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Abstract

Navigating unseen environments based on natural language
instructions remains difficult for egocentric agents in Vision-
and-Language Navigation (VLN). Intuitively, humans inher-
ently ground concrete semantic knowledge within spatial
layouts during indoor navigation. Although previous stud-
ies have introduced diverse environmental representations to
enhance reasoning, other co-occurrence modalities are often
naively concatenated with RGB features, resulting in sub-
optimal utilization of each modality’s distinct contribution.
Inspired by this, we propose a hierarchical Semantic Un-
derstanding and Spatial Awareness (SUSA) architecture to
enable agents to perceive and ground environments at di-
verse scales. Specifically, the Textual Semantic Understand-
ing (TSU) module supports local action prediction by gener-
ating view-level descriptions, thereby capturing fine-grained
environmental semantics and narrowing the modality gap be-
tween instructions and environments. Complementarily, the
Depth-enhanced Spatial Perception (DSP) module incremen-
tally constructs a trajectory-level depth exploration map, pro-
viding the agent with a coarse-grained comprehension of
the global spatial layout. Extensive experiments demonstrate
that SUSA’s hierarchical representation enrichment not only
boosts the navigation performance of the baseline on discrete
VLN benchmarks (REVERIE, R2R, and SOON), but also ex-
hibits superior generalization to the continuous R2R-CE.

Code — https://github.com/HCI-LMC/VLN-SUSA

1 Introduction

With the advancement of multimodal technology (Radford
etal. 2021; Li et al. 2023a; Zhang et al. 2024) in the artificial
intelligence community, embodied VLN tasks (Krantz et al.
2020; Qi et al. 2020; Das et al. 2018) have garnered signifi-
cant attention due to their promising applications in robotics
and intelligent assistance. Conventional VLN tasks (Ander-
son et al. 2018; Krantz et al. 2020) focused on step-by-
step navigation in unseen environments based on detailed in-
structions, while goal-oriented VLN tasks (Zhu et al. 2021;
Qi et al. 2020) demand agents to identify predefined objects
based on high-level instructions. Consequently, VLN agents
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Figure 1: An overview of the proposed SUSA. Beyond
RGB inputs, we introduce view-level textual panoramas
and trajectory-level depth exploration maps, supporting the
agent’s explicit understanding of the environment.

are required to profoundly cognize the environmental spa-
tial information and ground them with textual instructions
to brilliantly accomplish navigation tasks.

Recently, increasing the diversity and quantity of aug-
mented environments (Wang et al. 2023b,c; Liu, Wang, and
Yang 2024) has emerged as a popular strategy to facilitate
the generalization ability of VLN agents in unseen scenar-
ios. This trend is largely motivated by the limited naviga-
tional environments in simulators, as well as the powerful
fitting capacity of Transformer-based VLN models (Chen
et al. 2021; Pashevich, Schmid, and Sun 2021). Nonethe-
less, VLN agents still struggle to accurately ground the land-
marks mentioned in language instructions with the RGB-
based visual scene, due to the intrinsic modality heterogene-
ity. To address this, recent studies introduce textual seman-
tics as perceptual representations to guide navigation (Pan
et al. 2024). These approaches leverage candidate object
concepts (Wang et al. 2023a; Lin et al. 2023), large language
models (LLMs) (Lin et al. 2024), or external knowledge (Li
et al. 2023b) to explicitly reason about textual descriptions
of landmarks and enhance environmental grounding. How-
ever, these methods tend to combine textual and visual rep-



resentations in a straightforward manner, which limits the
effective utilization of each modality and constrains the in-
terpretability of their individual contributions. Similarly, co-
occurring environmental cues from other modalities—such
as frequency (He et al. 2024), spectrum (Hwang et al. 2023),
and depth (Tan et al. 2022)—have also been preliminarily
explored, though remain underutilized.

In this work, we propose the hierarchical Semantic Under-
standing and Spatial Awareness (SUSA) architecture, which
augments the agent’s environmental comprehension by ef-
fectively perceiving and exploiting fine-grained textual se-
mantics and coarse-grained depth-aware spatial informa-
tion. To enable fine-grained semantic grounding, as shown
in Fig. 1, we construct a view-level textual panorama by
extracting salient landmarks as textual semantics, thereby
bridging the gap between visual and linguistic modalities.
The most instruction-relevant view is then selected for lo-
cal navigation prediction. For global action prediction, we
progressively construct a trajectory-level depth exploration
map to strengthen the agent’s coarse-grained spatial percep-
tion. Finally, SUSA hierarchically aggregates these hybrid
semantic-spatial representations to perceive complementary
environmental information and employs contrastive learn-
ing to align them with natural language instructions. Exten-
sive experiments on four VLN benchmarks (R2R (Anderson
et al. 2018), REVERIE (Qi et al. 2020), SOON (Zhu et al.
2021) and R2R-CE (Krantz et al. 2020)) demonstrated the
superiority of hybrid semantic-spatial representations en-
richment. The contributions of our SUSA are as follows:

* SUSA devises a textual-aware semantic understanding
(TSU) module to perceive fine-grained textual semantics
of environments, and explicitly address modality hetero-
geneity between instructions and environments.

SUSA further constructs a depth exploration map within
the depth-enhanced spatial perception (DSP) module to
complementarily perceive global environmental layouts
and reinforce holistic spatial awareness beyond RGB.

Experiments demonstrate that SUSA substantially im-
proves upon the baseline, achieving state-of-the-art per-
formance on three discrete VLN tasks, and exhibits
promising generalization in continuous environments.

2 Related Work

Vision-and-Language Navigation (VLN). Vision-and-
Language Navigation (VLN) tasks (Anderson et al. 2018;
Qi et al. 2020; Zhu et al. 2021) require an agent to navi-
gate in embodied environments sequentially towards a des-
ignated location or object based on natural language instruc-
tions. Given that the VLN task can be formulated as a par-
tially observable Markov decision process, early methods
(Wang et al. 2019; Fried et al. 2018) primarily relied on rein-
forcement learning and imitation learning paradigms to im-
prove navigation performance, incorporating various strate-
gies and auxiliary loss (Wang et al. 2019) designs. More
recently, to better model the relationship between the en-
vironment and instructions, many researchers (Chen et al.
2021; Pashevich, Schmid, and Sun 2021) have focused on
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transformer-based architectures, which effectively model in-
teractions among instructions, environmental features, and
historical navigation trajectories.

Environment Representations in VLN. Limited training
sources and environmental representations in VLN tasks
hinder the agent to generalize the unknown layouts. To al-
leviate this limitation, recent endeavors (Wang et al. 2023b;
Chen et al. 2022a) augment the quantity of environmen-
tal scenes, while others diversify environmental representa-
tions by constructing graphs (Georgakis et al. 2022; Huang
et al. 2023), grids (Wang et al. 2023c; An et al. 2023), or
volumetric environments (Liu, Wang, and Yang 2024). Be-
yond RGB inputs, recent efforts have explored other co-
occurrence multimodal(Li et al. 2023b; He et al. 2024) cues
to enrich environmental representations. For instance, SEAT
(Wang et al. 2024b) enhances cross-domain environmental
perception by querying the Matterport3D simulator (Chang
et al. 2017) for depth and semantics. However, SEAT fuses
these multi-type representations into a unified space without
explicitly grounding each modality. Moreover, these seman-
tic representations (Wang et al. 2024b; Hong et al. 2023)
are not inherently textual, limiting their ability to bridge
the modality gap. Other approaches incorporate depth in-
formation (An et al. 2023; Wang et al. 2023c); however,
they typically project depth values onto the spatial coor-
dinates of RGB images without independently grounding
the depth modality. In contrast, our method constructs the
view-level textual panoramas and trajectory-level depth ex-
ploration maps, individually grounding them with instruc-
tions to perceive rich environmental representations.

3 Methodology
3.1 Preliminary

Task Formulation. We focus on discrete VLN tasks (An-
derson et al. 2018; Qi et al. 2020; Zhu et al. 2021) within
a Matterport3D simulator (Chang et al. 2017), modeled as
an undirected graph G = {N, £}, where A denotes nodes
and & signifies the connectivity paths. At the outset of each
episode, the agent equipped with a GPS sensor, RGB and
depth cameras, is situated at a randomly navigable node and
receives a language instruction I = {w;}!_; including !
words. We use BERT (Devlin et al. 2019) to extract instruc-
tion features and then embed them as 7 = {wy,... ,w;}.
At each time step ¢, the agent can perceive the surrounding
RGB panorama R; = {r;;}?=¢ and depth panorama D; =
{d;,;}7=35 along with n corresponding views. During navi-
gation, the agent makes the next action a; by selecting one
navigable node from the candidate actions A; = {a;; }%_,.

Overview of the Proposed Method. Our objective is to
enrich complementary environmental content by equipping
the agent with a textual semantic panorama and a depth ex-
ploration map. Following prevailing approaches (He et al.
2024), we adopt DUET (Chen et al. 2022b) as our baseline,
which merely utilizes RGB panoramas and topological maps
as environmental representations for both local and global
action predictions. The SUSA framework consists of three
main modules: (a) 7SU: textual-aware semantic selection is
detailed in Section 3.2, (b) DSP: depth-enhanced visual en-
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Figure 2: The detailed architecture of our proposed SUSA model. The orange and green arrows highlight our proposed Textual-
Aware Semantic Understanding (7SU) and Depth-Aware Spatial Perception (DSP) modules, respectively. The Hierarchical
Aggregation and Prediction (HAP) module is designed for hierarchical aligning environmental representations with instructions.

Dynamic matching strategy

Instructions dyn >s
KV ) I X
g Cros.s ) @
— > Attention
| Q
= T Static matching strategy
_ otance matching stral
) wywywsg Wy
% 2 L]~ <
4 %
gL 2FHE -
XX 3 . o
=y N I B
28 500 L]
Textual semantics » LTT0--0

Figure 3: Illustration of the 7SU module in Fig.2, which
matches instructions and semantic features by static and dy-
namic matching strategies.

vironment exploration is presented in Section 3.3, and (c)
HAP: hybrid representation aggregation and hierarchical ac-
tion prediction is subsequently introduced in Section 3.4, as
illustrated in Fig. 2.

3.2 Textual-Aware Semantic Understanding

In this module, we build a textual semantic panorama that
enables the agent to understand the environment from a tex-
tual perspective, allowing it to select the most relevant navi-
gable view as the optimal local navigation action.

Salient Landmarks Extractor. The pretrained visual-
language model readily provides the capability for agents to
perceive textual semantics by generating detailed captions
from RGB images. As illustrated in Fig. 2, we utilize off-
the-shelf BLIP-2-FlanT5-xxL (Li et al. 2023a), a powerful
visual-language model, to discretize R; and generate corre-
sponding textual descriptions for each view using the sim-
ple prompt “a photo of”. Following (Gao et al. 2024; Li
and Bansal 2023), this process yields a textual panorama
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S; = {s+;}7=7%, where each view s;; contains informed
descriptions of salient landmarks. These descriptions typi-
cally involve room types and objects (e.g.,“a living room
with two chairs”), which assist in the object recognition.
We further discuss the quality of the generated descriptions
in supplementary materials. Additionally, we employ the
CLIP (ViT-L-14-336px) text encoder (Radford et al. 2021)
to extract textual semantic panorama features, embedding
themas X;° = {z,...,x;,}. Thanks to the powerful yet
frozen BLIP 2 and CLIP models, we empower the agent to
obtain textual semantic features from the navigable nodes in
its vicinity during navigation.

Textual Semantic Selector. Similar to (Pan et al. 2024), we
treat the textual semantic as a perceptual representation for
navigation in this module, directly matching salient land-
marks with the instructions. As shown in Fig. 2 and Fig. 3,
our textual semantic selector combines both static and
dynamic matching strategies to select the most instruction-
relevant view in the textual panorama X;°.

Static Matching: The most straightforward approach
to semantic alignment is by calculating similarity, where
higher similarity indicates stronger relevance between the
textual semantics of each view and the instruction. Con-
sequently, we calculate the cosine similarity matrix M €
R™*! which represents the correlation between each word
in the instruction Z and each view in the textual panorama
X7 . Nevertheless, the textual semantics generated only cor-
respond to salient landmarks (e.g.,“plant,” or “table”) rather
than actions (e.g., “go to” or *“ turn left”) in the instructions.
Therefore, we then apply row-wise max-pooling to purify
the static instruction relevance I'§*%* € R™ to match the most
relevant landmarks between textual semantics and instruc-
tions at step ¢ :

thz'I' t
M ; = —2""7_ 1" = max M,
AR TTF T R PR

ey



where? = 1,...,nand j = 1,...,[. Although straightfor-
ward, the static strategy relies on the monotonic similarity
matrix to match textual semantics Xt‘s and instructions Z,
struggling with long-term navigation reasoning.

Dynamic Matching: Furthermore, a dynamic matching
strategy is introduced to better capture the intricate relation-
ships between the environment and instruction. Specifically,
we utilize a standard multi-layer transformer decoder to dy-

namically match the relevance I'{¥" between textual seman-
tics and instructions, as formalized by:

i = TCA(XS, 7, 1), )

where TCA denotes a textual modality cross-attention
mechanism that models textual semantic-instruction rela-
tionships. TCA comprises a cross-attention layer, a feed-
forward network (FFN) layer, and LayerNorm, enabling the
agent to adapt to long-term navigation sequences.

To trade off computational efficiency and navigation ac-
curacy, we flexibly combine the relevance of static I';"” and

dynamic I'¢**. The latent semantic panoramic feature X;° is
expressed as follows:

XF = 5T 4 (1= 8)« T, 3

where the balance factor § regulates the relative contribu-
tions of each matching strategy. By mapping the environ-
ment to the same textual modality, the textual semantic se-
lector enables the agent to explicitly understand the envi-
ronment context from a textual semantic perspective, thus
facilitating grounded language instructions.

3.3 Depth-Enhanced Spatial Perception

Depth images, which also contain more intuitive and easily
distinguishable structural information, were not adequately
exploited in earlier works (Tan et al. 2022). To enhance the
spatial perception, we concurrently construct a depth-based
exploration map to memorize depth-based navigation trajec-
tory alongside the RGB-based one (Chen et al. 2022b).

Depth-Enhanced Exploration Mapping. Concretely, we
obtain ground truth depth images for each view from the
Matterport3D simulator. As illustrated in Fig. 2, we then
employ ResNet-50 (He et al. 2016) (pretrained on the Gib-
son (Xia et al. 2018)) and CLIP (ViT-L/14@336px) as the
depth and RGB encoders, respectively, to extract panoramic
depth features D; € R™*% and panoramic RGB features
R; € R™ % where d, represents the dimension of each
view. Moreover, we employ a two-layer transformer-based
panorama encoding module to perform self-attention and
sequentially encode the depth and RGB panoramic images.
The panorama encoding modules for both modalities share
weights, since each view in the depth and RGB panoramas
is accordant. Subsequently, we aggregate each visited node
and its adjacent views by average pooling to construct depth
and RGB exploration maps in parallel. The explored depth
and RGB trajectory maps are formalized as 7,0 € Rk*dn
and T} € ]Rf *dn Here, k denotes the number of nav-
igable nodes at step ¢, while d,, represents the dimension
of each navigable node. These exploration maps memorize
the agent navigation trajectory information for global action
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Figure 4: The pipeline for fusing hybrid environmental rep-
resentations in the proposed HAP module in Fig. 2.

predictions, which serve to guide the agent traversal across
various navigable nodes when considering backtracking.

Cross-Modal Interaction and Reasoning. To defer to in-
structions, we utilize a multi-layer cross-encoder that inter-
acts with both the language instructions and the depth explo-

ration map features to generate the refined depth map 77P.
This encoder comprises four residual connection layers of
a cross-modal transformer, each incorporating graph-aware
self-attention (GASA) (Chen et al. 2022b), cross-modal at-
tention, and a feed-forward network. The GASA operation
is formally expressed as GASA(X) = 9(X0,(XOx)T +
M)X©O, where M represents a learnable distance matrix
encoding the relative distances between navigation nodes,
0 denotes the Softmax activation function, and ©,, O, ©,,
are learnable weight matrices. In parallel, we facilitate sim-
ilar cross-modal interactions between the language instruc-
tions and the RGB exploration map 7%, as well as the RGB
panoramas X' ™. These are encoded as 7R and X'R, thereby
enabling the model to perform both global and local pre-
dictions based on the given instructions Z. Compared to
the standalone 7%, the incorporation of a depth exploration
map 7P enhances the perceptual clarity of environmental
structures, mitigating the risk of overfitting to RGB-based
visual noises (Ilinykh, Emampoor, and Dobnik 2022) or bi-
ases (Hu et al. 2019; Wang et al. 2024a).

3.4 Hierarchical Aggregation and Prediction

Building on aforementioned methods, at the current state ¢,
the agent synchronously perceives the environment through
multiple modalities—textual semantic, depth, and RGB —at
various scales (local and global). To encourage the agent to
aggregate complementary context from these hybrid repre-
sentations, we encode these features into a low-dimensional
latent space via attention pooling and apply contrastive
learning to align them with the instructions.

Hybrid Representations Aggregation. As depicted in
Fig. 4, we employ attention pooling to project all environ-
mental representations at step ¢, along with the correspond-
ing instruction, into an equivalent dimension d. Specifically,



the attention pooling AP operation is defined as follows:
H=AP(H,v), He{XS TP XRTRI} (4

where v € R? denoting the learnable query vector and He
R?. The AP operator is given by:

n=0(rH)®v"), H=1nhoH), 5)

with 7 representing the tanh activation function. Subse-
quently, we perform weighted aggregation of the hybrid en-
vironmental representations £, as follows:

B=1[h B B fa] =o(FENIXS AT TP TR (6)
Ehvb _ [Xls XR TD 7‘72} - B, @)

where o stands for the sigmoid activation function, and [; ]
denotes concatenation.

Hierarchical Action Prediction. We perform hierarchical
action prediction by synergistically fusing the prediction
scores from multiple branches to capture complementary in-
formation. Specifically, the scores for each branch are com-
puted via separate FFN: Py; = FFNy(H), where H =
{z € H | = # I}. Then, we apply weighted fusion to the
textual semantic panorama XS and the RGB panorama X'
to make local predictions, along with global predictions de-
rived from exploration maps based on depth 77 and RGB
TR, which is formulated as:

Px = 1 Pys + BaPxr, (3)
Pr = B3Pro + aPr=. )

We convert local predictions into global actions and predict
a; via dynamic fusing (Chen et al. 2022b) Py and Py.

3.5 Training

Partially Pretraining. Our pre-training phase followed
prior work (Chen et al. 2022b), utilizing auxiliary tasks
such as Masked Language Modeling (MLM), Masked Re-
gion Classification (MRC), and Single-step Action Predic-
tion (SAP). Object Grounding (OG) task to localize tar-
get objects in REVERIE and SOON. Given the sparsity of
depth images and textual semantics compared to RGB im-
ages, completely pre-training all parameter of SUSA may
lead to overfitting and increased training costs. As shown in
Fig. 2, only the computation flows indicated by black arrows
were pre-trained. The effectiveness of this partial pre-trained
strategy is demonstrated in Section 4.3.
Contrastive and Imitation Learning. During fine-tuning,
we employ a contrastive learning loss £; to align the hybrid
environmental representations £"¥® with the corresponding
instructions Z:
B exp((EM™P 7, /t
Lo = =35 Xz log zlepffipE'(Ei‘yb{;j))/t)
exp((Zi,B}*") /1)

1 B
~ 2B Zi:l IOg Zle exp((ImEyyb)/t) ’

where B and t represent the batch size and the tem-
perature. Then, we train the model based on hybrid en-
vironment representations by performing single-step ac-
tion prediction (Chen et al. 2021, 2022b) with a con-
trastive learning loss L.. The hybrid single action

(10)
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prediction loss in imitation learning is computed as

‘C?Liap = erzl - logp(aftﬂ, St, Dy, 7?’<t) and E;Lsap =

Sr —logp(af|Z,8;, Dy, Ret), where af' represents
the ground truth action, and a} denotes the pseudo-target ac-
tion sampled from current exploration map. The final train-
ing loss is then expressed as follows:

Ly, + L

hsap hsap

+ AL (11

Lsusa =M

where \; and )\, denote loss weights.

4 Experiments
4.1 Task Setup and Implementation

Datasets. We mainly evaluate our model on three di-
verse VLN benchmarks. R2R (Anderson et al. 2018) fo-
cuses solely on navigation following detailed instructions.
REVERIE (Qi et al. 2020) requires the agent to recog-
nize the correct object from candidate bounding boxes upon
reaching the navigation goal. SOON (Zhu et al. 2021) chal-
lenges agents to generate candidate bounding boxes using an
object detector. Given that discrete agents can serve as plan-
ners of ETPNav (An et al. 2024), we also evaluate SUSA
on the continuous R2R-CE (Krantz et al. 2020). R2R-CE is
constructed from the discrete Matterport3D and executed in
the continuous Habitat simulator (Savva et al. 2019).
Metrics. We evaluate the navigation performance using
standard metrics: Success Rate (SR), Oracle Success Rate
(OSR), Navigation Error (NE), and Success Rate weighted
by Path Length (SPL). For the REVERIE and SOON tasks,
which involve object identification, we also evaluate object
grounding metrics: Remote Grounding Success (RGS) and
RGS weighted by Path Length (RGSPL). Given that SPL
optimally balances navigation success rate and trajectory
length, we employ it as our primary metric.
Implementation Details. Pre-training was performed for
100k iterations with a batch size of 32. Fine-tuning was per-
formed for 25k iterations for VLN tasks. For fine-tuning,
we used batch sizes of 4, 8, 2 and 16 for R2R, REVERIE,
SOON and R2R-CE, respectively. The default hyperparame-
ters are A\; = 0.2 and A\>=0.8. The node and view dimensions
are identical: d, = d,, = d = 768. We minimized changes
to the baseline (DUET) (Chen et al. 2022b) settings and used
no additional annotations. All experiments were conducted
on a single NVIDIA RTX 4090 GPU.

4.2 Comparisons with State of the Art

We primarily conduct a comprehensive comparison on three
discrete VLN tasks—REVERIE (Qi et al. 2020), R2R (An-
derson et al. 2018), and SOON (Zhu et al. 2021). For fair-
ness, we exclude methods that involve pre-exploration (Sig-
urdsson et al. 2023) or utilize large-scale data augmentation
(Wang et al. 2023b). Tables 1 and 2 present a compara-
tive analysis on REVERIE, R2R, and SOON. Our method
achieves, and in some cases surpasses, the performance of
previous state-of-the-art approaches on various metrics. For
instance, SUSA achieves an SPL/RGSPL of 41.5%/27.3%
on the REVERIE test unseen split, significantly outperform-
ing the baseline (DUET) by a large margin of 5.5%/5.3%.



\ REVERIE R2R

Methods Val Unseen Test Unseen Val Unseen Test Unseen

SR SPL RGSPL | SR SPL RGSPL | SR SPL NE| | SR SPL NE|
RCM (Wang et al. 2019) 9.2 6.9 3.8 7.8 6.6 3.1 43 - 6.0 43 38 6.1
GridMM (Wang et al. 2023¢) | 51.3 364 24.5 53.1 36.6 23.4 75 64 - 73 62 -
KERM (Li et al. 2023b) 49.0 34.8 24.1 522 374 23.1 719 609 32 | 697 592 3.6
AZHP (Zhan et al. 2024) 49.0 36.2 24.1 52.5 36.1 22.5 71 60 3.2 69 59 34
FDA (He et al. 2024) 475 359 24.3 496 364 22.0 72 64 34 69 62 341
CONSOLE (Lin et al. 2024) 50.0 344 233 551 37.1 222 73 63 3.0 72 61 3.3
ACME (Wu et al. 2025) 49.5 324 24.0 519 347 23.6 728 623 312 | 704 612 3.68
DUET (Chen et al. 2022b) 46.9 33.7 23.0 52.5 36.0 22.0 72 60 33 69 59 3.65
SUSA (Ours) 51.7 38.8 26.5 543 415 27.3 730 648 3.0 | 725 638 3.20

Table 1: Comparison with the state of the art on REVERIE and R2R. Bold highlights the best performance in each column. |

indicates better performance with lower values. “~": unavailable statistics. % is omitted for brevity.

TR

Method Val Unseen Test Unseen RGB Depth | SR SPL RGS RGSPL
SPL RGSPL|SPL RGSPL VIT  wjo | 469 337 321 230
GridMM (Wang et al. 2023c)|24.8 3.9 |21.2 4.1 CLIP w/o 51,5 357 351 24.4
KERM (Li et al. 2023b) 23.1 44 - - CLIP ImageNet | 50.1 34.6 34.3 23.6
SEAT (Wang et al. 2024b) |24.8 39 (225 44 CLIP  Gibson | 52.0 39.2 350 26.5
ACME (Wu et al. 2025) 278 43 |223 55
DUET (Chen et al. 2022b) [22.5 3.7 [214 4.1 Table 4: Ablation of different visual representations on the
SUSA(Ours) 308 64 254 5.9 REVERIE validation unseen split. Gibson and ImageNet

Table 2: Comparison with the state of the art on the SOON.

serve as pre-training sources for the depth encoder (ResNet-
50) in the DSP module.

Method Val Unseen | Test Unseen 5 REVERIE R2R
crnocs SR SPL |SR SPL SR SPL RGSPL| SR SPL nDTW
GridMM (Wang etal. 2023¢) | 49 41 |46 39 w/o 520 392 265 |72.8 62.7 693
AO-Planner (Chen et al. 2025)| 47 33 | - - 0 |539 388 268 |722 637 707
ETPNav (An et al. 2024) 57 49 |55 48 05 |550 395 267 |73.0 648 710
DUET (Chen et al. 2022b)  |51.9 412 [47.1 405 d“;. ggi g;g ggg Z%g 2?? ggé
SUSA (Ours) 52.7 43.6 [50.9 43.9 adaptroe | 9= : : : : :

Table 3: Comparison with the state of the art on R2R-CE.
We directly transfer the DUET and SUSA as planners of
ETPNav into the continuous environment without pretrain-
ing. Underline indicates improvements over the baseline.

Furthermore, we briefly transfer the agent into continuous
environments to coarsely assess its adaptability and general-
ization. Results in Table 3 indicate that SUSA achieves su-
perior performance over the baseline in the continuous R2R-
CE task, highlighting the potential of hierarchical represen-
tation enrichment in continuous navigation scenarios.

4.3 Diagnostic Experiment

1) Image Features vs. Structural Features. We analyze
RGB and depth features contributions within the DSP mod-
ule (Table 4). For RGB images, substituting ViT (Dosovit-
skiy et al. 2020) features with those from CLIP (Radford
et al. 2021) yields marked improvements across all met-
rics. As for depth features, we leveraged depth features ex-

Table 5: Ablation of static and dynamic matching strategies
in the TSU module, balanced by the balance factor .

tracted by ResNet-50 (He et al. 2016) pre-trained on the
ImageNet (Deng et al. 2009) or Gibson (Xia et al. 2018)
datasets to investigated the effect of depth exploration maps.
Compared to ImageNet, the Gibson simulator provides spa-
tial structural information that serves as valuable navigation
priors. Therefore, the ResNet-50 pre-trained on the Gibson
yields notable improvements in the SPL metric without com-
promising SR or RGS. These improvements indicate that
better spatial perception enhances navigation efficiency.

2) Static Matching vs. Dynamic Matching. To assess the
impact of static matching (6 = 0) and dynamic matching
(0 = 1) strategies in the TSU module, we perform ablation
studies based on balance factor ¢ on the R2R and REVERIE.
Table 5 summarizes these results, where w/o indicates the
exclusion of the TSU module. Furthermore, adaptive de-
notes that J is a learnable parameter which adaptively adjusts
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Figure 5: (a) and (b) show the performance gap (|, lower val-
ues indicate better performance.) between seen and unseen
environments, while (c) and (d) present key metrics (1) for
different pretraining strategies on the R2R and REVERIE.

ID | DSP TSU HAP SR SPL RGSPL
1 X X X 1469|525 33.7/36.0 23.0|22.0
2| v X X 152.0/52.5 39.2(39.5 26.5|24.9
3] X v X ]53.1|53.8 38.3]40.8 26.7|26.4
4 | v/ 4 X |55.0/51.9 39.5]37.8 26.7|25.2
5|1V v v | 51.7]54.3 38.8|41.5 26.527.3

Table 6: Ablation study on different components of SUSA
on the REVERIE (validation|test) unseen split.

the contribution of each matching strategy. While the TSU
module can achieve superior performance under the adap-
tive setting, it underperforms when § = 0.5. Specifically, at
6 = 0.5, the SPL reaches 39.50% and 64.85% on the two
datasets. Excellent results demonstrate dual merits of TSU
module, which boosts object identification accuracy on the
REVERIE while simultaneously improving the fidelity be-
tween navigation trajectories and instructions on the R2R.
3) Improved Generalization via Pretraining. As afore-
mentioned in Section 3.5, pretraining the entire SUSA
framework on multiple auxiliary tasks may lead to overfit-
ting, which negatively impact the generalization in unseen
environments. As shown in Fig. 5, the partial pretraining
strategy not only consistently narrows the performance gap
between seen and unseen environments but also outperforms
complete/random pretraining strategies in navigation perfor-
mance. In Fig. 5 (a), the partial pretraining model achieves
an SR gap of only 21.11% between the seen and unseen
splits on REVERIE, reducing the gap by 5.92% compared to
the complete pretraining strategy. Additionally, as depicted
in Fig. 5 (c), multiple metrics indicate that partial pretraining
results in superior performance. Fig. 5 (b) and (d) illustrate
similar trends are observed on R2R, further emphasizing the
generalization of the partial pretraining strategy.

4) Overall Design. To thoroughly evaluate the efficacy
of key components, we conduct ablation experiments on
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Figure 6: Predicted trajectories of SUSA and DUET on the
R2R validation unseen split.

the REVERIE validation and test unseen splits in Table 6.
An intriguing phenomenon is observed in Table 6: di-
rectly incorporating the DSP and TSU modules (#4) results
in an improvement on validation unseen (e.g., SR=55.07,
SPL=39.50), while performance on test unseen deteriorates.
Conversely, contrastive learning within the HAP module
(#5) produces opposite outcomes, particularly with respect
to the SR metric. This may be attributed to the learnable to-
ken v, which, while pooling hybrid environmental represen-
tations, also introduces slight noise that causes fluctuations
of navigation performance. Nevertheless, the overall perfor-
mance is progressively improved with the inclusion of DSP,
TSU and HAP modules.

4.4 Qualitative Analysis

As shown in Fig. 6, compared to DUET, our SUSA agent is
able to accurately stop near the “living room with a couch.”
In contrast, the DUET agent, which relies exclusively on
RGB environment representations, is prone to making elu-
sive actions, hindering its ability to accurately follow in-
structions and reach the target location. This manifests that,
thanks to the salient landmarks provided by the SUSA ar-
chitecture, the agent is better able to navigate to the target
location by grounding textual instructions.

5 Conclusion

We present the SUSA architecture, which hierarchical ex-
ploits semantic-spatial representations beyond RGB to facil-
itate environmental understanding and instruction ground-
ing. Specifically, we propose the TSU module, enabling the
agent to identify the most instruction-relevant textual se-
mantic. The DSP module complementarily enhances spa-
tial awareness by incrementally constructing and ground-
ing depth exploration maps. Experimental results on the
R2R, REVERIE, SOON and R2R-CE benchmarks demon-
strate the navigational superiority of our approach. Benefit-
ing from hierarchical representation enrichment and align-
ment, SUSA exhibits excellent generalization performance
on unseen environments and modality interpretability.
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