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Abstract

Aerial Vision-Dialog Navigation (AVDN) is a new task that
requires drones to navigate to a target location based on
human-robot dialog history. This paper focuses on the crit-
ical fine-grained cross-modal alignment problem in AVDN,
requiring the drone to align language entities with visual
landmarks in top-down views. To achieve this, we first
construct a Fine-Grained AVDN (FG-AVDN) dataset via a
semi-automatic annotation pipeline, providing diverse multi-
modal annotations at the entity-landmark level. Based on this,
a novel Fine-grained Entity-Landmark Alignment (FELA)
method is proposed to learn the cross-modal alignment ex-
plicitly. Concretely, FELA first boosts the drone’s visual
understanding with a precise semantic grid representation,
which captures the environmental semantics and spatial
structure simultaneously. Subsequently, to learn the entity-
landmark alignment, we devise cross-modal auxiliary tasks
from three perspectives, including grounding, captioning, and
contrastive learning. Extensive experiments demonstrate that
our explicit entity-landmark alignment learning is beneficial
for AVDN. As a result, FELA achieves leading performance
with 3.2% SR and 4.9% GP improvements over prior arts.

Code — https://github.com/yifeisu/FELA

1 Introduction
Language-guided navigation is a fundamental yet challeng-
ing problem for autonomous robot task-completion via com-
munication with humans. Recent years have witnessed no-
table progress towards this goal, marked by the introduc-
tion of various tasks (Anderson et al. 2018; Qi et al. 2020;
Thomason et al. 2020; Chen et al. 2019) and navigation
methods (Qiao et al. 2022; Zhao et al. 2022; Wang et al.
2023c; He et al. 2024; Wang et al. 2023d,a; An et al. 2024).
However, a predominant focus on ground-based agents has
overshadowed a crucial application area for robotic systems
- drones. Recently, this gap has been bridged by the in-
troduction of the Aerial Vision-Dialog Navigation (AVDN)
dataset and the corresponding Aerial Navigation from Dia-
log History (ANDH) task for drones (Fan et al. 2023a; Liu
et al. 2023), which opens up new application chances such as
food delivery and wilderness search and rescue. In ANDH, a
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drone agent is required to navigate to a destination precisely,
via the dialog history with humans in aerial environments.

Accurate cross-modal alignment is crucial for the suc-
cess of language-guided navigation (Moudgil et al. 2021;
Wang et al. 2019; Qi et al. 2021; Wang et al. 2022), while
the ANDH task poses two unique challenges in this aspect.
First, landmarks in top-down views exhibit geometric diver-
sity, i.e., a wider range of scales and aspect ratios, posing
challenges to the perception of small or narrow objects (e.g.,
the densely arranged small yellow containers in Figure 1
(a). Second, top-down views tend to be broader and contain
more landmarks. Thus, the redundant landmarks are likely
to distract the agent from grounding the target entity men-
tioned in the dialog. To address these challenges, researchers
have proposed various methods to guide the agent to focus
on potential areas mentioned in the dialog. For instance, Fan
et al. (Fan et al. 2023a) supervise the drone’s visual percep-
tion with human attention masks, while Su et al. (Su et al.
2023) enhace the stop policy with a cross-modal target area
grounding task.

Despite the progress, existing methods struggle to handle
fine-grained cross-modal alignment in ANDH. The reasons
mainly lie in the lack of entity-landmark alignment supervi-
sion and the coarse visual representation. First, both human
attention (Fan et al. 2023a) and target area (Su et al. 2023)
supervisions are relatively coarse and lack intermediate fine
entity-landmark alignment supervision during navigation.
As a result, the drone is forced to infer involved all land-
marks implicitly from the whole dialog history. This scheme
has been shown sub-optimal in ground-based language-
guided navigation (Cui et al. 2023; Qi et al. 2021), while
it can be less effective in ANDH due to the landmark redun-
dancy in top-down views. Second, condensed feature vec-
tors are widely adopted by existing methods to represent the
drone’s top-down views, which suppress the representation
of geometrically rich landmarks and environmental spatial
layouts (Chen, Yang, and Chen 2023; Chen et al. 2024).
This further challenges the entity-landmark alignment when
the dialog involves small landmarks or complex spatial rela-
tions (Chen et al. 2022a; Hwang et al. 2023).

This paper addresses the above issues by introducing ex-
plicit entity-landmark alignment learning for ANDH. To
achieve this goal, we first construct a large-scale Fine-
Grained AVDN dataset (FG-AVDN), which provides rich
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multimodal annotations at the entity-landmark level. FG-
AVDN is built via a semi-automatic pipeline, through the
combination of modern large language models (Brown et al.
2020) and multimodal foundation models (Muhtar et al.
2024; Kirillov et al. 2023), featuring less human labor
and more diverse annotations. The paired annotations are
visually depicted in Figure 1 (b) through text fragments
and bounding boxes with the same color. Subsequently,
we propose a novel Fine-grained Entity-Landmark Aligning
(FELA) method to unleash the potential of FG-AVDN.
In FELA, the drone’s visual perception is boosted with a
precise semantic grid representation, capturing rich land-
marks and spatial layouts of environments. Built upon this,
FELA devises three auxiliary tasks to learn entity-landmark
alignment explicitly: 1) Landmark Rotated Bounding box
Prediction (LRBP): predicting the compact rotated bounding
box of landmarks based on entities. 2) Landmark Semantic
Prediction (LSP): describing the landmark given visual
image. 3) Entity-Landmark Contrastive Learning (ELCL):
aligning the matched entity-landmark pairs in the common
feature space. The learned grid representation is aware of
entity-landmark alignment, which is then fed into a naviga-
tor for action decisions. Extensive experiments demonstrate
the effectiveness of our method.

In summary, our contributions are three-fold: 1) Devel-
oping a semi-automatic annotation pipeline to construct the
first large-scale fine-grained AVDN dataset, providing cross-
modal alignments at the entity-landmark level. 2) Propos-
ing the FELA method, incorporating a novel semantic grid
representation and enabling fine-grained cross-modal align-
ment via three auxiliary tasks. 3) We empirically show that
explicit entity-landmark alignment learning is beneficial for
ANDH, and FELA obtains 3.2% SR and 4.9% GP absolute
improvements over prior arts.

2 Related Work
Aerial Vision-Dialog Navigation. In recent years, vari-
ous language-guided navigation tasks have been proposed
and have attracted increasing attention. Early efforts mainly
focused on indoor navigation through detailed instruc-
tions (Anderson et al. 2018; Ku et al. 2020), while sub-
sequent studies expanded the scope to various instruction
forms, such as human-robot dialog (Thomason et al. 2020;
Fan et al. 2023b) and concise referring expression (Qi et al.
2020; Zhu et al. 2021). Recently, there has been an emerging
trend in introducing this task into aerial scenes, enabling ap-
plications like food delivery and terrain exploration. Fan et
al. (Fan et al. 2023a) propose a challenging ANDH task, re-
quiring autonomous goal-reaching through cross-modal un-
derstanding between the dialog and drones’ top-down views.

So far, several methods have been proposed to tackle the
ANDH task. The pioneering HAA-Transformer (Fan et al.
2023a) adopts an episodic transformer (Pashevich, Schmid,
and Sun 2021) for multimodal reasoning and supervises the
drone’s visual perception with human attention masks. TG-
GAT (Su et al. 2023) further introduces a target area predic-
tion task to enhance the stop policy, and devises a graph at-
tention mechanism to capture navigation dependencies. Dif-
ferent from them, this paper addresses the entity-landmark

alignment problem in ANDH, through a new fine-grained
dataset and a novel method to learn the alignment explicitly.
Fine-Grained Dataset for Navigation. In ground-based
navigation tasks (Anderson et al. 2018; Ku et al. 2020), re-
searchers have recognized the importance of fine-grained
cross-modal alignment and have proposed various fine-
grained datasets. Hong et al. (Hong et al. 2020) and He et
al. (He et al. 2021) automatically or manually decompose
long instructions into a series of sub-instructions, providing
alignment between sentence fragment and sub-trajectory.
Cheng et al. (Cheng et al. 2022) further disentangle instruc-
tions into landmarks and action-related parts, introducing
additional alignment constraints. Cui et al. (Cui et al. 2023)
recently annotate abundant entity-landmark pairs, offering
finer alignment at the word-region level. Chu et al. (Chu
et al. 2025) annotate bounding boxes in aerial images with
orientation and relation descriptions, providing both fine-
grained and spatial-aware supervision.

The fine-grained alignment is more crucial in ANDH due
to the abundance and geometric diversity of landmarks in
top-down views. Inspired by the previous works, this pa-
per makes the first exploration of fine-grained alignment in
ANDH. We not only devise a semi-automatic pipeline to
build the FG-AVDN dataset but also propose a fine-grained
alignment learning method tailored for the ANDH.

3 FG-AVDN Dataset
We aim to enable entity-landmark alignment learning in
ANDH. However, the AVDN dataset only provides coarse
supervision at the dialog-path level, which lacks paired
entity-landmark annotations. To bridge this gap, we con-
struct the first large-scale grounded entity-landmark dataset
tailored for ANDH. As shown in Figure 1, we build an ef-
ficient semi-automatic annotation pipeline to extract entity-
landmark pairs involved in ANDH dialogs. To better gen-
eralize to various entities, we also generate extra pseudo
entity-landmark pairs with detailed landmark descriptions.
The annotation process is presented below.

3.1 Semi-Automatic Entity-Landmark Extraction
In AVDN dataset, a drone agent starts with an initial in-
struction I0, and then autonomously navigates to a target
Gf through n rounds of dialogs with humans {Qi, Ii}ni=1,
where Qi and Ii are agent question and human response, re-
spectively. For each dialog round, AVDN provides a ground-
truth sub-trajectory Ti as supervision.

Based on this, we first utilize the exceptional language
capability of GPT3.5 (Brown et al. 2020) to extract en-
tity {Ei}mi=1 present in each dialog round {Qi, Ii}. Sub-
sequently, we use the visual comprehension capability of
SAM (Kirillov et al. 2023) to generate landmark mask pro-
posals {mi}ki=1 from Vt, and then filter out proposals with
small areas and low confidence. Meanwhile, we calculate the
minimum rotated bounding box (rbbox) bi = [x, y, w, h, θ]
of each mask as extra annotation, denoting the landmark’s
center, width, height, and rotation angle, respectively. To es-
tablish the initial correlation between entities and landmark
proposals, we adopt RemoteCLIP (Liu et al. 2024), a VLM
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Figure 1: Our semi-automatic pipeline leverages GPT (Brown et al. 2020) to extract entities within dialogs and utilize SAM (Kir-
illov et al. 2023) to obtain landmark proposals in visual observations. Subsequently, RemoteCLIP (Liu et al. 2024) is adopted to
establish an initial correlation between entities and landmarks. For pseudo entity generation, we use LHRS-Bot (Muhtar et al.
2024) to caption landmarks at the region level, obtaining rich descriptions with detailed properties and surrounding information.
Finally, we conduct human checks and corrections to ensure the quality, as presented in Appendix 7.

in the remote sensing domain, to select the most matching
landmark for each entity. Finally, to ensure the quality of
FG-AVDN, we perform manual checks to correct partially
mismatched landmark-entity pairs and adjust the rbbox of
imperfect proposals generated by SAM. More details are
presented in Appendix 7.

3.2 Pseudo Entity-Landmark Generation
In practice, most of the entity phrases extracted in the previ-
ous process are monotonous and lack detailed descriptions
(e.g., “a building”, “the road”, and “the destination”), which
could hinder the drone’s understanding of open-vocabulary
instructions. Thus, this section proposes to synthesize extra
detailed descriptions for the extracted landmarks as shown
in Figure 1 (c).

Specifically, for each extracted landmark mask mj , we
crop out its region image Ct from visual observation Vt,
containing both the landmark and surrounding contextual
details. Subsequently, we feed Ct into LHRS-Bot (Muhtar
et al. 2024) and design a simple yet effective prompt tem-
plate: “Describe the landmark in one sentence, including
details such as color, geometry, semantic details, and sur-
roundings as modifiers.” to generate additional rich descrip-
tions. Through this operation, we obtained extra landmark
descriptions that include detailed attributes and surround-
ing environmental information. For more process details and
generated results, please refer to Appendix 7.

4 Method
Problem Setups. Given a k-round dialog history Dh =
{I0, ...Qk, Ik}, the ANDH task requires a drone agent to
approach the final goal Gf through sequential action pre-
diction. At each step t, the drone receives a RGB top-down
view image Vt, heading angle θt and GPS position po

t =
[xt, yt, zt]. The action at = [∆xt,∆yt,∆zt] is predicted by
a learnable policy π (at|Dh,Vt,p

o
t , θt).

Method Overview. Figure 2 presents the overview of the
proposed FELA. Similar to (Fan et al. 2023a; Su et al. 2023),
FELA employs an episodic transformer (Pashevich, Schmid,
and Sun 2021) as our navigator, and enhances the agent’s
entity-landmark alignment ability with two novel modules:
1) A precise semantic grid representation (§ 4.1) for vi-
sual perception, capturing rich semantics and spatial lay-
outs simultaneously. 2) An explicit entity-landmark align-
ment learning scheme (§ 4.2) based on FG-AVDN dataset.
We next elaborate on these modules.

4.1 Semantic Grid Representation
For the learning of entity-landmark alignment, an ideal vi-
sual representation should not only contain geometries and
semantics of landmarks but also depict their spatial relations.
Hence, we propose to construct a semantic grid representa-
tion Mt ∈ RN×N×D to assist the precise visual perception,
where N is the grid scale, and D is the cell vector dimen-
sion. Concretely, Mt is initialized by the latent features Ṽt

∈ RN×N×D from the last layer of the visual encoder. We
further incorporate object encoding to capture the shape and
scale of landmarks, and a position encoding to enhance the
agent’s spatial awareness. The details are shown as follows.
Object Encoding. FELA proposes to explicitly encode all
landmarks into a grid embedding St for preserving both se-
mantic and geometric details, which is beneficial for sub-
sequent object-level cross-modal matching (Qi et al. 2021;
Wang et al. 2023b). Specifically, we first pretrain a classic
Oriented R-CNN detector (O-RCNN) (Xie et al. 2021) with
aerial scenes from the xView (Lam et al. 2018) dataset. Next,
at each step t, we utilize the trained O-RCNN to generate
object masks Ot = {o1,o2, ...,ok} contained in Vt. In this
way, a class index map OI

t ∈ NN×N×C is formed by merg-
ing all object masks, as illustrated in Figure 2 (a), where C is
semantic categories. Afterward, we encode OI

t with a con-
volutional neural network and perform the down-sampling,
yielding the final semantic embedding St ∈ RN×N×D.
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Figure 2: Overview of the FELA method. At each step t, FELA builds the semantic grid representation Mt based on observation
Vt. Then, based on Mt and FG-AVDN dataset, FELA learns the entity-landmark alignment explicitly via three auxiliary tasks.
Subsequently, an episodic transformer is leveraged to conduct multimodal fusion and decision-making.

Spatial Encoding. To handle relative spatial instructions
like “Move forward to three o’clock” or “The destination
is on your left”, a spatial encoding is further introduced to
enhance the agent’s spatial awareness. Inspired by (An et al.
2023), we adopt a polar position encoding Pt ∈ RN×N×3,
which regards the agent as center and computes relative po-
sitions with other cells. Each puv ∈ Pt is formulated as:

puv = [sin(βuv), cos(βuv), disuv] (1)
where βuv and disuv are relative heading angle and normal-
ized distance of a cell to drone, respectively.
Encoding Merging. Overall, we obtain the final semantic
grid representation Mt by merging the three kinds of en-
coding. Formally:

Mt = LN(WvṼt +WsSt +WpPt) (2)
where Wv,Ws,Wp are learnable parameters to unify the
feature dimensions, and LN denotes the layer normalization.

4.2 Entity-Landmark Alignment Learning
As shown in Figure 2 (b), we adopt three auxiliary tasks to
learn the entity-landmark alignment based on the semantic
grid representation Mt, namely Landmark Rotated Bound-
ing box Prediction (LRBP), Landmark Semantic Prediction
(LSP), and Entity-Landmark Contrastive Learning (ELCL).
Assuming the drone is at time step t, and the dialog Dh

contains K entities {Ek}Kk=1 and corresponding landmarks
{bk}Kk=1, we next detail the three auxiliary tasks.
LRBP. Compared to classic visual grounding models pre-
dicting horizontal bounding boxes (Cui et al. 2023; Kamath
et al. 2021), our LRBP task is designed to predict a land-
mark’s compact rotated bounding box, enabling finer align-
ment. Specifically, for each entity Ek, we first obtain its em-
bedding ek through the text encoder. And then we adopt an
MHCA (Vaswani et al. 2017) to aggregate the relevant fea-
ture from Mt as:

ẽk = FFN(ek +MHCA(ek,Mt)) (3)

Afterward, we predict the rbbox b′
k for the landmark using

a feed-forward network FFN:

b′
k = Sigmoid(FFN(ẽk)) (4)

Finally, we adopt the smooth L1 loss for supervision:

LLRBP = Ll1(b
′
k,bk) (5)

LSP. This task aims to predict the semantics of landmarks
based on their visual feature. Concretely, we model LSP as
a region-level caption task. For each landmark bk, we first
exploit the rotated RoI-Align operation (Xie et al. 2021) to
interpolate the region feature Rk from Mt. Based on this,
we employ a cross-attention transformer with causal mask
(Li et al. 2022) as a decoder to predict the corresponding
entity:

E′
k = Transformer Decoder(Rk) (6)

This task is optimized by the cross-entropy loss:

LLSP = CrossEntropy(E′
k,Ek) (7)

ELCL. The objective of this task is to ensure that the
embeddings of paired entities and landmarks are closer
in the feature space compared to the unpaired ones, en-
abling a better fine-grained alignment at the word-region
level (Zhang et al. 2022; Kamath et al. 2021). Specifically,
given K entity-landmark pairs, we construct K2 triplets as
{(ri, ej), yij}Ki,j=1, where ri is the pooling vector of Rk

and yij = 1 indicates that (ri, ej) is a matched pair. Subse-
quently, following (Jiang and Ye 2023), ELCL is optimized
through:

Le2l =
−1

K

K∑
i=1

K∑
j=1

yij log

(
exp

(
eTi rj/τ

)∑K
l=1 exp

(
eTi rl/τ

)) (8)

LELCL = (Le2l + Ll2e) /2 (9)
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where τ is a temperature hyper-parameter controlling the
probability distribution peaks. Le2l is the contrastive loss
from entity to landmark, and Ll2e is a symmetric loss cal-
culated by exchanging ei and rj in Formula 8.
Full Aligning Objective. The overall loss for entity-
landmark alignment learning is:

Lalign = LLRBP + κ1LLSP + κ2LELCL (10)

where κ1, κ2 are weight coefficients for loss balancing.

4.3 Navigation Model
We employ an episodic transformer (Pashevich, Schmid, and
Sun 2021) as our navigator, as illustrated in Figure 2 (c). To
effectively leverage long-range and local observations, we
feed instruction text Dh, vision history Vh, trajectory history
Rh,and semantic grid representation Mt into navigator for
modality fusion. Subsequently, a simple three-layer FFN is
adopted to predict the action at. For more details about the
navigator, please refer to the Appendix 8.

4.4 Training Objective
Following the standard practice in ANDH methods (Fan
et al. 2023a; Su et al. 2023), we employ an overall multi-task
loss to optimize the navigation policy π and other auxiliary
tasks as below:

Lall = Lnav + Lalign (11)

where Lalign denotes entity-landmark aligning loss given
in Sec.§ 4.2. Regarding navigation policy learning, we
alternately run the ‘teacher-forcing’ and ‘student-forcing’
modes, where the difference is whether to interact with the
simulator via ground truth or predicted action. Meanwhile,
a mean squared error loss (Fan et al. 2023a) is leveraged to
optimize the policy π, denoted as Lnav =

∥∥at − agtt
∥∥
2
.

5 Experiments
The proposed method is evaluated on the ANDH task (Fan
et al. 2023a), which is the only available benchmark for
Aerial Vision-Dialog Navigation. The ANDH task splits the
AVDN dataset into 6269 sub-trajectories according to dia-
log rounds. These sub-trajectories are further divided into 4
splits via their scene types, including 4591 for training, 370
for seen validation, 411 for unseen validation, and others for
unseen testing. ANDH mainly focuses on the generalization
ability of the agent, thus the performance on unseen valida-
tion and testing splits is more crucial.
Evaluation Metrics. We use the standard metrics for evalu-
ation (Fan et al. 2023a), including: 1) Success Rate (SR): the
ratio of predicted paths being regarded as successful; 2) Suc-
cess weighted by inverse Path Length (SPL): SR weighted
by the total length of the navigation path; 3) Goal Progress
(GP): the distance of the navigation progress towards the
destination area.

5.1 Implementation Details
Model Configuration. For a fair comparison, FELA em-
ploys an xView pre-trained Yolov5-x backbone for visual
encoding following (Su et al. 2023), and a Roberta (Liu et al.

2019) for dialog encoding. Meanwhile, the Swin-Tiny (Liu
et al. 2021) is selected as the backbone of the O-RCNN
detector. We empirically set the scale of the semantic grid
representation N to 7. The hidden size of dialog encoding,
history encoding, and semantic grid representation D is uni-
formly set to 768. The number of transformer layers for the
text encoder and episodic transformer is set to 9 and 3, re-
spectively. For weight coefficients, we set κ1, κ2 in Formula
10 to 1, 0.1, respectively. The τ in Formula 8 is set to 0.02
following (Jiang and Ye 2023).
Training Details. Our experiments are conducted on two
NVIDIA RTX 3090 GPUs. All models are optimized for
200,000 iterations (∼50 hours) with a batch size of 8 and
a learning rate of 1e-5 via AdamW optimizer. The best it-
eration is determined by the highest performance on unseen
validation split. As for the training of the O-RCNN detector,
we use the AdamW optimizer and conduct multi-scale train-
ing for 12 epochs (∼24 hours) with a batch size of 8 and a
learning rate of 2e-4.

5.2 Comparison with State-of-the-Art Methods
Table 1 compares the proposed FELA with current SoTA
methods on the ANDH task. FELA achieves the leading per-
formance on both unseen validation and testing splits. In par-
ticular, the FELA w/o aligning tasks (§ 4.2) surpasses the
previous best method TG-GAT (Su et al. 2023) by 1.6% in
SR and 1.3% in SPL, which validates the effectiveness of the
proposed semantic grid representation. Additionally, when
incorporating our FG-AVDN dataset and auxiliary align-
ment tasks, the previous methods’ performance was consis-
tently improved. This demonstrates the necessity of our FG-
AVDN dataset. Furthermore, the complete FELA improves
the performance through all metrics, e.g., SR increases from
18.7% to 21.9%, SPL increases from 15.1% to 17.6% and
GP increases from 56.5 to 61.4. This further highlights the
benefits of explicit entity-landmark alignment learning.

For fair comparisons, we report the model parameters
and Flops of all AVDN methods in Table 2. Compared to
the previous SoTA TG-GAT, the extra computation cost is
marginal, e.g., the parameters and Flops of FELA only in-
crease by 2.2% and 2.5%, respectively. Table 2 also shows
the inference latency of all AVDN methods on a single
RTX3090 GPU, and FELA can execute decisions at 11.7 Hz.
These results demonstrate that FELA is computationally
comparable with existing methods and has the potential to
transfer to the real world.

5.3 Ablation Study
This section conducts ablation experiments regarding differ-
ent design choices of FELA. The results are reported on the
unseen validation split of ANDH.
Different Options for Grid Representation Construction.
Table 3 presents various options for constructing the seman-
tic grid representation in § 4.1. Row 1 and Row 2 solely build
the grid representation through visual encoding Ṽt and se-
mantic encoding St, respectively. However, both approaches
yield unsatisfactory results. In particular, the performance of
Row 2 is significantly inferior to Row 1, e.g., 13.5% SPL
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Seen Validation Unseen Validation Unseen Testing

Methods SPL↑ SR↑ GP↑ SPL↑ SR↑ GP↑ SPL↑ SR↑ GP↑
Transformer 12.1 14.1 50.1 14.3 16.6 51.9 11.3 13.3 51.7
HAA-LSTM 11.6 13.0 50.3 18.3 20.0 54.4 12.6 14.1 50.8
HAA-Transformer 14.7 17.3 56.3 16.5 20.4 55.2 12.9 15.7 54.2
HAA-Transformer w aligning tasks 15.1 17.8 57.3 16.0 21.4 57.2 14.6 18.0 55.2

TA-GAT 12.9 16.0 56.9 18.8 23.3 54.3 15.1 18.7 56.5
TA-GAT w aligning tasks 14.8 18.2 58.8 17.8 21.1 61.7 15.9 19.7 56.3

FELA 15.1 18.8 60.8 17.2 20.6 63.0 16.4 20.3 56.7
FELA w aligning tasks 15.3 18.8 60.7 19.2 23.9 64.1 17.6 21.9 61.4

Table 1: Comparison with the state-of-the-art methods on the ANDH task.

Model Params
(M)

Flops
(B)

Speed
(Hz)

Speed
(ms)

HAA-Transformer 173.4 66.7 16.6 60.3
TG-GAT 187.0 70.6 12.3 81.2
FELA 191.2 72.4 11.7 85.6

Table 2: Parameters and inference time for AVDN methods

# Image
Encoding

Semantic
Encoding

Position
Encoding SPL↑ SR↑ GP↑

1 ✓ ✗ ✗ 17.0 19.8 63.0
2 ✗ ✓ ✗ 13.5 17.5 61.5
3 ✓ ✓ ✗ 18.3 21.3 60.4
4 ✓ ✓ ✓ 19.2 23.9 64.1

Table 3: Effect of different grid representation encodings.

v.s.17.0% SPL. This discrepancy can be attributed to the in-
adequacy of semantics within predefined categories in cap-
turing attribute-related landmarks, such as a “wheat color
building”. In Row 3, the semantic grid representation incor-
porates Ṽt and St, resulting in 1.3% SPL and 1.5% SR gains
compared to Row 1. This indicates that explicit object en-
coding and implicit visual encoding can complement each
other. Row 4 further introduces polar position encoding Pt,
achieving the highest performance, with metrics of 19.2%
SPL, 23.9% SR, and 64.1 GP. We attribute this superior-
ity to the spatial awareness facilitated by spatial encoding,
which is beneficial for grounding spatial-conditioned land-
marks, such as “warehouse office at your three o’clock”.
Consequently, we adopt Row 4 as our default option for grid
representation construction.
Entity-Landmark Alignment Facilitates ANDH. Table 4
illustrates the effect of different auxiliary tasks in § 4.2. Row
1 serves as a baseline without any auxiliary task, while Row
2-5 augment the baseline with LHBP, LRBP, LSP, and ELCL
tasks, respectively. Compared to Row 2 using the landmark
horizontal bounding box prediction task, Row 3 obtains a
0.5% gain in SR, indicating that compact rbbox leads to bet-
ter alignment. Row 3 and 4 show that single-modal auxil-

# Auxiliary Tasks SPL↑ SR↑ GP↑
1 None 17.5 20.1 61.3

2 LHBP 17.6 20.6 60.8
3 LRBP 17.9 21.1 61.3
4 LSP 17.9 21.6 61.7
5 ELCL 18.1 21.8 60.9
6 LRBP + LSP 18.5 22.6 60.6
7 LRBP + LSP + ELCL 19.2 23.9 64.1

Table 4: The effect of entity-landmark alignment tasks.

iary tasks (LRBP and LSP) yield decent improvements, with
a 0.4% increase in SPL. Furthermore, Row 5 reveals that
the dual-modal ELCL task contributes slightly higher gains
of 0.6% SPL. This observation suggests that contrastive
learning over entity and landmark features provides more
robust constraints, leading to enhanced cross-modal align-
ment. Row 6 combines LRBP and LSP tasks, resulting in
satisfactory performance, e.g., 18.5% SPL and 22.6% SR.
This presents the complementary nature of the two tasks.
Row 7 adopts all auxiliary tasks simultaneously, achieving
the highest performance across all metrics. These results
show that the three tasks are complementary and highlight
the effectiveness of entity-landmark learning for navigation
generalization.
The Impact of Semantic Grid Representation Scale N .
Table 5 reports the performance of FELA with different grid
scales N . FELA achieves the best performance when the
N increases to 7. However, when N further increases to
9, the performance remains unchanged, and even slightly
decreases when it reaches 11. The potential reason is that
a large N leads each token to focus excessively on the lo-
cal details, obstructing the aggregation of effective features
from numerous tokens. Consequently, we adopt a relatively
balanced scale N = 7 as the default setting.
The Impact of Different Entity-Landmark Pairs. In Ta-
ble 6, we examine the performance under the supervision of
two kinds of entity-landmark data in § 3.2. Row 1 serves
as a baseline without any entity-landmark pairs for training.
Row 2 only utilizes the entity-landmark pairs extracted from
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(a) (c)(b) (d)

[INS] Head west until you pass the 
compound with the white 

buildings. Enter the next tan 
compound after that, and you have 

arrived at the destination.

[QUE] I am on the large building 
left, what is the destination look 

like? Which direction should I go? 
[INS] Head west, past the grounds 
and the dilapidated building and 

head towards the U-shaped 
building with a beige roof, that's 

your destination. 

[INS] head forward towards your 1 
o'clock direction. After passing 

through the green field. the 
destination is a brown color house 
with another brown color house 

before reaching it.  

[INS] Head north following road 
for 80 meters. Your destination is 

long rectangular white building on 
west side.

GT Trajectory TG-GAT FELA

Figure 3: Visualization of predicted paths of FELA (yellow path) and TG-GAT (blue path) on unseen validation split. Yellow
and green stars represent the starting and ending points of the ground truth path, respectively. Below are the given dialogs, where
colored bold words are entities. Above are visual observations where colored bounding boxes are corresponding landmarks.

# Grid Scale SPL↑ SR↑ GP↑
1 5× 5 17.9 20.2 62.1
2 7× 7 19.2 23.9 64.1
3 9× 9 18.6 23.8 63.7
4 11× 11 18.8 21.5 61.6

Table 5: The effect of semantic grid representation scale N .

# Training Data SPL↑ SR↑ GP↑
1 None 17.5 20.1 61.3
2 Extracted Pairs 18.5 22.7 62.4
3 Generated Pairs 19.2 23.9 64.1

Table 6: The impact of different auxiliary training data.

the dialog for alignment learning, resulting in a 2.3% gains
in SR and a 1.0% improvement in SPL. This indicates the
efficacy of explicit fine-grained alignment learning. Row 3
further introduces the detailed landmark descriptions gener-
ated by LHRS-Bot, yielding a 1.2% gain in SR and 0.7%
gain in SPL, demonstrating the effectiveness of the gener-
ated landmark descriptions.

5.4 Qualitative Results
We present comparisons of the predicted paths of FELA
and TG-GAT in Figure 3. More navigation cases and entity-
landmark alignment results, please refer to Appendix 10.
Visualization of Navigation Paths. From (a), we observe
that FELA successfully identifies and stops at the target
landmark “the next tan compound”, whereas TG-GAT ends
at the wrong building. Similarly, in (b), FELA navigates bet-
ter along the intermediate landmark “the dilapidated build-

ing” and accurately reaches the final landmark “U-shaped
building with a beige roof”, while TG-GAT ignores crucial
landmarks and leads to navigation failure. In addition, we
observe that FELA performs better in entity phrases with
complex modifiers, as in (c) with the description “a brown
color house with another brown color house before reach-
ing it”. We also present a failure case in (d), where FELA
fails to navigate for “80 meters”. We attribute it to the lack
of absolute spatial awareness capability, which hinders the
interpretation of distance-related instructions.

6 Conclusion
This paper tackles a critical but under-explored problem
in ANDH - the entity-landmark alignment. We first con-
struct the FG-AVDN dataset via a semi-automatic annota-
tion pipeline, providing fine-grained alignment at the entity-
landmark level. Then, the proposed FELA method combines
a precise semantic grid representation and three auxiliary
tasks to learn such alignment explicitly. Extensive experi-
ments have demonstrated the effectiveness of explicit entity-
landmark alignment learning for ANDH. However, consid-
ering the performance of existing navigators remains un-
satisfactory, performing real-world experiments on drones
could raise safety issues. We plan to consistently improve
the robustness of the navigator, and then conduct sim-to-real
deployments in the future.
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