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Abstract. We present a novel graph memory structure for navigation,
called Frontier-enhanced Topological Memory (FTM). Most prior re-
search primarily focuses on maintaining memory representations for ex-
plored areas. In contrast, our approach incorporates ghost nodes into
the topological map to characterize unexplored but visible regions. The
ghost nodes are generated using a geometric method and serve to indi-
cate the geometrically explorable frontiers. We also employ an online-
trained implicit representation method to predict perceptual features
for ghost nodes based on historical observations. In addition, we de-
velop a Multi-Stage Memory Extraction module (MSME) that can ef-
fectively utilize the FTM to extract target-related signals. It focuses
particularly on task-specific information and generates actions end-to-
end. By using FTM, the agent can improve its capacity for environ-
mental cognition and memory utilization. We evaluate the proposed ap-
proach on visual navigation in the photo-realistic Gibson environment.
Experimental results conclusively demonstrate that the proposed navi-
gation framework with FTM boosts the agent’s exploration awareness
and enhances the performance in image-goal navigation tasks. Code is
at https://github.com/IRMVLab/FTM-nav.

Keywords: Image-goal navigation - Topological memory - Exploration
awareness

1 Introduction

In recent years, there has been a notable surge in interest concerning the au-
tonomous navigation of embodied agents |7}/10,/20}24L[26}31,/37,48|. To navigate
effectively in large-scale environments, agents must maintain long-term memory
representations of the surroundings. Topological maps provide an efficient and
concise representation of environmental structures, where nodes symbolize typ-
ical landmarks, and edges indicate accessibility and proximity between nodes.
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Fig. 1: Design intention of FTM. Most Previous methods solely focus on mapping
already explored regions and utilizing these high-confidence scene features. In contrast,
our approach integrates ghost nodes to create the Frontier-enhanced Topological Mem-
ory, effectively guiding the agent in both exploration and target search.

This inherently offers significant advantages in global planning and strategy gen-
eration. Owing to these advantageous properties, numerous learning-based vi-
sual navigation frameworks utilize topological maps as a memory
mechanism to enhance navigation.

However, existing methods based on topological maps exhibit certain limita-
tions. As shown in Fig. [1], most methods solely map previously explored
areas, while failing to represent the broader regions and make full use of bound-
ary features. This limitation leads to inefficient initial exploration in unknown
environments. Nevertheless, we believe that extending the topological map to
encompass unexplored areas is feasible, as agent’s observations often contain vi-
sual information about areas that are visible yet to be explored. Therefore, to
fully harness geometric structural information from observations and facilitate
effective exploration and target search, we introduce informative ghost nodes in
the topological map to delineate explorable regions.

Some previous studies have incorporated virtual nodes into topological
maps. However, in these studies, the virtual nodes solely function as directional
indicators and lack associated perceptual features, posing challenges in their in-
tegration into the memory utilization based on neural networks. Our intention
is to equip these ghost nodes with suitable and rich perceptual features, which
can not only expand the agent’s perceptual scope greatly but also ensure consis-
tent processing of both regular and ghost nodes in subsequent modules. Several
studies generate novel views at the boundary of the explored areas by
maintaining a 3D point cloud of the environment and employing an image-to-
image GAN. Nevertheless, these approaches necessitate extensive pre-training to
grasp prior information regarding objects and structures within indoor scenes,
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making them unsuitable for integration into our end-to-end framework. Con-
sequently, inspired by the capability of Neural Radiance Field (NeRF) [30] to
implicitly and compactly capture environmental features and generate observa-
tions of novel perspectives, we incorporate NeRF to extract perceptual features
through the neural network implicitly, thereby reconstructing observations at
these ghost nodes’ positions.

Furthermore, we also focus on designing a feasible structure for action gener-
ation. Some studies [4,{11})36] tackle this problem by performing path planning in
the graph. In contrast, we present a Multi-Stage Memory Extraction structure
(MSME) that prioritizes the local spatial distribution of nodes and target cues,
ultimately achieving end-to-end action generation.

To summarize, we propose the Frontier-enhanced Topological Memory (FTM)
for visual navigation. In our approach, we incorporate ghost nodes to signify ge-
ometrically navigable directions. In parallel, we utilize an online-trained NeRF
to forecast perceptual features for ghost nodes. We emphasize that NeRF is
not used to hallucinate completely unobserved regions. Instead, it reconstructs
observations in unvisited but visible boundary areas by capturing scene struc-
ture and cues from past observations. The addition of ghost nodes enhances the
agent’s cognition of the environment and its utilization of boundary features.
We also design MSME for end-to-end extraction of task-relevant features and
action generation based on FTM.

Our innovations encompass:

— A topological memory structure that integrates informative ghost nodes
(rather than merely indicative) to represent unexplored but visible areas
and provide guidance for sufficient exploration and target search.

— Endowing the ghost nodes with rich perceptual features based on the online-
trained implicit representation, to ensure the consistency of node attributes
within the topological graph and subsequent processing.

— A task-specific graph memory extraction mechanism that integrates task
state and target cues for adaptive global information fusion and generates
actions end-to-end.

2 Related Work

Navigation for Embodied AI. In recent years, learning-based methods have
gained significant attention in autonomous driving and target-driven naviga-
tion [91/22,/25[261/31L/46}/48|. Substantial advancements have been achieved across
various navigation tasks, including image-goal navigation [10}[36], object-goal
navigation |2}3], and vision-and-language navigation [5,/6/42]. One of the key
issues in this field is how to establish a viable memory structure to expand the
agent’s perceptual scope in time and space, enabling long-term environmental
comprehension and reasoning [8]. One approach is to introduce internal memory
structures in the network, such as LSTM [31}/37] and Transformer [9}/23]. An-
other effective strategy involves maintaining an external memory representation
of the environment that is independent of the policy network, such as the metric
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map [4,[7] and topological map [17,36]. In this paper, we introduce FTM as an
innovative topological memory structure for the environment. Unlike traditional
map-based approaches, FTM employs both explicit and implicit memory repre-
sentations, where implicit memory is utilized to extend the explicit topological
map for characterizing unexplored but visible areas.

Navigation with Topological Map. The topological map serves as an ab-
stract and generalized representation of the environment, offering inherent ad-
vantages for navigation. Early works only operate on pre-constructed graphs |19}
28.[34], posing challenges when navigating in unknown scenes. Recent stud-
ies [13,[17] are dedicated to progressively constructing topological maps online
and devising neural-based strategy modules to generate navigation actions. But
they primarily concentrate on the construction and update of topological maps
in explored regions, often overlooking the significance of features at unexplored
but visible areas. Some works |11})36] also introduce virtual nodes in the topologi-
cal map to signify potential unexplored directions and select the most promising
one as the subgoal for navigation. Nonetheless, these ghost nodes solely offer
directional information for exploration but lack visual features, limiting these
methods to planning-based navigation. In contrast, our approach incorporates
ghost nodes to boost agent’s exploration awareness and supplies perceptual fea-
tures for these nodes. It can seamlessly integrate ghost nodes into the designed
graph memory extraction structure and enable end-to-end action generation.

Navigation with NeRF. NeRF |30| is impressive for its ability to efficiently
produce high-quality representations of complex scene perspectives. There have
been several attempts to integrate NeRF into navigation [1,/16}/18,27,40]. Some
studies aim to establish a transformation relationship between NeRF and explicit
spatial geometry representations, generating smooth and collision-free trajecto-
ries through planning and optimization [1,16,40], or integrating neural controllers
to generate navigation actions [27]. In this paper, the radiance field of the scene
is learned dynamically during each episode and serves to endow ghost nodes with
explicit perceptual features, achieving topological memory enhancement.

3 Methods

We consider the image-goal navigation task. At each time step, the agent receives
first-person RGBD observations. The agent’s objective is to reach the image-
specified goal location in an unknown environment.

Fig. [2| shows an overview of the proposed framework. The topological map
of the environment is constructed incrementally for navigation. We employ a
geometric approach to determine the positions of ghost nodes, which represent
unvisited regions at the boundaries of explored areas. Additionally, we employ an
online-trained NeRF as the implicit memory of the environment to reconstruct
visual features for the ghost nodes, enabling their integration into the subsequent
memory utilization module MSME.
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Fig. 2: Pipeline of our proposed method. We introduce Frontier-enhanced Topo-
logical Memory (FTM), which dynamically constructs the scene’s topological represen-
tation during navigation using similarity comparison (Fs) and neural odometry (F,).
FTM incorporates ghost nodes to represent unexplored areas through the geometric
method Fj; and employs an online-trained NeRF F,, to predict visual features for these
ghost nodes. We also design the Multi-Stage Memory Extraction structure (MSME) to
extract task-relevant information from FTM and generate actions end-to-end.

3.1 Frontier-enhanced Topological Memory

As shown in Fig. [3] the construction of FTM includes two steps: Regular Node
Update and Ghost Node Generation. The former is responsible for updating the
explored areas in the topological map, while the latter focuses on how to generate
ghost nodes and predict their visual features.

Regular Node Update. An effective approach to representing the explored
areas in the topological map is to evaluate image similarity and correspond
the perceptual embedding space to the actual spatial relationship [17}[29}39)].
However, this approximation may not always be reasonable, particularly in cases
where a substantial number of repeated features exist in the environment. Thus,
we combine similarity estimation and neural odometry to eliminate false edge
connections and enhance the reliability of memory construction.

At time ¢, the nodes within the topological map are denoted as V' = {v, va, ...,
vn, }. Each node v; stores observation encoding vector h; and global pose p;,
where h; is derived from the pre-trained image encoder F; based on ResNet-
18 , and p; is acquired from the neural odometry F, .

To localize the agent and update the FTM, we first calculate the cosine
similarity between the current encoding vector h; and the vectors in H =
{h1, ha, ..., An, }, where H stores the node embeddings of the topological map.
In the perceptual domain, the current observation is localized in the node v;
with the highest cosine similarity if this value exceeds the threshold s;,. Subse-
quently, we employ the neural odometry F, for supplementary localization and
two-factor validation. The agent’s current pose p; can thus be obtained from F,.
In cases where the distance between v; and the current position surpasses the
threshold dyj, we reject the result of similarity localization in v;. Instead, we use
odometry to localize the current observation in the node spatially closest to p;.
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Fig. 3: Construction of FTM. At each timestep, the proposed method updates the
explored area in the topological map by combining similarity estimation and visual
odometry. It then utilizes depth data to predict geometrically explorable directions
and correspondingly adds ghost nodes to the topological map. An online-trained NeRF
is employed to characterize scene features and forecast perceptual attributes at virtual
nodes to achieve topological memory enhancement.

Upon successful localization, the embedding of the newly localized node is
replaced with the current feature h;, and an edge between the two nodes is
established. If the current observation cannot be localized in the established
topological map, we create a new node and connect it to the last localized node.

Ghost Node Generation. To enhance the representation of unexplored areas
and provide valuable guidance for sufficient exploration and target search, we
predict ghost nodes and incorporate them into the topological map to expand the
graph. Depth images offer distance information about objects in the field of view,
enabling the agent to determine the boundaries of the explorable area and the
positions of obstacles. Hence, leveraging agent’s current depth observations, we
forecast the presence of explorable regions using Fy, in seven distinct directions
from its current position. F, evaluates each direction § within the range of {0°,
+15°, £30°, £45°}, determined by a 90° field of view. We vertically crop the
agent’s depth observation image to the central 70% area to eliminate interference
from the ceiling and floor, and then calculate the average depth in the direction 6.
If the average depth exceeds 2.5 meters, we deem the direction explorable. Then
the ghost node’s relative pose to the current position is represented as (r,0)
where 7 = 1m, and its global pose can be obtained. Subsequently, the ghost
node is integrated into the corresponding location within the topological map
and connected to the agent’s current node. We refrain from introducing a ghost
node in the direction # when a regular node already exists in that direction. Upon
the agent’s arrival at the ghost node’s position, the ghost node is transformed
into a regular node and represents the explored areas.
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Since we lack visual observations at the positions of ghost nodes, we must
reconstruct suitable perceptual information for these nodes based on past obser-
vations. Thus, we employ NeRF [30] to compactly represent scene features and
render visual observations of ghost nodes triggered by their poses. The implicit
representation can be expressed as a mapping function F,,, which maps spatial
positions x = (z,y,2) € R? and viewing directions d € R? to color ¢ = (r, g,b)
and volume density o.

Then we utilize implicit volume rendering [30] to render the observation ogpes:
at the ghost node’s position. Egs. and are employed to calculate colors
C (r) for every ray r. Each pixel in 0gpest corresponds to a ray with near and far
bounds ¢, and t;. To optimize computational efficiency, we implement efficient
sampling [21] along the ray direction r, thereby facilitating the online training
of NeRF.

c<r>:/t'fT<t>‘a<r<t>>-c<r<t>,d>dt 1)

n

7(0) = - [ o (r(s)) ds @)

It is important to note that we do not utilize the intermediate feature vector
from F,, as the ghost feature. Instead, we render the observation ogps: at the
ghost node’s position using F},. Subsequently, we pass ognos: through the encoder
Fs, which is typically used for encoding regular nodes, to generate the ghost
feature hgpnost- The objective here is to ensure uniform feature distribution among
all nodes within the topological map. Additionally, we highlight that the implicit
memory representation F,, does not rely on prior knowledge but is dynamically
learned from the observation sequence during each episode, which leads to the
generality of FTM for scenes.

3.2 Utilizing Memory for Navigation

To extract task-relevant information from FTM, we design the Multi-Stage Mem-
ory Extraction (MSME). First, we utilize a Graph Convolutional Network (GCN)
to integrate topological information. This process fuses the current observations,
target information, and existing perceptual memories, enhancing the agent’s un-
derstanding of the environmental structure and layout. Then, we employ the
cross-attention decoder to extract critical perceptual information from the fused
topological map and generate actions end-to-end.

Multi-factor Graph Encoder. Our initial step involves aggregating data from
adjacent nodes to potentially broaden the spatial receptive field, concurrently
incorporating visual cues for subsequent information extraction. We employ a
shared ResNet-18 encoder F,, for encoding both the current observation o; and
the target observation 04qrge: into feature vectors e; and esqrger. The two vectors
are then separately integrated into the topological memory H = {hq, ha, ..., hn, }.
To elaborate further, e; and e, get are respectively concatenated with each node
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embedding h; € H and then passed through a linear layer FC. This process gener-
ates H'” and Htarget, fusing information about current and target observations.
Then we feed them into a multi-layer GCN to yield multi-factor topological
memory M; and Myqrgei. The process can be summarized as follows:

1Y = FC((H,£), (3)
HI) = ReLU (D EAD#p{ WD) (4)
M=H), (5)

where £ represents e; Or €qrget, /X represents the K-th layer, and M represents
Mt or Miqrget correspondingly. A means the adjacency matrix with self-loops,
D corresponds to its degree matrix, and W € R4*? is a parameter matrix.

Cross-attention Decoder. We assert that agents should prioritize task-relevant
cues, such as nearby and target environmental information, to enhance spatial
awareness and task-related reasoning capabilities. In the structure, attention is
reallocated to feature maps M; and M;iqrge: to capture relationships between
distant nodes.

We employ the multi-head attention function, mAtt(Q, K, V) [41], to extract
task-related memories. Specifically, we use eiqrger as the query, and M, as the
key and value to obtain the contextual information ;qyge:. Similarly, we acquire
x¢ by reallocating attention to Myqrge+ using e;. The process can be represented
as follows:

Ttarget = mAtt(eta7'get7 Mta Mt): (6)
Iy = mAtt<€ta Mtarget7 Mtarget)- (7>

Action Policy. We then apply residual connections and layer normalization to
x¢ and Tiqrget, and then feeding them into a fully connected layer to obtain y;
and Ytarget:

j:target =LN (xtm'get + etarget) ) (8)
Ytarget = LN (RGLU (FC (-’i‘target» + iturget) 5 (9>

where LN represents layer normalization. It’s important to highlight that the
generation process for both y: and ¥igrge: is identical. They share the same
attention structures, but their parameters are independently trained.

Finally, ¥¢, Ytarget and the perceptual features of current observation e; are
concatenated to form the comprehensive cognitive feature, which is finally em-
ployed by a MLP and the stacked LSTM to learn the action policy.

4 Experimental Setup

Task Settings. We conduct image-goal navigation in the photorealistic Habitat
simulator [35]. The objective is to reach the position of a given target image
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within a maximum timestep N,, = 300 while avoiding obstacles. The robot
carries an RGBD camera in the body front with 144 x 192 resolution and 90°
HFOV. In line with previous methods, we incorporate real actuation motion
noise and utilize a discrete action space with four types of actions: move forward
~ 0.25m, turn right ~ 15°, turn left ~ 15°, and stop. The navigation is considered
successful when the robot reaches the target within 1m.

Training Process and Test Settings. We first train the image encoder Fj
and the neural odometer F, using the approaches in [17] and [47]. Then we freeze
the parameters of F; and F,, and employ multithreading to train the naviga-
tion policy. In the primary thread, the agent incrementally constructs the FTM,
which the MSME module subsequently uses to generate actions. These actions
are optimized through imitation learning (IL) to minimize the disparity with the
optimal actions. Another thread focuses on the online training of F;, during nav-
igation. F}, is dynamically learned during each episode based on the photometric
loss and the depth loss between the rendered images and the real observations.
The training dataset comprises 50 highly realistic indoor environments on the
Gibson dataset [44]. Each episode in the training set represents the optimal path
from the starting point to the target, obtained through expert control.

During testing, we employed a separate set of 9 environments, distinct from
those used for training. The test dataset consists of 810 episodes, categorized into
three levels of difficulty based on the distance between the starting point and the
target: 1) Easy: 1.5m — 3.0m; 2) Medium: 3.0m — 5.0m; 3) Hard: 5.0m — 10.0m.

Evaluation Metrics. We use three metrics to evaluate the navigation perfor-
mance: Success Rate (SR). This is the ratio between the the successful and the
total number of episodes. Success weighted by Path Length (SPL). This estimates
the path efficiency along with the success rate. Distance To Success (DTS). This
measures the closest distance of the agent from the success threshold boundary
in the episodes.

Baseline Models. We compare the proposed method with the following base-
lines: 1) Reactive [48|: The robot navigates in the environment without any
memory, i.e., the robot extracts perception features and then directly generates
actions using MLP; 2) Nav A3C [31]: An internal-memory-based method that
maintains memory using LSTM; 3) OVRL+SLING [43}/45]: A reinforcement
learning-based method with pretrained visual representation. It also combines a
last-mile navigation method for efficient target reaching; 4) MISM |[33]: It com-
bines short-term working memory and long-term episodic memory to generate
actions; 5) NRINS [11]: This method uses a topological map and select nodes
to explore through a distance estimator. Distance function and target prediction
function are learnt over passive videos of roaming; 6) VGM |[17]: It evaluates
the similarity of observed images to construct a topological visual memory, and
then generate actions using GNNs; 7) FGPrompt [38]: It proposes a novel
fine-grained goal prompting architecture to learn observation embeddings con-
ditioned on the fine-grained and high-resolution features of the goal image.

Ablation Models. We ablate three crucial modules to verify their roles in nav-
igation: ghost node prediction (Fy), ghost feature prediction (F,), and MSME.
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Table 1: Comparison of navigation performance with baselines.

Easy Medium Hard Overall

SRt SPLt DTS|| SRt SPLt DTS| | SRt SPLt DTS| | SRt SPLt DTS|
Reactive [48 0.500 0.332  0.527 | 0.217 0.129 1.677 | 0.106 0.062 4.087 | 0.274 0.174  2.097
Nav A3C [31] 0.608 0.301 0.325 | 0.410 0.186 0.923 | 0.124 0.047 3.023 | 0.381 0.178 1.424
MSM (33] 0.616 0.342  0.403 | 0.511 0.323 0.767 | 0.294 0.146  2.405 | 0.474 0.270 1.192
NRNS [11] 0.521 0.364 0.718 | 0.369 0.276 1.385 | 0.200 0.125 2.570 | 0.363 0.255  1.558
VGM |17 0.644 0.385 0.288 | 0.575 0.373 0.671 | 0.384 0.225 1.880 | 0.534 0.328  0.946
OVRL+FSLING [43/45] 0.702 0.479  0.317 | 0.590 0.325 0.760 | 0.416 0.220 2.006 | 0.569 0.341  1.027
FGPrompt [38] 0.796 0.463 0.293 | 0.562 0.291 0.682 | 0.403 0.206 1.879 | 0.587 0.320  0.951
FTM(Ours) 0.774 0.485 0.185 |0.650 0.360 0.548 |0.451 0.252 1.523 |0.625 0.366 0.752

Ablating F, implies that we only maintain memory representations for explored
areas, without introducing ghost nodes to the topological map. When F,, is ab-
lated, the features of ghost nodes are not predicted using NeRF. Instead, these
features are set to zero vectors, indicating that ghost nodes solely offer direc-
tional information for exploration but lack visual attributes. Ablating MSME
involves only using simple multi-layer GCNs and self-attention to extract the
raw topological memory H for navigation, without employing the multi-factor
graph encoder and the cross-attention decoder.

5 Results

We evaluate the navigation performance of various models in different test scenes.
Furthermore, we conduct ablation and interpretability experiments to demon-
strate the effectiveness of the proposed navigation framework.

5.1 Navigation Performance.

Comparison with Baselines. Tab. [[|shows the performance of different mod-
els in various difficulty settings. In contrast to the Reactive model, which lacks
memory mechanisms, and the models employing implicit memory mechanisms
(Nav-A3C and OVRL+SLING), our model demonstrates superior navigation
performance, especially in the hard setting. We assert that employing a concise
explicit representation of the environment and finding how to enhance explo-
ration awareness based on such representation are crucial.

Compared to other baseline models with topology-based memory structures
(VGM and NRNS), our approach achieves significant performance gains on the
overall metrics. In contrast to VGM, our inclusion of ghost nodes within the
topological map for representing unexplored areas significantly broadens the
agent’s perceptual field, thus facilitating exploration and target search. Com-
pared to NRNS, we endow the ghost nodes with perceptual features through
an online-trained NeRF. This ensures that the ghost nodes are integrated into
the memory utilization module to make full use of the boundary features and
achieve topological enhancement.
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Table 2: The ablation studies on different components.

Easy Medium Hard Overall
F, F, MSME SRt SPLt| SRt SPLt | SRt SPLt | SRt SPLt
X X v 0.692 0.406 | 0.593 0.356 | 0.325 0.193 | 0.537  0.318
v X v 0.702 0.414 | 0.652 0.359 | 0.376 0.195 | 0.577  0.323
v /7 X 0.731  0.437 | 0.572 0.333 | 0.345 0.207 | 0.549  0.325
v V'V 0774 0485 | 0650 0360 | 0.451 0.252 | 0.625 0.366

Table 3: Comparisons on different ghost feature types. “Previous view” indicates the
ghost features are extracted from the partial view at the previous node. “SE3DS” applies
an image-to-image GAN to generate the visual observation for the ghost node. “G.T.
observation” represents the ground truth observation of the ghost node.

Easy Medium Hard Total
Ghost Feature Type SRt SPLt | SRt SPLt| SRt SPL{| SRt SPL?
Previous view 0.732  0.392 | 0.635 0.337 | 0.382 0.201 | 0.583 0.310
SE3DS [14] 0.752  0.397 | 0.664 0.361 | 0.423 0.225 | 0.613 0.328
Ours (NeRF) 0.774 0.485 | 0.650 0.360 | 0.451 0.252 | 0.625 0.366

G.T. observation 0.782 0.482 | 0.669 0.371 | 0.496 0.290 | 0.649 0.381

Furthermore, our FTM module is designed to capture boundary and low-
confidence scene features, enhancing the agent’s active exploration and informa-
tion gathering. Consequently, our method may achieve suboptimal performance
in simpler settings where the agent can easily see the target and requires minimal
exploration, but it excels in more challenging settings and overall performance.

Ablation Study. Tab.[2|presents the detailed ablations of the proposed method.
(1) The absence of the MSME module significantly reduces navigation perfor-
mance, demonstrating its effectiveness in integrating multi-factor information
from targets and current cues to guide the agent in extracting task-specific sig-
nals. (2) Compared to the model without ghost nodes (Fy), our full model in-
creases SR by 16.4% and SPL by 15.1%. we speculate that the addition of ghost
nodes enhances the initial exploration, allowing the agent to detect target clues
earlier and consequently improving performance. (3) In comparison to the model
without ghost features (F,,), our Full model performs better under hard settings,
showing a 19.9% improvement on success rate and a 29.2% improvement on SPL.
This is unsurprising because as navigation difficulty increases, the agent with rea-
sonable predictions about the unexplored environment is more likely to choose
the promising directions for exploration and avoid redundant searches in specific
regions. We believe that the ghost node features predicted through F,, and Fj
indeed bolster the agent’s comprehension of uncharted areas, enabling the full
utilization of the boundary features.

To further explore the effectiveness of the visual features extracted from
NeRF reconstructions for ghost nodes, we consider different types of ghost fea-
tures in Tab. [3] Compared to ghost features extracted from the partial view at
the previous node or from the generative model, our proposed NeRF-based ap-
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Fig. 4: Example visualization of a typical navigation episode. To visualize
the agent’s behavior, we plot its trajectory on the top-down map of the environment.
Additionally, we present the agent’s actual observations at each time step, as well as the
rendered observations at the ghost nodes. Our method effectively prompts the agent
to fully explore and search for targets in unknown scenes.

proach demonstrates a significant performance increase. This suggests that our
method excels at capturing boundary features in unexplored but visible areas
based on historical observations, potentially enhancing overall navigation task
efficiency. Furthermore, we attach the ground truth observations obtained from
the simulator to the ghost nodes. The results indicate that utilizing visual en-
codings derived from NeRF reconstructions as ghost features results in only a
minor decline in navigation performance (3.7% in SR and 3.9% in SPL) when
compared to the ground truth version. This further confirms the effectiveness of
integrating NeRF to predict these ghost features.

5.2 Visualization and Interpretability Experiments

Behavior Analysis in Typical Scene. Fig. [4] shows the trajectory of the
agent and the observations rendered at ghost nodes. It is evident that the agent
constructs its environmental understanding during navigation, and is guided
by the ghost nodes in exploration. In the initial phase of the task, the agent
exhibits limited environmental awareness and tends to explore unfamiliar areas
while avoiding collisions under the guidance of ghost nodes. At t3, the agent
recognizes that the target is not within the current room and exits. At t4, it
explores in the direction of the bedroom indicated by the ghost node, efficiently
avoiding redundant paths and seeking the target point along new feasible routes.
Upon receiving a similar image to the target at ¢5, the agent decisively advances
towards that area.

Node Attention Visualization. Fig. [f]illustrates the FTM construction pro-
cess and the allocation of node attention during different navigation episodes.
The cross-attention decoder prioritizes two types of nodes: ghost nodes which
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Fig. 5: Visualization of the node attention in various episodes. The rectangle
represents a node in the topological map, with its color indicating the attention score
for @target. This score reflects the agent’s focus on the target information. A darker
color signifies a higher level of attention on that node. Ghost nodes and nodes close to
the agent typically receive higher attention scores during navigation.

are more likely to lead to the target point, and nodes near the agent’s current
location. In the initial stages of navigation, we notice that the agent primarily
focuses its attention on the ghost nodes. This suggests that the agent prioritizes
unexplored areas early in the process, formulating actions to fully explore the
scene guided by these ghost nodes.

Interestingly, the inclusion of ghost nodes and the MSME module may pre-
vent the agent from easily encountering a deadlock in a particular room. For
example, in time step ¢; of case 3, the agent discovers that the target is not in
the current room and decides to leave. At this point, previously visited nodes
or ghost nodes are assigned higher attention scores because their features may
resemble the target observations more closely. Subsequently, the agent returns
to these nodes, and resumes the target search under the guidance of ghost nodes
until it reaches the destination. We argue that both ghost nodes and the MSME
module effectively encourage agent’s sufficient exploration and direct it to pri-
oritize task-specific information in unkown environments.

5.3 Runtime Analysis

We use the NeRF acceleration toolbox and parallelize our system into two
threads to speed up NeRF optimization: one for NeRF training and the other for
navigation. For images sized 144 x 192, each NeRF training iteration takes 5.6ms.
The agent’s action time step is 0.1s, allowing NeRF to optimize for 18 iterations
per frame. This enables online and real-time NeRF training during navigation.
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Fig. 6: Real robot experimental results. We present the global and camera views
during the image-goal navigation process, along with the robot’s trajectory.

At the start of each episode, we additionally optimize NeRF for the first three
frames with 300 iterations (1.7s) to achieve a good initialization. Experiments
are conducted on two NVIDIA RTX 4090 GPUs.

5.4 Real-world Experiments

We deploy our method on a wheeled differential robot in the real world to val-
idate its adaptability and feasibility for real-time usage. The experimental site
is an outdoor corridor with scattered obstacles. The robot is equipped with
an Intel D435i camera and an NVIDIA Jetson AGX Xavier platform. As illus-
trated in Fig.[6] the robot successfully navigates by stopping at the correct goal
location, demonstrating effective obstacle avoidance and target understanding.
Furthermore, although our method is trained in static scenes, we find that its
obstacle avoidance capability generalizes to dynamic obstacles and pedestrians
in real-world testing (e.g., the robot will bypass pedestrians and continue its
goal search). We believe the robot has learned to use depth data to perceive
distances and avoid collisions.

6 Conclusion and Limitation

In this paper, we have proposed FTM to boost the agent’s exploration aware-
ness and enhance its long-term task understanding. The FTM is constructed on-
line, and ghost nodes are incorporated to signify unexplored regions. An online-
trained NeRF is employed to endow these ghost nodes with perceptual features,
augmenting the robot’s environmental comprehension and maintaining consis-
tency in node feature distribution. We show that FTM helps the agent focus on
geometrically explorable areas and evaluate the likelihood of these areas lead-
ing to the target like humans, which is advantageous for target-driven naviga-
tion. However, the proposed method still has limitations. The implicit memory
serves solely to generate visual features for ghost nodes, lacking effective integra-
tion with the explicit memory representation. An interesting direction involves
leveraging implicit memory to optimize pose estimation and aid the agent in
localization within topological maps.
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