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Abstract

Learning discriminative state representations of agents, en-
compassing the spatial layout and temporal pose trajectory,
is essential for effective navigation decisions. However, ex-
isting approaches often rely on simplistic plain networks for
navigation information fusion, overlooking the complex long-
range dependencies across spatio-temporal cues, which leads
to suboptimal state perception and potential decision failures.
In this paper, we introduce NaviFormer, an effective encoder-
decoder navigation transformer, to aggregate discriminative
spatio-temporal context information for object navigation.
Our navigation encoder not only encodes spatial layouts and
temporal agent poses but also innovatively constructs and en-
codes a passable frontier map, enriching the original state en-
coding with cues of potential exploration regions. Further-
more, our navigation decoder employs spatio-temporal self-
attention and cross-attention mechanisms to model the depen-
dencies among spatial layout encoding, temporal pose encod-
ing, and passable frontier encoding, thereby facilitating com-
prehensive contextual state feature aggregation. Finally, we
leverage these learned spatio-temporal contextual state repre-
sentations for PPO-based navigation decisions. Extensive ex-
periments on the Gibson, Habitat-Matterport3D (HM3D) and
Matterport3D (MP3D) datasets demonstrate the superiority
of our approach.

Code — https://github.com/Xie-Nav/NaviFormer

Introduction
Object navigation (ObjectNav), a key branch of embodied
AI, serves as a foundational upstream task for various visual
navigation-related applications, such as image-goal naviga-
tion (Kwon, Park, and Oh 2023) and vision-language navi-
gation (An et al. 2024). In ObjectNav, an agent learns to rec-
ognize an unknown 3D environment from egocentric RGB-
D images, enabling its navigation model to make informed
decisions for locating specified targets. Therefore, how to
sufficiently mine the spatio-temporal navigation cues from
both the explored spatial layouts and the temporal agent pose
trajectory to accurately guide navigation decisions has be-
come crucial to the success of ObjectNav tasks.

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: The red line represents the agent trajectory in
a failure episode of CNN-based method (Chaplot et al.
2020b). The blue five-pointed star represents the position of
the target object (i. e., toilet.). Despite the agent having con-
ducted a more extensive exploration of the environment, the
target object remains undiscovered.

Existing object navigation methods can be primarily di-
vided into two categories: end-to-end methods and modular
methods. End-to-end methods (Dang et al. 2023; Du, Yu,
and Zheng 2020; Zhang et al. 2021) directly process ego-
centric RGB images to search for the target object by learn-
ing a mapping relationship between the current state and
the optimal short-range action. While effective, the learned
navigation models would inevitably stick into sub-optimal
decisions when there is a significant discrepancy between
the unknown scene layout and the prior knowledge, caus-
ing frequent collides with surrounding objects or obstacles.
By contrast, the modular methods exploit the accumulated
scene information in BEV (bird’s-eye view) maps to de-
termine long-term goals and search for targets. For exam-
ple, (Chaplot et al. 2020b; Zhang et al. 2024, 2023a; Luo
et al. 2022; Ramakrishnan et al. 2022; Yu, Kasaei, and Cao
2023c,b) employ a plain network such as CNNs to fuse the
accumulated navigation cues, encompassing the explored
spatial layouts and the temporal pose trajectory, forming
current agent state representations. Nevertheless, due to the
large spatial layouts in different scenes and the inherent lo-
cal bias of CNN, trival navigation information fusion based
on CNN is likely to cause the navigation model to ignore
the long-range spatio-temporal dependencies between spa-
tial layouts and temporal pose trajectories, leading to state
representation misperception and potential decision failures,
as demonstrated in Fig. 1.

In this paper, we propose a novel navigation trans-
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former (NaviFormer) to sufficiently aggregate discrimina-
tive spatio-temporal context information for reliable object
navigation. Specifically, our NaviFormer primarily consists
of a passable frontier map-enhanced navigation encoder and
a spatio-temporal navigation decoder. In our navigation en-
coder, in addition to encoding spatial layouts and temporal
agent poses, we also generate an effective passable fron-
tier map to identify the most promising regions for explo-
ration. As such, we can encode this map to enhance original
feature representations with rich exploration guidance. With
the encoded spatial and temporal features above, our spatio-
temporal navigation decoder then aims to learn the spatio-
temporal contextual association across the spatial layouts,
the temporal pose trajectories and passable frontiers for reli-
able navigation information fusion and discriminative state
representations. Then, the self-attention module is employed
to strengthen the spatial and temporal attributes of the spatial
layouts and the temporal pose trajectory. Furthermore, based
on the cross-attention mechanism, the spatial frontier de-
coder utilizes the current spatial layout features and the fron-
tier features to obtain a critical frontier weight. The temporal
pose decoder employs the temporal pose trajectory features
and current spatial layout features to derive a target-related
weight. Finally, a spatio-temporal contextual state represen-
tation combined with critical frontier weight and the target-
related weight is considered to guide the navigation model to
make reasonable decisions. Our NaviFormer is evaluated in
Gibson, Habitat-Matterport3D (HM3D), and Matterport3D
(MP3D), demonstrating superior performance in the Object-
Nav task compared to other state-of-the-art methods.

Our main contributions are summarized in the following
three points:
• We construct a novel navigation transformer, Navi-

Former, to effectively aggregate spatio-temporal contex-
tual navigation cues for discriminative agent state repre-
sentations and reliable decisions.

• We develop a passable frontier map-enhanced navigation
encoder for encoding spatio-temporal features of spatial
layouts, temporal agent poses, and the passable frontier
map. Notably, we innovatively build and integrate an ef-
fective passable frontier map to identify the most promis-
ing regions for exploration.

• We design a navigation decoder that leverages spatial
layouts, temporal pose trajectorys, and passable frontiers
to establish better spatio-temporal contextual state repre-
sentations.

• Extensive experiments on Gibson, HM3D, and Matter-
port3D show our method’s superiority, surpassing previ-
ous approaches in key metrics.

Related Work
End-to-end Method ObjectNav task (Ramakrishnan
et al. 2022; Dang et al. 2023; Du, Yu, and Zheng 2020;
Zhang et al. 2021) has seen significant advancements over
the past decade. The end-to-end method (Hu et al. 2024a;
Zhou et al. 2023a; Hu et al. 2024b) aims to establish a map-
ping relationship between egocentric images and short-term
decisions. In addition to image features, the object features

obtained by object detector (Ren et al. 2016; Redmon and
Farhadi 2018; Zhu et al. 2024) are the excellent salient fea-
tures, they can help navigation model learn scene represen-
tation, so most works (Zhang et al. 2023b; Li et al. 2021)
use object features as the model input. The agent can ef-
fectively deduce the target position by leveraging the con-
textual object relations derived from the object features. Du
et al. (Du, Yu, and Zheng 2020) and Zhang et al. (Zhang
et al. 2021) use the object relationship to establish graphs.
There are many similar methods (Ye and Yang 2021; Dang
et al. 2022; Hu et al. 2024b; Li et al. 2021) like these. Some
methods (Savinov, Dosovitskiy, and Koltun 2018; Zhu et al.
2019) use memory structures to preserve image features
and object features, and the transformer (Wu et al. 2023,
2024; Dai et al. 2024) or graph (Savinov, Dosovitskiy, and
Koltun 2018; Wu et al. 2019) structure are used to extract the
important information from the memories. The end-to-end
method, limited by its mechanism, outputs only short-term
decisions and lacks long-term planning for navigation.

Modular Method Compared with the end-to-end method,
the modular method (Chaplot et al. 2020b; Ramakrishnan
et al. 2022) based on RL (Jiang, Xie, and Yang 2021;
Jiang et al. 2022; Liu et al. 2023) is more popular. Point
exploration (Chaplot et al. 2020a,b; Zhang et al. 2024)
involves a navigation model that outputs specific position
points within the scene as the subsequent set of long-term
navigation goals. To simplify the exploration process, Luo
et al. (Luo et al. 2022) ask the agent explore the four cor-
ners of the local map in a clockwise direction, but repeatedly
traversing these corners can diminish the efficiency of navi-
gation. Zhang et al. (Zhang et al. 2023a) selected one of the
four corners as a long-term goal, which improved the ex-
ploration efficiency. Exploring frontiers (Yu, Kasaei, and
Cao 2023c,b) is also a wise exploration strategy, because
the agent must pass through these frontiers when explor-
ing the scene. Compared to these methods, which overlook
long-term spatio-temporal dependencies due to their plain
networks, our method explicitly constructs spatio-temporal
contextual state representations to mitigate suboptimal state
recognition. With the development of large language models
(Achiam et al. 2023) and visual language models (Radford
et al. 2021), some works attempt to directly use LLM or
VLM to guide the agent to explore the scene (Yokoyama
et al. 2024; Yu, Kasaei, and Cao 2023a). However, slow
response speed and communication interference in LLM-
and VLM-assisted navigation can delay decision-making.
Hence, we propose a smart, lightweight navigation model
to tackle these challenges in ObjectNav.

Method
Task Definition
For the ObjectNav task, the agent is required to search for a
specified target object (e.g., bed, chair) and navigate to it in
an unseen environment. The initial position of the agent in
the scene is set randomly. The agent receives the egocentric
RGB-D observation ot, target object category g, and pose
pt (e.g., coordinate (xt,yt), orientation θt) at timestamp t.
The agent transmits these scene informations (ot, g,pt,θt)
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Figure 2: Framework of encoder-decoder navigation transformer (NaviFormer) for object navigation. The passable frontier map
is constructed from the obstacle map and the outer edges of the occupancy map. The passable frontier map, spatial layouts, and
the temporal pose trajectory are fed into the navigation encoder to output three different features. For the navigation decoder,
the spatial frontier decoder (SF decoder) and the temporal pose decoder (TP decoder) use these three features to produce the
critical frontier weights and the target-related weights. These weights enhance current state representation. Finally, the MLP
processes the enhanced state representation and outputs the action distribution of the long-term goal.

to the navigation model, which outputs decisions to guide
the agent to move. The discrete actions that the agent can
perform include: move forward, turn left, turn right,
and stop. The current episode ends when the agent auto-
matically executes stop action. After the episode ends, if the
agent is within 1m of the target instance, the ObjectNav task
is considered successful. The maximum time step for the
agent to interact with the environment is 500.

Overview
Our navigation framework is shown in Fig. 2. The RGB-D
images collected by the agent are merged into the BEV maps
M ∈ RC×H×W through mathematical transformations. H
and W represent the height and width of M . The outer
edges on the occupancy map M s are subtracted from the ob-
stacle map Mo to obtain a passable frontier map Mf . Mf ,
concatenated with the spatial layouts (i. e. M s, Mo and ob-
ject semantic map M c) and the temporal pose trajectories (i.
e., agent trajectory Ma and current agent position M t), is
input into the navigation encoder to yield three distinct fea-
tures: frontier features, spatial layout features, and temporal
trajectory features. For navigation decoder consisting of the
two subdecoders, spatial frontier decoder utilizes the spatial
layout feature and frontier feature to derive a critical frontier
weight. Temporal pose decoder leverages temporal pose fea-
tures and spatial layout features to produce a target-related
weight. These weights are then employed to establish spatio-
temporal contextual state representations. Ultimately, MLP
extracts the important spatio-temporal context information
from state representations, and output the action distribution
of the long-term goal.

Navigation Encoder
Passable Frontier Map Especially in the initial stage of
ObjectNav tasks, identifying the regions that may contain a

Me

Mo

Mb Mf

SFO(fi)
fi

Figure 3: The occupancy map is transformed into the outer
edge map. A candidate frontier map is then obtained by sub-
tracting the obstacle map from the outer edge map. A scoring
function assesses all frontiers in the candidate frontier map.

large amount of unknown critical scene information is ex-
tremely important based on the real-time explored spatial
layout. The frontiers (Ramakrishnan et al. 2022; Yu, Kasaei,
and Cao 2023c,b) are good exploration landmarks between
explored free-spaces and unexplored regions, which can
help the agent efficiently explore unknown environment and
receive valuable scene information quickly. Therefore, we
construct a passable frontier map based on the frontiers as
prior prompt to explicitly help the navigation model recog-
nize valuable scene cue in the explored spatial layouts over
time. The construction process of the passable frontier map
is shown in Fig. 3.

The contour extraction (Bradski 2000) is first utilized to
delineate the outer edge map M e ∈ RH×W of the occu-
pancy map M s ∈ RH×W . By subtracting the obstacle map
Mo from M e, the candidate frontier map M b ∈ RH×W is
obtained. To improve the working efficiency of the model,
the previous method (Yu, Kasaei, and Cao 2023b) used the
largest outer edge of M s to calculate the candidate frontiers,
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which might overlook other valuable frontiers. In contrast,
since our model treats the frontier as the prior prompt, even
though M b incorporates most of the frontiers, the compu-
tational complexity of the model does not increase as the
number of frontiers grows. After getting M b, each frontier
must be evaluated within M b according to a scoring func-
tion SFO. Frontiers that are farther from the agent’s current
position and cover a larger number of pixels are assigned
higher scores, reflecting that they may contain rich scene
information. However, frontiers that are excessively distant
from the agent are overlooked, as the agents are currently
unable to reach them. All frontiers within M b get corre-
sponding scores according to the following scoring function
SFO:

SFO (fi) = Afi + λ · dist (pt, cfi) (1)

dist (pt, cfi) =

{
∥pt − cfi∥2 dist (pt, cfi) < D

0 otherwise
(2)

Where fi is the frontier that needs to be scored. Afi is the
number of pixels occupied by fi. dist (pt, cfi) represents
the Euclidean distance between the center of fi and the agent
position pt. If the distance from the agent to fi surpasses
the predefined threshold D, the distance score of fi is ef-
fectively nullified. λ is a constant. In M b, frontiers with
lower scores are discarded, while those with higher scores
are retained and incorporated into the passable frontier map
Mf ∈ RH×W . As shown in Fig. 3, the red circle represents
these retained frontiers. Mf includes most of the frontiers
within the explored spatial layouts, leading to the fact that
Mf can monitor the valuable scene information of the en-
tire explored spatial layouts.

Encoder In order to utilize the characteristic that the pass-
able frontier map can capture the valuable scene information
based on the explored spatial layouts, we design a naviga-
tion encoder that not only encodes spatial layouts and tem-
poral pose trajectories but also encodes the passable frontier
map to better refine feature extraction with cues of potential
exploration regions. The structure of navigation encoder is
shown in Fig. 2.

The encoder contains three different sub-encoders: pass-
able frontier encoder E1, spatial layout encoder E2 and tem-
poral pose encoder E3. These encoders adopt multi-layer
convolutional network structure. The passable frontier map
Mf is encoded into frontier feature bt ∈ RBs×H2×W2

through E1. As mentioned in the Task Definition, the occu-
pancy map M s ∈ RH×W , the obstacle map Mo ∈ RH×W

and the object semantic map M c ∈ RCo×H×W can be re-
garded as the spatial layouts and encoded by E2 to obtain
the spatial layout feature mt ∈ RKs×H2×W2 . The agent tra-
jectory map Ma ∈ RH×W and the current location map
M l ∈ RH×W are encoded by E3 to get the temporal tra-
jectory feature. The target semantic feature g ∈ R1×N is
replicated and reshaped and then concated with the tempo-
ral trajectory feature feature to form the agent temporal pose
feature et ∈ RAs×H2×W2 .

Navigation Decoder
To establish better spatio-temporal context state represen-
tations, we build the navigation decoder, which consists of

feature preprocessing, the spatial frontier (SF) decoder and
the temporal pose (TP) decoder. Its structure is visually rep-
resented and detailed in Fig. 2.

Feature Preprocessing The feature preprocessing of the
spatial layout feature mt, the frontier feature bt and agent
temporal pose features et is to prevent the time series infor-
mation in et and spatial structure information in bt and mt

from being destroyed during subsequent decoding.
mt , bt and et are first preprocessed with positional

encoding. The self-attention modules are used to further
strengthen mt and et. As a result, the transformed rep-
resentations m̄t ∈ RKs×H2×W2 and ēt ∈ RAs×H2×W2

are obtained. Considering that the frontier information con-
tained in bt is usually smaller than mt and et, bt does not
need to be enhanced by the self-attention mechanism. We
demonstrate in the supplementary material whether the self-
attention module is needed and how many layers of self-
attention modules make the navigation model optimal.

Spatial Frontier Decoder To utilize the explored spatial
layout information to evaluate which frontiers may contain
unknown valuable scene information, the spatial frontier de-
coder is designed.

The working process of the spatial frontier encoder is
shown in Fig. 2. A cross-attention mechanism is employed
to perform feature fusion on bt and m̄t. bt is the query q1,
m̄t is the key k1, the correlation between the two is calcu-
lated as follows:

W f = softmax

(
btwq1 (m̄twk1

)
T

√
d

)
(3)

Where wq1 and wk1
are learnable parameters. W f ∈

Rhd1×H2×H2 is the critical frontier weight. hd1 is the num-
ber of heads in the cross-attention. The pixel value corre-
sponding to the position in W f represents the significance
of the different frontiers in the passable frontier map Mf .
The valuable frontiers are assigned larger weights and are
likely to contain very useful unknown scene information.
Therefore, the critical frontier weight W f indirectly marks
more important frontiers in the passable frontier map Mf .
The navigation model can determine which frontiers have
potential for exploration based on W f , and select those sig-
nificant frontiers to assist the agent in exploring the scene,
ensuring that the agent quickly obtain useful scene informa-
tion in a limited number of steps.

Temporal Pose Decoder As the known scene layout con-
tinues to expand, the agent needs to concentrate on the
target-related regions to locate the approximate target loca-
tion. To ensure that the agent continues to focus on target-
related regions after obtaining a large amount of valuable
scene information based on W f , the temporal pose decoder
is constructed. Fig. 2 shows the architecture of the temporal
pose decoder.

The cross-attention mechanism is utilized to process spa-
tial layout feature m̄t and agent temporal pose feature ēt.
m̄t is query q2, ēt is key k2. m̄t and ēt first perform the
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following correlation calculation:

W s = softmax

(
m̄twq2 (ētwk2

)
T

√
d2

)
(4)

Where wq2 and wk2 are learnable parameters. Since ēt not
only records the regions that the agent has passed through,
but also contains the target semantic information, the cal-
culation process in Eq. 4 can infer which regions in the
scene are close to the agent and related to the target. The
result of the inference is put into the target-related weight
W s ∈ Rhd2×H2×H2 . The larger the pixel values in W s, the
higher the likelihood that the target object is present in the
region corresponding to these pixels. Therefore, W s marks
the target-related region, which provides important clues for
the agent to find the target.

After obtaining W f and W s, to build better long-range
spatio-temporal dependencies between the explored spatial
layouts and temporal pose trajectory of the agent, W f and
W s weight agent temporal pose feature ēt to deduce more
intuitive spatio-temporal contextual state representation:

st = ēt + softmax (W f +W s) ētwv2 (5)

Where wv2
is the learnable parameter. Since state ēt re-

ceives the prompts provided by W f and W s, st ∈
RAs×H2×W2 contains both potentially valuable scene infor-
mation and candidate target-related information.

The MLP processes st and output action distribution at ∈
R1×8. As shown in Fig. 2, the agent select one of the eight
candidate edge points on the map as a long-term goal (red
point) based on at. The map-edge exploration allows the
agent to freely choose to explore the scene or search for tar-
get objects without being restricted by the spatial layout.

Navigation Policy
After the navigation model outputs the long-term goal at,
the Fast Marching Method (Sethian 1999) is used to plan
the shortest path from the agent current position to the at.
The local policy calculates the discrete actions that the agent
can perform based on the shortest path. The shortest path is
continuously updated according to the changes of at. The
navigation model NaviFormer is trained with PPO (Schul-
man et al. 2017). And success reward and exploration re-
ward based on the size of the explored spatial layouts are
employed can ensures that the navigation decoder can pro-
vide optimal target-related weight W s and critical frontier
weight W f to construct ideal spatio-temporal context state
representations during training. The brute force untrap mode
method (Luo et al. 2022) is adopted to help the agents avoid
obstacles.

Experiments
Experimental Setup
Datasets and Evaluation Metric Our NaviFormer is
evaluated on three common datasets: Gibson, Habitat-
Matterport3D (HM3D) and Matterport3D (MP3D). For Gib-
son, We select 25 train/5 val scenes based on Gibson tiny
split, 1000 val episodes are used to demonstrate the model

performance. For HM3D, 80 train/20 val scenes are selected,
and 2000 val episodes are used. The 6 object categories
are chosen as target categories on Gibson and HM3D. For
MP3D, 56 train/11 val scenes are employed, and 2195 val
episodes are utilized. The 21 object categories are chosen as
target categories on MP3D.

Following previous works (Zhang et al. 2024; Yu, Kasaei,
and Cao 2023b; Ramakrishnan et al. 2022), we adopt three
standard metrics to evaluate our method. Success rate (SR):
the ratio of success episodes to total episodes, Success
weighted by Path Length (SPL): the ratio of the optimal
paths to the agent actual paths, which measures the navi-
gation efficiency of the agent. Distance to Goal (DTS): the
distance from the agent to the success threshold of the target
object at the end of the episode.

Implementation Details For the agent interacting with
Gibson, HM3D and MP3D, 3D indoor simulator Habitat
platform (Savva et al. 2019) is employed to drive the three
3D sence datasets. The size of the egocentric RGB-D im-
ages received by the agent is (4, 480, 640). We follow the
previous method (Yu, Kasaei, and Cao 2023c) to perform
semantic segmentation using RedNet (Jiang et al. 2018) and
Mask-RCNN (He et al. 2017). The width and height of the
BEV map are (480, 480). The agent rotates 30

◦
and moves

0.25m forward at each time step.

Comparisons with the State-of-the-art
The experimental results on Gibson, HM3D, and MP3D
(Tab. 1) show that our method outperforms recent state-of-
the-art methods across most metrics. As the key metric for
navigation tasks, our method surpasses SGM (Zhang et al.
2024) in SR by 4.6%/1.5%/2.4% on Gibson/HM3D/MP3D
val, demonstrating significant advantages in the ObjectNav
task. For the efficiency metric SPL, our NaviFormer sur-
passes all the state-of-the-art methods on HM3D and MP3D,
and reaches the average on Gibson, which shows that our
method can still maintain good efficiency when facing dif-
ferent types of scenes. Our method has similar results on
DTS, our method outperforms all the state-of-the-art meth-
ods on Gibson and HM3D.

Notably, as shown in Tab. 2, navigation methods based
on large language models (LLMs) or vision-language mod-
els (VLMs) fail to outperform ours in SR. This suggests
that while LMs provide useful decision-making guidance,
there remains a gap between their scene understanding and
real-world distributions. Additionally, our method’s average
inference speed (FPS) is 2–3 times faster than these large
model-based methods.

Ablation Study
In order to validate whether each submodule of our Navi-
Former is reasonable, we design the multiple experimental
schemes to compare with our method.

Passable Frontier Map We set four experiments to exam-
ine the effects of the passable frontier map Mf ∈ RH×W

on navigation model performance.
Φ1: CNN. Multi-layer convolutional network encodes the
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Method Presented at
Gibson HM3D MP3D

SR (%)↑ SPL(%)↑ DTS(m)↓ SR(%)↑ SPL(%)↑ DTS(m)↓ SR(%)↑ SPL(%)↑ DTS(m)↓
DD-PPO (Wijmans et al. 2020) ICLR’20 15.0 10.7 3.24 27.8 14.5 6.49 8.0 1.8 7.93

ANS(Chaplot et al. 2020a) ICLR’20 67.1 34.9 1.66 27.3 9.2 5.80 - - -
SemExp(Chaplot et al. 2020b) NeurIPS’20 71.7 39.6 1.39 - - - 28.3 10.9 6.06
L2M(Georgakis et al. 2022) ICLR’22 - - - - - - 32.1 11.0 5.12

PONI(Ramakrishnan et al. 2022) CVPR’22 73.6 41.0 1.25 - - - 31.8 12.1 5.10
Stubborn(Luo et al. 2022) IROS’22 - - - - - - 31.2 13.5 5.01

3D-aware(Zhang et al. 2023a) CVPR’23 74.5 42.1 1.16 52.4 24.5 4.25 34.0 14.6 4.74
Peanut(Zhai and Wang 2023) ICCV’23 77.3 42.5 1.27 58.8 29.3 3.51 35.7 14.6 4.88

FSE(Yu, Kasaei, and Cao 2023b) ICRA’23 71.5 36.0 1.35 53.8 24.6 3.75 - - -
SGM(Zhang et al. 2024) CVPR’24 78.0 44.0 1.11 59.8 29.4 3.47 37.7 14.7 4.93

NaviFormer (Ours) AAAI’25 82.6 40.9 0.76 61.3 29.6 3.40 40.1 15.1 5.19

Table 1: Comparisons with the state-of-the-art methods on Gibson/HM3D/MP3D val. Due to the different settings or the lack
of some important metrics, some methods (Peanut, SGM) are re-implemented according to our experimental setup.

Method Presented at
Gibson HM3D MP3D

SR(%)↑ SPL(%)↑ DTS(m)↓ SR(%)↑ SPL(%)↑ DTS(m)↓ SR(%)↑ SPL(%)↑ DTS(m)↓ FPS↑
ESC(Zhou et al. 2023b) ICML’23 - - - 39.2 22.3 - 28.7 14.2 - 3

L3mvn(Yu, Kasaei, and Cao 2023c) IROS’23 76.9 38.8 1.01 54.2 25.5 3.93 - - - 4
PixNav(Cai et al. 2024) ICRA’24 - - - 37.9 20.5 - - - - 2

NaviFormer (Ours) AAAI’25 82.6 40.9 0.76 61.3 29.6 3.40 40.1 15.1 5.19 8

Table 2: Comparisons with the Large-Model-based zero-shot methods on Gibson/HM3D/MP3D val.

Method
Gibson HM3D

SR(%) SPL(%) DTS(m) SR(%) SPL(%) DTS(m)

Φ1 78.8 44.6 1.056 59.1 29.3 3.493
Φ2 79.7 43.5 1.160 59.8 27.5 3.934
Φ3 78.9 41.5 1.239 57.4 27.7 3.874
Φ4 79.5 42.5 1.186 58.7 28.3 3.881

Table 3: Ablation experiments of the passable frontier map
on Gibson/HM3D val.

spatial layout and temporal pose trajectory.
Φ2: CNN + Mf . Multi-layer convolutional network en-
codes the spatial layout, temporal pose trajectory and pass-
able frontier map Mf .
Φ3: ViT. Multi-layer self-attention blocks encodes the spa-
tial layout, temporal pose trajectory.
Φ4: ViT + Mf . Multi-layer self-attention blocks encodes
the spatial layout, temporal pose trajectory and passable
frontier map Mf .
The results of these variants and methods in Gibson/HM3D
are shown in Tab. 3. From the results in the table, it
can be seen that both the CNN-based method Φ2 and the
transformer-based method Φ4 have a higher SR when they
use the passable frontier map as input, indicating that the
passable frontier map indeed assists the agent in exploring
more useful scene information. For the value loss curves of
the two methods in Fig. 4, we can see that the convergence
results of Φ3/Φ4 is better than that of Φ1/Φ2, but the per-
formance of transformer-based methods is worse than that
of simple CNN-based methods. These phenomena indicate
that although transformer have stronger learning capabilities
than CNN, for object navigation tasks, transformer-based
structures cannot better implicitly represent the long-range

value loss value loss

time step

0.5
0.7
0.9
1.1
1.3
1.5

×104

0.5
0.7
0.9
1.1
1.3
1.5

time step

2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20×104

time step

Figure 4: The value loss of different methods throughout
training process.
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Figure 5: The number of exploration failures of different
variants on HM3D and MP3D.

dependencies between spatial layouts and temporal agent
poses.

Navigation Encoder In Tab. 4, we can see that the perfor-
mance of NE-only method is not as good as that of CNN-
based method Φ2. This is because the lack of decoder, re-
sulting in multiple features forming information silos and
thus failing to model the connection between patial layouts
and temporal agent poses.

Besides, we can also see that the performance of the
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Figure 6: Successful episode with NaviFormer in HM3D val. Each figure represents explored spatial layout from the perspective
of BEV. The upper left corner of each figure is the egocentric RGB image. The different colors in the Each figure represent
the various object categories perceived by the agent. The red line represents the agent trajectory and the arrow is the current
orientation of the agent.

NE SF TP Gibson HM3D

SR(%) SPL(%) DTS(m) SR(%) SPL(%) DTS(m)

Φ2 79.7 43.5 1.160 59.8 27.5 3.934

✓ 78.4 43.6 1.233 57.9 26.3 3.874
✓ ✓ 81.4 40.3 1.146 60.7 28.3 3.765
✓ ✓ 80.6 42.6 1.047 60.4 28.9 3.648
✓ ✓ ✓ 82.6 40.9 0.763 61.3 29.6 3.404

Table 4: Ablation experiments of different sub-modules in
NaviFormer. NE is global sence feature encoder, SF is spa-
tial frontier decoder, TP is temporal pose decoder.

model has been significantly improved when the spatial
frontier decoder (SF) or the temporal pose decoder (TP) are
used for feature fusion. The SR of NE+SF and NE+TP are
3.0%/2.8% and 2.2%/2.5% higher than NE-only method in
Gibson/HM3D. In summary, our encoder and SF decoder,
along with the TP decoder, exhibit complementary effects.
When used together, the model attains its peak efficacy and
demonstrates superior performance metrics.

Navigation Decoder In Tab. 4, compared with the base-
line Φ2, the SR of NE+SF and NE+TP are 1.7%/0.9%
and 0.9%/0.6% higher on Gibson/HM3D. The results sup-
port that using SF and TP to explicitly capture the impor-
tant scene region is more reliable than using Φ2 to implicitly
learn the spatio-temporal relationship between patial layouts
and temporal agent poses.

We also observe that the SR of NE+TP is lower than
that of NE+SF, which shows that exploring the frontier is
more conducive to locating targets than directly exploring
the target-related region. However, the SPL of NE+SF is
lower than that of NE+TP, excessive concentration on to the
frontier feature compromise the efficiency of the navigation
model. Our viewpoint is further validated in Fig. 5, which
presents the number of exploration failures for Φ2, NE+SF,
NE+TP, and NaviFormer on HM3D/MP3D val. NE-based
methods (+SF, +TP, SF+TP) outperform Φ2 with fewer
failures. NE+SF achieves fewer failures than NE+TP, high-
lighting the importance of frontier-based exploration over

direct target search. NaviFormer (NE+SF+TP) integrates
the strengths of the spatial frontier decoder and temporal
pose decoder, balancing frontier exploration and target lo-
calization, thereby further enhancing SR, SPL, and DTS to
a competitive level.

Qualitative Analysis

To demonstrate how NaviFormer guides the agent in search-
ing for the target object, we test our method on the failure
episode mentioned in the introduction, and the performance
of the model is shown in Fig. 6. The agent needs to navi-
gate near the toilet in an unseen environment. At the initial
stage of the task, the agent explores the more spacious re-
gions in the scene. As the time step increases, most regions
in the scene are explored, the agent begins to infer the ap-
proximate location of the target based on the known spatial
layout and continuously visits the explored scene locations,
which takes a lot of time for the agent. After a period of
searching, the agent locates the target-related region (i. e.,
the blue circle in the fourth figure) at the end of the episode
and gradually approaches the target object. When the agent
detects the target via segmentation model (blue circle in the
last figure), it swiftly navigates to the target.

Conclusion

In this paper, we proposed a novel NaviFormer model to
solve the ignorance of the complex long-range dependen-
cies between the spatial layouts and the temporal agent pose
trajectory. We first bulid the passable frontier maps to assist
NaviFormer recognizing valuable scene cue. Navigation en-
coder then encodes the spatial layouts, the temporal agent
poses and the novel passable frontier maps respectively.
Based on these state encoding, navigation decoder builds
better long-range spatio-temporal contextual state represen-
tations by the spatial frontier decoder and the temporal
pose decoder. Extensive experiments on Gibson, HM3D and
MP3D demonstrate the superiority of our method.
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