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Abstract— Integrating visual observation with linguistic in-
struction holds significant promise for enhancing robot nav-
igation across unstructured environments and enriches the
human-robot interaction experience. However, while panoramic
RGRB views furnish robots with extensive environmental visuals,
current methods significantly overlook crucial semantic and
depth cues. This incomplete representation may lead to misin-
terpretation or inadequate execution of language instructions,
thereby impeding navigation performance and adaptability.
In this paper, we introduce SEAT, a semantic-depth aware
cross-modal transformer model. Our approach incorporates
an efficient panoramic multi-type visual encoder to capture
comprehensive environmental details. To mitigate the rigidity
of feature mapping stemming from the freezing of pre-training
encoders, we propose a novel region query pre-training task.
Additionally, we leverage an improved dual-scale cross-modal
transformer to facilitate the integration of instructions, topolog-
ical memory, and action prediction. Extensive experiments on
three language-guided robot navigation datasets demonstrate
the efficacy of our model, achieving competitive navigation
success rates with fewer parameters and computational load.
Furthermore, we validate SEAT’s effectiveness in real-world
scenarios by deploying it on a mobile robot across various
environments. The code is available at https://github.
com/CrystalSixone/SEAT.

I. INTRODUCTION

Advancements in language-guided robot navigation rep-
resent significant progress within embodied artificial intelli-
gence (E-Al), driving the development of autonomous agents
that understand and interact with their surroundings in a
manner akin to humans. The fundamental task of this field is
enabling robotic systems to navigate efficiently using verbal
commands [1]. Such navigation demands a sophisticated
fusion of linguistic comprehension and visual perception, al-
lowing robots to autonomously interpret and act on complex
instructions with high precision.

The task of language-guided robot navigation, founda-
tional to the advancement of E-Al, has garnered widespread
attention and development since its inception [2], [3]. Despite
the growth, the field continues to face significant challenges.
One primary concern is the inadequate understanding and
interpretation of the visual environment. Traditional methods
merely depend on RGB features to encode visual cues [4],
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Fig. 1: Proposed SEAT model. By injecting panoramic multi-
type visual features and fusing dual-scale vision-language
modalities, we aim to improve the capability of perception
and inference for language-guided robot navigation.

[5], [6], a stark contrast to the multifaceted perception
humans possess innately, encompassing semantic and depth
cues for a comprehensive environmental grasp. While there
have been efforts to integrate additional visual features [7],
[8]1, [9], the essential task of harmonizing these diverse
visual inputs, particularly in panoramic views, has not been
adequately addressed. This shortfall is exacerbated by the
widespread use of static, pre-trained visual feature extractors.
While this operation is beneficial for enhancing training
efficiency, it can result in the rigidity of feature mappings
and challenges in adapting to new environments. Another
pressing issue is the inefficiency in long-term cross-modal
inference. The success of a navigation system lies in its
ability to forge and maintain coherent connections between
multiple modalities throughout navigation. However, existing
methods, relying on soft attention mechanisms [10], [11] or
insufficient pre-training strategies [12], [13], fail to secure
a robust alignment between modalities. This misalignment
results in inconsistent representations, failing to accurately
correlate visual attention with corresponding language in-
structions. Moreover, the tendency to employ all layers of
pre-trained cross-modal models without customization leads
to parameter redundancy, which not only inflates the model
size but also increases the risk of overfitting, especially when
training with limited navigation datasets.

In this paper, we propose SEAT (Fig. 1), a Semantic-dEpth
Aware cross-modal Transformer model, aimed at addressing
the above challenges in language-guided robot navigation
by substantially augmenting environmental perception and
cross-modal fusion. Through in-depth discussion and exper-
imental validation, SEAT employs an effective panoramic
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ness and cross-domain understanding. By enabling PMV
to distinguish the semantic content of the provided region,
a region query (RQ) pre-training task is proposed to en-
hance PMV adaptability and reduce the feature discrep-
ancies and mapping rigidity caused by the frozen visual
extractors. For seamlessly integrating language instructions,
global topological memory, and local action prediction, an
improved co-attention-based dual-scale cross-modal trans-
former is introduced. We present a comprehensive evaluation
of SEAT’s performance on three public datasets (R2R [1],
REVERIE [2], and SOON [3]), demonstrating its superiority
over existing methods. Furthermore, we validate our method
on a real mobile robot in various real-world scenarios.

II. RELATED WORK

As societal expectations for versatile service robots grow,
existing navigation techniques face increasing pressure to
adapt to expanding application scenarios, highlighting the
need for more robust navigation solutions, especially in
natural interaction with humans [14], [15], [16]. Anderson
et al. [1] proposed vision-and-language navigation with fine-
grained step-by-step instructions based on the real-3D indoor
simulator MP3D [17]. Subsequently, Qi et al. [2] proposed
the remote embodied visual referring expression in real in-
door environments. Zhu et al. [3] proposed scenario-oriented
language object navigation. In this paper, we refer to these
tasks collectively as language-guided robot navigation.

Initially, researchers employed recurrent neural networks
with single RGB observations [10], [18]. Subsequently,
panoramic images were recognized as effective inputs for
a broader visual scope at each viewpoint [19], [20]. The
evolution to transformer-based methods [21] marked a sig-
nificant leap in navigation performance enhancement, which
includes the transition from simple recurrent models [4] to
more complex graph-structured frameworks [6], [22], [23],
signaling notable progress in the field.

Our research builds upon these innovations, specifically
the graph-based DUET model [6]. Various improvements
are introduced: Firstly, inspired by advancements in visual
depth and semantic estimation [24], [25], we propose to
incorporate multiple types of visual features to enhance
perception capabilities. Secondly, leveraging insights from
established pre-training tasks such as MLM [26], SAP [5],
and OG [27], we introduce a region-query task aimed at
mitigating feature mapping rigidity and enhancing the fusion
of semantic and depth information. Thirdly, to address the
compatibility gap between the object-level visual features
used in previous cross-modal backbone LXMERT [13] and
the more recent CLIP-based features [28], we adopt the
advanced fully-transformer METER model [29] for cross-
modal fusion. Furthermore, we explore the impact of initial-
ization layer numbers on performance. Moreover, compared
to some other methods using depth or semantic features [7],
[30], [31], our approach offers several advantages: simplicity
in preprocessing, comprehensive integration of panoramic
RGB, semantic, and depth features, and achieving superior
results with fewer parameters.

III. METHODOLOGY
A. Problem setup

In the language-guided robot navigation task, an agent fol-
lows a given language instruction X = {z;}~ ;. Following
the setup in previous research [19], at each step ¢, the agent
perceives its surroundings through a 360-degree panoramic
view, which is discretized into 36 sub-images across 12
headings and 3 elevations at 30-degree intervals, denoted as
O = {0;}Y,. The pose P; = (0;, p;) represents the agent’s
heading and elevation. Each environment is represented as a
connected graph G = {P, ¢}, where P denotes navigable
points and ¢ denotes edges. The agent selects a nearby
navigable candidate point or concludes navigation when it
believes it has reached the target location. Navigation is
successful if the robot stops near the target point within a
certain threshold.

B. Panoramic Multi-type Visual Encoder

While panoramas have proven effective in providing de-
tailed representations of surrounding environments [19], in-
tegrating depth and semantic information into panoramic
perception poses an ongoing challenge. In simulations based
on MP3D [17], depth and semantics can be acquired through
queries. In real-world scenarios, thanks to the advancements
of corresponding visual estimation methods [24], [25], the
semantics and depth can be easily estimated without extra
sensors. For convenience, we use R, € RV*Pr E, ¢
RN*Da and 5, € RVN*D: o present RGB, depth, and
semantic features, respectively. CLIP [28] trained by the
natural language supervision is used for extracting RGB
features, and ResNet-50 [32] trained to perform the point-
goal navigation [33] is used for depth features. Considering
the blurred boundaries of semantic segmentation and the
memory constraints posed by storing individual semantic
segmentation features, we translate segmentation information
into semantic labels S; € R*2. To denote object presence
in images, S;[i] = 1 signifies the appearance of the i-th
category, while S;[i] = 0 indicates its absence. To explore the
potential effective mechanism for the panoramic multi-type
visual (PMV) encoder, we design three kinds of structures:

Type-1: SepFFN. Different from typical visual tasks, the
difficulty of this task lies in the extraction and fusion of
multi-types of panoramic representation with self-centered
vision, which is divided into N = 36 sub-images. One
straightforward way is to use separate feed-forward networks
(FFN) to unify the dimensions, and then concatenate different
components in the same locations. As shown in the left part
of Fig. 2, the derived RGB image R;, depth F;, and semantic
S; features are projected to a unified dimension Dy via
independent FFN denoted as v (-). To increase nonlinearity
and diversity, the ReLU and dropout functions (denoted as
k(+)) are employed. Then, we concatenate these features
(denoted as [, ] for concatenation along the length dimension,
and [;] for concatenation along the feature dimension) and
use another FFN to transform them from 3Dj to Dy.
The layer normalization is employed for regularization. The
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Fig. 2: Overview of SEAT. A panoramic multi-type visual (PMV) encoder is used to fuse the RGB, semantic, and depth
features, followed by a dual-scale cross-modal encoder for integrating the vision, language, and history for decision-making.

above process is formulated as follows:
Ry = 6(Yr(Ry)), & = k(Wa(Er)), St = k(¥s(S1)) (D)
Vi = LN (¢o([Re; Di; Stl)) 2)
The panoramic spatial encoding is achieved by a trans-
former encoder T),(-) [21], with the addition of the sinusoidal
heading and elevation embeddings ¢,, for each sub-image:
Py = i, (sin 0y, cos Oy, sin ¢y, cos by ) 3)
O, = T,(V, + ) @)
The transformer encoder T}, includes several multi-head
self-attention (MSA) blocks, processing input X as follows:

T
h; = Softmax()W)XWv %)
MSA(X) = [h1;...;hg]Wh + X (6)

where W presents the learnable weight, h; denotes the
output of the i-th attention head. The scaling factor dj is
equal to 64, and H, the total number of heads, is set to 12.

Type-2: UniTrans. As sub-images for each panorama
inherently form a sequence, an alternative fusion approach
involves utilizing a unified transformer encoder to process
different types of vision features. Specifically, we concate-
nate Ry, F;, and S; along the sub-image dimension, resulting
in 3N x Dj features. Subsequently, we employ distinct
embedding functions ¢(-) for different modalities B,,, (where
0 denotes Ry, 1 denotes E;, and 2 denotes S;) and locations
By (ranging from 0 to N —1) to differentiate between modal-
ities and locations for each token. Following this, a single
transformer encoder T),,(+) is applied to encode these multi-
type visual features. The resulting enhanced RGB tokens are

then extracted as the primary fused visual features:
Vi =Tin([Re, & St + om(Bm) +@1(Br)) (D)

The spatial encodings across different angles for panoramic
visual fusion follow the formulations in Eq.(3) and Eq.(4).

Type-3: UniTransCLS. The prior method exchanges in-
formation across various locations when merging multiple
visual features, with RGB tokens as the primary output,
potentially causing confusion and bias in representation per
sub-image. Therefore, we further propose UniTransCLS.
This model reshapes the length of sub-images IV to the batch
size dimension, which becomes R *2*DPnr and concatenates
the features along the length dimension, with the addition
of [CLS] token at the sequence start. This adjustment stan-
dardizes each sequence to four tokens, ensuring equal treat-
ment of sequences from different locations. Consequently,
the transformer focuses on fusing visual features without
information leakage from other locations:

Vi :Tm([[CLS]v 27 tlvsé] +90m(Bm)) 3

Subsequently, [CLS] tokens from different locations are
extracted to represent the fused features. These tokens are
then passed to the panoramic spatial transformer, following
the same process as described in the preceding methods.

C. Region Query Pre-training Task

Given the frozen state of raw encoders pre-trained on
large datasets to enhance training efficiency, the subsequent
concern is how to enhance the adaptability of our learn-
able PMV encoder in terms of semantic understanding and
spatial awareness. To address this challenge, we introduce
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Fig. 3: Illustration of the region query (RQ) task.

N

the Region Query (RQ) pre-training task to improve the
encoder’s visual inference capability. As shown in Fig. 3, this
task enables the agent to discern whether a provided region
contains the content of the designated label, outputting a
“yes” or “no” prediction. For the sampled region, we record
its coordinates p, distance d, and one of its semantic labels [
to generate positive samples. To construct negative samples,
we first randomly select the category labels. If the chosen
label exists in the image, we displace coordinates beyond
the actual region and randomize distance. Otherwise, both
coordinates and distance are randomized. The number of
positive and negative samples account for 50% respectively.

The embedding functions ¢(-) are used to capture the
location, distance, and label features. Then, these features are
concatenated with the fused multi-type features V; per image.
The specific FFN network t),,, comprising three blocks
of full connection, dropout, and ReLU layers, functions as
the dedicated prediction head. The sigmoid function o(-) is
utilized to predict y within the range of 0 to 1:

Gp =), G =wi(l), Ga = pa(d) ©)

y:J(qu([Vﬁgp?gl;gd])) (10)

Let ¢; and y; denote the ground truth and predicted result.
The binary cross-entropy loss is used for optimization:

B
1 . "
Lro=-5 > i - log(y) + (1 = ) - log(1 — )] (11)
i=0
where B is the number of samples in a batch.

D. Dual-scale Cross-modal Fusion

1) Text Encoder: Besides the visual features, the agent
also needs to learn linguistic guidance from raw language
input. We introduce RoBERTa [34] to extract text features in
end-to-end training. Compared with earlier methods relying
on BiLSTM [10] or BERT [6], [35], RoBERTa has exhibited
enhanced robustness and broader applicability across diverse
downstream tasks. The absolute positional encoding P, [21]
is added for presenting sequence information:

X = RoBERTa(X + P,) (12)

2) Dual-scale Cross-modal Encoder: Long-distance
cross-modal fusion is pivotal in language-guided robot
navigation. Building on [6], we use a dual-scale cross-
modal encoder comprising a local branch for merging
fine-grained features V}/ from the current viewpoint and
instructions, alongside a global branch that topologizes
coarse-grained features V from potential candidates across
all visited nodes. Unlike previous methods that relied on

LXMERT [13] with object-level image embeddings [36] as
the cross-modal foundation, we address the compatibility
issue with CLIP-based image features [28] by adopting
METER [29], a more advanced fully-transformer vision-
and-language backbone. As depicted in Fig. 2, we employ
co-attention blocks for effective cross-modal fusion:

FE = CoAttn(VE, X, X), FE = CoAttn(VE, X, X) (13)

Lastly, the dynamic fusion strategy is employed for predic-
tion. The FFN ¢ (-), followed by the sigmoid function o (),
is used to obtain the predicted scores w by calculating the
concatenation of the [CLS] tokens from the local and global
branches (denoted as UF and UF). The results from the
two branches are then weighted and combined. The softmax
function is used to yield the final prediction p;:

w = o (vu (U3 US)) (14)
pr = Softmax(wiy (Ff) + (1 — w)oy (FF)) (15)
Let p; be the ground truth action for step t. The cross-
entropy loss is used to supervise action prediction:
T

Lap =~ pilog(p)
=1

Furthermore, we assess the impact of varying the number
of layers in both the text encoder and cross-modal encoder, as
it may influence learning performance [37]. Experimentally,
we find that opting for fewer layers instead of employing
the complete pre-trained large model can yield enhanced
accuracy and generalization with fewer parameters.

(16)

E. Training Strategy

The training process comprises two stages: pre-training
and fine-tuning. Pre-training has emerged as a potent ap-
proach for enhancing the learning of transformer-based mod-
els [12], [38], [39]. We first pre-train the PMV encoder
using the RQ task. For further task-specific pre-training,
we initialize the network with pre-trained weights from
both vision-and-language model METER [29] and PMV.
The masked language modeling (MLM) [40] and single-
step action prediction (SAP) [5] tasks are employed on R2R,
while object grounding (OG) [27] is additionally employed
for REVERIE and SOON. In the fine-tuning stage, the
teacher-forcing and sampling strategies are used interleaved.
The former uses ground-truth labels for supervision, while
the latter uses the current policy to sample trajectories based
on the current policy to obtain pseudo-supervision.

IV. EXPERIMENTS
A. Datasets and Metrics

a) Datasets: The proposed method is first validated
across three public datasets (R2R [1], REVERIE [2], and
SOON [3]), and further verified on our own collected real-
scenario dataset. Specifically, R2R comprises 7,189 paths
with 5-7 viewpoints each, divided into training, validation
seen and unseen, and test unseen sets. REVERIE focuses
on more concise instructions with the additional target of
object grounding, presenting 21,702 instances averaging 18
words, following R2R’s partition scheme. SOON provides
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Fig. 4: Comparisons on RQ (left) and R2R val-unseen (right).

TABLE I: Comparisons of multiple visual components.

Visual Feature Validation Seen  Validation Unseen

Image  Semantics  Depth SRt SPL1T SR SPL1T
v 69.44  61.66 67.05 56.40
v v 7042  64.21 67.26 57.94
v v v 71.30 6620  67.77 58.61

longer instructions (average 47 words) for locating rooms
and objects. Our custom dataset are detailed in Sec. IV-H.

b) Evaluation Metrics: Regarding R2R, four standard
metrics are utilized: Navigation Error (NE) measures the
distance between the predicted stop position and the ground
truth. Success Rate (SR) indicates the proportion of paths
where the agent stops within 3m of the target points. Oracle
Success Rate (OSR) is akin to SR with the oracle stop policy.
Success Rate Weighted by Path Length (SPL) adapts SR
penalized by the path length. For REVERIE and SOON,
two additional metrics are introduced: Remote Grounding
Success Rate (RGS) evaluates the accuracy of properly
grounded objects, while RGS Weighted by Path Length
(RGSPL) adjusts this by path length.

B. Implementation Details

During pre-training, the PMV encoder is first trained using
a batch size of 12.8k and a learning rate of 1 x 10~* over 1k
epochs on one NVIDIA GeForce RTX 3090. Subsequently,
the trained PMV encoder weights are loaded for visual
representation, and METER [29] weights are integrated for
cross-modal learning. If task-specific pre-training tasks are
conducted, the default settings follow a batch size of 48
for 300K iterations. For fine-tuning, the batch size is set
to 8, and the learning rate is 1 x 10—° with 80k iterations.
Following [41], the CLIP-B/16 [28] pre-trained model is used
to extract original and augmented image features [42]. The
ablation studies are mainly conducted on the R2R dataset.
The multi-type visual fusion and panoramic spatial encoding
in PMV have 1 and 2 layers. The text and dual-scale encoders
each have 6 and 3 transformer layers.

C. Impact of the Panoramic Multi-type Visual Encoder

1) Impact of different fusion methods: The comparisons of
three fusion methods presented in Fig. 4 demonstrate that the
SepFFN module, despite its apparent simplicity, outperforms
others in accuracy on the RQ test set, and achieves the
highest SR and SPL on the R2R val-unseen set. Furthermore,
UniTransCLS surpasses UniTrans in performance, indicating
that an architectural simplicity and the decoupling of location
communications may play a key role in improving multi-type
visual fusion in panoramic views.
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TABLE II: Comparisons of cross-modal backbones.

Validation Seen  Validation Unseen

Backbone
SRT SPL1t SRT SPLT
LXMERT [13] 67.78 62.57  65.30 57.60
METER [29] 71.30  66.20  67.77 58.61

2) Impact of different visual components: The experimen-
tal results for visual components are presented in Tab. I.
Sole reliance on RGB image features yields SPL values of
61.66 and 56.40 for the seen and unseen splits, respectively.
Incorporating semantics enhances these values by 2.55%
and 1.54%. Furthermore, the addition of depth features
significantly boosts performance, increasing SPL by 4.54%
and 2.21%. These findings demonstrate that incorporating
depth and semantic information enriches the agent’s visual
perception, resulting in enhanced navigation capabilities.

D. Impact of the Region Query Pre-training Task

Fig. 5 presents the learning curves of SAP during pre-
training and SR during fine-tuning on R2R unseen datasets,
both with and without using the RQ task to pre-train the
PMV encoder. Notably, the usage of the RQ pre-training
task expedites the learning process and results in superior
peak performance. These experimental results demonstrate
the significant impact of the RQ task in augmenting the
visual understanding and navigation inference capabilities.

E. Impact of the Dual-scale Cross-modal Encoder

1) Impact of different cross-modal backbones: Tab. II
compares the performance of using LXMERT and METER
as the cross-modal backbone. The results demonstrate that
the METER-based model improves SR by 2.47%, and SPL
by 1.01% on the unseen set, indicating the superiority of the
fully-transformer vision-and-language pre-trained model.

TABLE III: Comparisons of layers. N, and Nx denote the
numbers of the text encoder and the cross-modal encoder.

Nums of layers Val Seen Val Unseen

Ny, Nx SRt SPLtT SRt  SPLt
9 4 70.71 6554 6582  56.66
6 3 7130 66.20 67.77 58.61
4 2 69.83 66.03 6624 57.57
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TABLE IV: Comparison with the state-of-the-art methods on the R2R dataset.

Validation Seen

Validation Unseen Test Unseen

Pre-trained Method SRt SPLT NE|, OSRf | SRt SPLt NEJ OSRt | SRt SPL+ NE| OSRt
EmDrop [10] | 62 59 399 - 52 48 522 - ST 47 523 59
N AuxRN [43] | 70 67 333 78 | 55 50 528 6 | 55 51 515 62
NvEM [11] 69 65 344 - 60 55 427 - 58 54 437 66
SEAT (Ours) | 71 66 316 78 | 68 59 370 75 | 67 59 381 74
HAMT [5] 76 72 251 8 | 66 61 329 73 | 65 60 393 72
DUET [6] 79 73 228 8 | 72 60 331 81 69 59 365 76
Y DSRG [35] 81 76 223 88 | 73 62 310 8 | 72 6l 333 78
EmvEdit 42 | 77 74 232 - 6 64 324 - 68 64 359 -
SEAT (Ours) | 81 76 213 87 | 75 64 303 8 | 73 64 313 81

TABLE V: Comparison with the state-of-the-art methods on the REVERIE dataset.

Method Validation Seen

Validation Unseen

Test Unseen

OSRT SRt SPLT RGST RGSPLT | OSRT SRt SPLT RGST RGSPLT | OSRT SRt SPLT RGST RGSPLT
RecBERT [4] | 53.90 41.79 47.96 3823 3561 | 3502 30.67 2490 1877 1527 | 3291 2961 2399 1650 13.51
HAMT [5] | 47.65 4329 40.19 2720 25.18 | 36.84 32.95 3020 1892 1728 | 33.41 3040 2667 1488  13.08
HOP+ [38] | 5643 5587 49.55 4076 3622 | 4004 36.07 31.13 2249 1933 | 3581 33.82 2824 2020  16.86
DUET [6] 7386 7175 63.94 5741 51.14 | 51.07 4698 3373 32.15 23.03 | 5691 5251 36.06 31.88  22.06
SEAT (Ours) | 81.59 79.76 7437 62.83 5821 | 54.33 4945 3551 32.83 23.14 | 57.66 52.62 3567 3246 2198
TABLE VI: Comparison on the SOON dataset. 75 ASEAT (Ours) oo 759, sear (ours) o5k
Split | Method | OSRT SRt SPLT RGSPLT 71 o 7 Jover
GBE [3] 2854 1952 1334 116 w 67
Val Unseen | DUET [6] 5091 3628 2258 375 ASRED | o amaT o | esEaT O avau
SEAT (Ours) | 51.00 3687 2487 391 ospL () ©° | SEAT (w9 P RS
DUET
GBE [3] 2145 1290 923 045 % HAMT - “pugr % ¢ HAMT
Test Unseen | DUET [6] 43.00 3344 2142 4.17 55 55 + . .
SEAT (Ours) | 46.66 35.89 2255 447 150 170 190 55 75 %
Model Size (M) GFLOPs

2) Impact of different number of stacked layers: Tab III
explores the effect of varying the number of layers, with Ny,
and Nx representing the layers in the text and cross-modal
encoders, respectively. Contrary to the conventional settings
of N = 9 and Nx = 4 as in prior work [4], [5], [35]
following the full large pre-trained model [13], we propose a
reduced layer configuration to mitigate overfitting in smaller
datasets. Our experiments show that setting N, = 6 and
Nx = 3 significantly improves generalization, increasing
SR and SPL by 1.95% on the unseen set. This underscores
the efficiency of a leaner model structure for enhanced task-
specific performance in constrained dataset environments.

FE. Comparison with State-of-the-Arts (SoTA)

1) Comparison of effectiveness: The experimental results
compared with previous SoTA methods in R2R, REVERIE,
and SOON, are presented in Tab. IV, Tab. V, and Tab. VI, re-
spectively. SEAT showcases exceptional performance across
these three datasets. On the R2R dataset, SEAT exhibits
superior navigation performance across most metrics, both
with and without task-specific pre-training. When no task-
specific pre-training is performed, the SEAT surpasses the
previous SoTA no-pretraining LSTM method [11]. With
pre-training, SEAT significantly enhances SR by 4%, 6%,
and 5% on validation seen, unseen, and test unseen splits,
respectively, compared to the prior SOTA method [42]. In
goal-oriented instruction navigation tasks, SEAT also excels
in performance enhancement across most metrics. Notably,
on the REVERIE validation seen set, SR and SPL improve
by 8.01% and 10.43% respectively, while RGS and RGSPL
see enhancements of 5.42% and 7.07%. Furthermore, on the

Fig. 6: Comparisons of efficiency and effectiveness.

Success €3 Failure

O Viewpoint --» DUET

SEAT(Ours)

®Instruction:

Head toward the round table
nd four chairs then make a
/| left turn toward the kitchen and
d then turn right and stand by the
% kitchen sink."

Fig. 7: Visualizations on the R2R validation unseen set.

SOON dataset, SEAT boosts SPL by 2.29% and 1.13% on
validation and test unseen splits, respectively.

2) Comparison of efficiency: Computational complexities
are assessed using the Python toolkit thop to calculate
GFLOPs. Single-step forward inferences are conducted with
a batch size of 8, instruction length of 44, and visited nodes
of 6 across all methods. Fig. 6 illustrates that SEAT achieves
superior SR and SPL while using fewer learnable parameters
and computational loads. This improvement can be attributed
to our proposed PMV encoder, which accounts for only
10.7% of the whole model’s parameters, and the streamlined
cross-modal encoder with fewer layers.

G. Qualitative Analysis

The navigation paths on the R2R val-unseen set are
illustrated in Fig. 7. SEAT’s enhanced semantic and depth
understanding enables more accurate instruction-following
and better target destination attainment. For instance, SEAT
adeptly locates the specified round table and chairs,
adjusting its orientation accordingly.
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Fig. 8: Comparisons of MP3D [17] and our collected dataset.

TABLE VII: Comparisons on collected real-world dataset.

Method | SRt SPLT NE| OSRf
EnvDrop [10] | 47.30 4390 5.3  54.80
DUET [6] 5376 47.14 435 6022
SEAT (Ours) | 56.99 4720 3.88 77.42

H. Language-Guided Robot Navigation in Real Scenarios

To assess the robot’s navigation capabilities in real-world
environments, we use SLAM [44] to collect 2D maps
from various campus sites, such as offices and meeting
rooms. Following MP3D [17] and simulation settings [45],
we convert each location’s map into a topological format
and capture panoramas using a panoramic camera. Each
panorama is segmented into 36 sub-images. We then employ
ZoeDepth [24] and oneFormer [25] to generate depth images
and semantic labels, respectively. This approach enriches the
environment’s representational dimensions without requiring
manual annotations or extra sensors, enabling the robot to
achieve a deeper and more comprehensive understanding of
its surroundings. Fig. 8 showcases the stylistic differences
between our experimental setups and the MP3D dataset.

We follow R2R [1] to sample trajectories from topological
maps and manually annotate 3 distinct instruction styles for
each trajectory. Finally, we get 98 trajectories across 5 scans
with 294 instructions. The dataset is divided into a training
set (67 trajectories from 3 scans) and a validation unseen
set (31 trajectories from the remaining 2 scans). We test
the navigation performance of SEAT and previous SoTA
models, EnvDrop [10] and DUET [6]. We first load the best
checkpoint from R2R and then fine-tune the models on our
newly annotated dataset. All these methods are fine-tuned
with a batch size of 4 and a learning rate of 5 x 10~5. When
using EnvDrop as the backbone, we achieve a success rate
similar to previous real-world experiment [45], and our SEAT
model gets the best performance on the val-unseen set in all
metrics, demonstrating excellent robustness (Tab VII).

In real-world validation, the mobile robot receives in-
structions through the microphone, and we pre-compute the
visual features for all topological nodes for convenience. The
robot keeps navigating to the point that the model predicted
until the output action is [STOP] or the maximum step is
exceeded. Fig. 9 illustrates a mobile robot navigating in
a meeting room, and the model successfully locates the
flower, chairs, and whiteboard that appeared in the
instructions, stopping at the correct place. For an in-depth
qualitative analysis, encompassing both failure instances and

navigating arrived

give instruction

navigating
I 4

n right after!
passing the table with flowers, go !

Fig. 9: The mobile robot navigates to the target following
human-provided verbal instructions.

live demonstrations, please consult our supplementary video.

V. LIMITATIONS

While SEAT advances language-guided robot navigation
with its panoramic visual perception and cross-modal fu-
sion, it faces challenges in real-world deployment due to
the complex pre-processing required for topological maps.
This process may struggle with rapidly changing or poorly
documented settings, impacting SEAT’s adaptability and
accuracy in dynamic scenarios. Addressing these limitations
involves refining the topological map generation process to
handle environmental variability better and ensuring SEAT
can dynamically update its understanding of its surroundings.

VI. CONCLUSION AND FUTURE WORK

In this paper, SEAT is introduced as a novel approach
to enhance environmental perception and understanding in
language-guided robot navigation. By utilizing a compre-
hensive panoramic multi-type visual encoder, SEAT effec-
tively extracts and fuses multiple types of visual informa-
tion—RGB, semantics, and depth—aided by a region-query
pre-training task. This method significantly improves the
robot’s comprehension of its surroundings. Additionally, the
optimization of the cross-modal encoder with customized
layers is crucial for reducing the model’s size, thereby
mitigating overfitting issues associated with small navigation
datasets. The successful deployment on a mobile robot in
real scenarios demonstrates SEAT’s potential. Future efforts
will focus on the process of optimizing topological maps and
applying these insights to continuous settings [46], aiming to
optimize real-world robot navigation solutions.
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