn, Pan|ℓn

)}
= LLM(Tt);

4 while ∥current position− target∥2 > Threshold do
5 {B1, B2, ..., Bm} = VLM(It, (ℓ1, ℓ2, ..., ℓn)), where

Bi = {cix, ciy , wi, hi};
6 PAi

= Pai|ℓi , where
Ai = {cix − w

2
≤ x ≤ cix + w

2
, ciy − h

2
≤ y ≤ ciy + h

2
};

7 if {A1,A2, ...,Am} is not empty then
8

[
PCTra

t , PCUntra
t

]
=

Segment
(
PCt,

{
(A1, PA1 ), ..., (Am, PAm )

})
;

9 Mt = UpdateCostmap
(
Mt−1,

(
PCTra

t , PCUntra
t

))
;

10 else
11 Mt = UpdateCostmap(Mt−1, PCt);
12 end
13 end

A. Transformation from LiDAR to Camera

To segment the LiDAR point clouds with the obtained
bounding boxes, the LiDAR point clouds need to be trans-
formed into the image plane. We can use the extrinsic
matrix and intrinsic matrix to project a 3D point cloud onto
the 2D image plane of the camera. Given a LiDAR point
p = (xi, yi, zi) in the Cartesian coordinate system with z-
axis pointing upward, it can be transformed into the image
plane and obtain a coordinate s = (u, v) [31]:[

u v 1
]T

=
[
u
′

w′
v
′

w′ 1
]T

, (2)

u
′

v
′

w
′

 =

fsx ksy u0

0 fsy v0
0 0 1


︸ ︷︷ ︸

intrinsic

[
I3×3

01×3

]T [
RC

L tCL
01×3 1

]
︸ ︷︷ ︸

extrinsic


xi

yi
zi
1

 ,

where f is the focal length, sx and sy are the scale in x and
y respectively, k is the rotation of shear in the y direction to
than in x, RC

L and tCL are the rotation matrix and translation
vector from LiDAR frame to camera frame, (u0, v0) is the
distance from the image center to the image plane coordinate
system origin, and w

′
is the distance from camera centre to

the LiDAR point along z-axis. For simplification, we can
define such a transformation as s = T(p).
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Fig. 4. (a) The experimental scenario in bird’s eye view and the point
clouds obtained from LiDAR Mapping sensor. (b) The yellow areas are the
intersection between the bounding boxes of untraversable and traversable
objects. (c) The point clouds colored red are the traversable part belonging
to the curtain. The rest is the untraversable part belonging to part of the
curtain (➊), chairs (➋, ➌), and the environment.

B. LiDAR Point Clouds Segmentation

After projecting the LiDAR point clouds PCt into the
image plane It, we can determine the action-aware attribute
for each LiDAR point by checking if s = T(p) ∈ A, where
A = Area{cx − w

2 ≤ u ≤ cx + w
2 , cy − h

2 ≤ v ≤ cy + h
2 }.

Specifically, we create the masks with the same size as the
bounding boxes and then use them to segment the LiDAR
point clouds belonging to different landmarks on the image
plane. In practice, there are multiple overlapping bounding
boxes, so one LiDAR point may belong to multiple bounding
boxes. Based on the action-aware attributes of the landmarks
Pa|ℓ, the action-aware attribute for each LiDAR point in the
bounding box is known, i.e., PA = Pa|ℓ. Thus, a function
Segment is defined as

p ∈

{
PCTra

t , PAi
= 1 if s ∈ Ai,∀i,

PCUntra
t , else

,∀p ∈ PCt, (3)

where i = 1, ...,m and m is the number of bounding
boxes. A LiDAR point belonging to the traversable part
PCTra

t requires that all action-aware attributes of its occu-
pied bounding boxes should be 1. When the bounding box
with the traversable attribute overlaps with the bounding box
with the untraversable attribute (see yellow intersection areas
in Fig. 4 (b)), the overlapping part needs to be considered as
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the untraversable part PCUntra
t for safety. From Fig. 4 (c), it

is observed that LiDAR point clouds are segmented into two
parts (blue for untraversable and red for traversable) using
bounding boxes with action-aware attributes. Especially, the
circle 1 (➊) in Fig. 4 (c) is untraversable, although it is part
of the traversable curtain.

C. Costmap Building

To build the costmap, we use the two parts of the LiDAR
point clouds: PCTra

t and PCUntra
t . For the LiDAR points in

PCTra
t , the cost on the costmap is 0, which is considered to

be FREESPACE, while for the LiDAR points in PCUntra
t ,

its cost on the costmap is 254, which is considered to be
LETHALSPACE. With an action-aware costmap, a feasible
path can be found since the cost of the LiDAR points related
to the curtain has been set to 0. Otherwise, no feasible path
can be obtained, see the costmap construction in Fig. 2 (b).

V. EVALUATION
We tested the performance of our interactive navigation

framework on the Unitree A1 quadruped robot platform
equipped with a 2D LiDAR mapping sensor (Slamtec Map-
per M2M2) and a depth camera (Intel RealSense D435i). The
legged robot control used an open-source package [32]. We
ran the interactive navigation framework on a PC equipped
with an Intel Core i7-13700K CPU. We demonstrated the
results of the entire interactive navigation system in both
simulated and real-world scenarios. Especially, in real-world
scenarios, we conducted extensive experiments on curtains
of different materials, types, and shapes to test the relia-
bility and adaptability of the proposed framework. We also
evaluated the performance of other objects with traversable
properties such as grasses.

A. Framework Evaluation in a Simulated Environment

(a) (b) (c)

Point Cloud of
Orange Wooden Wall

Fig. 5. (a) We test our interactive navigation system in a simulated in-door
hospital ward environment with static obstacles. (b-c) The simulated legged
robot can obtain the RGB image and point clouds, respectively.

As shown in Fig. 5, we used an indoor hospital scene
in the Gazebo simulator [33] to verify the feasibility of the
framework. It contains static obstacles in the room such as
“elder lady patient”, “medical instrument”, “walker”, “orange
wooden wall”, “freezer condenser”, “cabinet”, and “white
table”. To be noticed, the “orange wooden wall” separates
the hospital ward into two spaces.

In the simulation, we assumed that the action-aware at-
tribute of the “orange wooden wall” is traversable and our
textual instruction can be “Go through the orange wooden
wall”. Given a goal behind the wall, no feasible path can be
planned without the action-aware costmap, as shown in Fig. 6

(a). However, we found part of the “orange wooden wall”
can be cleared in the costmap if constructing an action-aware
costmap and a straightforward path that crosses “orange
wooden wall” can be obtained, as shown in Fig. 6 (b),
demonstrating the effectiveness of the proposed framework.

(a) (b)

Cleared Costmap of
Orange WoodenWall

Costmap of Orange
WoodenWall

Fig. 6. (a) Without using the action-aware costmap, the orange wooden wall
would be regarded as an untraversable obstacle and marked in the costmap.
Thus, no feasible path is planned. (b) A feasible path can be planned by
using the action-aware costmap because part of the orange wooden wall is
regarded as a traversable obstacle and cleared in the costmap.

B. Framework Evaluation in Real-world Environments

We conducted experiments in two real-world scenarios:
a laboratory scenario and a medical scenario at the Multi-
Scale Medical Robotics Center (MRC:https: //www.mrc-
cuhk.com). We set up a simulation-like scenario in both and
ran the SLAM algorithm [34] to construct a global map and
annotate the goal (e.g., a bed in the scenario of MRC) in the
map. For the traversable objects, We prepared 4 curtains with
different colors and textures, which are common in our daily
life, and we also prepared two different types of artificial
grass.

1) Go through the curtain: First, we conducted experi-
ments with 4 different types, materials, and colors of curtains
in the laboratory scenario. We used “Go through the curtain
and watch out the chair.” as the textual instruction. Given
an arbitrary target behind the curtain, no feasible path could
be planned without using our framework because the curtain
separated the experimental scenario into two parts. With our
framework, an action-aware costmap based on the textual
instruction could be built and there would be a feasible path.
The robot could pass through the curtain and reach the given
target location following the path, as shown in Fig. 7 (a-d).

Then we conducted the experiment of going through the
curtain in a medical scenario at MRC. It contains a “hospital
bed”, “medical curtain”, a “warning sign”, and a “medical
trolley”. We used “Deliver the medicine to me. By the way,
you can go through the curtain and watch out the warning
sign.” as the textual instruction. As shown in Fig. 8, the robot
avoided the warning sign, then passed through the curtain
successfully, and finally reached the desired location.

2) Go through grass: We prepared two types of artificial
grass: setaria viridis and phragmites australis. We mixed two
kinds of grass and used “Go through the grass and watch out
the chair.” as the textual instruction. Similar to the curtain
experiments, a feasible path could be planned and the robot
went through the grass using our framework ( Fig. 7 (e)).
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(a)

(e)

(b)

(c)

(d)

Fig. 7. (a-d) Experiments of going through different curtains. (e) Experiment of going through the grass.

1 2 3 4 5

6 7 8 9 10

Fig. 8. Experiment of the medical scenario at MRC. The upper right corner of each picture shows the first-person point of view of the robot.

VI. CONCLUSION AND FUTURE WORK

In the paper, we have presented a large-model-based inter-
active navigation framework, mapping textual instructions to
feasible paths for navigating robots in the environment with
traversable objects. To obtain a feasible path, we propose
to construct an action-aware costmap by segmenting the
LiDAR point clouds into traversable and untraversable parts,
according to the bounding boxes of the landmarks and action-
aware attributes from the large model module (LLM+VLM).
Extensive experiments have shown the effectiveness and
generalization of the proposed framework in different en-
vironments including a laboratory scenario and a medical

scenario at MRC.

In the future, we plan to use a 3D LiDAR to replace the
current 2D one to restore the 3D information of the environ-
ment for better sensing. To achieve more precise and robust
action-aware segmentation of sensor data, we will deploy a
state-of-the-art segmentation model (e.g., Segment Anything
Model [35]) to our LM module to produce high-quality
object masks for improving the capability of segmenting
sensor data (e.g., LiDAR point clouds) to the background
and objects. Besides, we will upgrade the legged robot to
a legged manipulator (e.g., [36]), allowing us to manipulate
traversable objects and thus enhancing interactive navigation.
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path planning on configuration-space costmaps. IEEE Transactions
on Robotics, 26(4):635–646, 2010.

[25] Jim Mainprice, E. Akin Sisbot, Léonard Jaillet, Juan Cortés, Rachid
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