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Abstract: In visual robot self-localization, semantic scene grag@phas attracted recent research attention as a valu-
able scene model that is robust against both viewpoint apeaapnce changes. However, the use of S2G in the
context of active self-localization has not been suffidieaxplored yet. In general, an active self-localization
system consists of two essential modules. One is the visaze pecognition (VPR) model, which aims to clas-
sify an input scene to a specific place class. The other isgkielrest-view (NBV) planner, which aims to map
the current state to the NBV action. We propose an efficiemable framework of active self-localization
in which a graph neural network (GNN) is effectively sharedtihese two modules. Specifically, first, the
GNN is trained as a S2G classifier for VPR in a self-superviesathing manner. Second, the trained GNN
is reused as a means of the dissimilarity-based embeddimgpoan S2G to the fixed-length state vector. To
summarize, our approach uses the GNN in two ways: (1) passigée-view self-localization, (2) knowledge
transfer from passive to active self-localization. Expents using the public NCLT dataset have shown that
the proposed framework outperforms other baseline seéfation methods.

1 INTRODUCTION w5

Cross-domain visual robot self-localization is the

problem of predicting the robot pose from on-board JESESI '

camera image using an environment model (e.g., |ave Spat,al

map), which was previously trained in different do- m proposed :tsrl;)é _tﬁpm
mains (e.g., weathers, seasons, times of the day).| rteiteftn B buiding - left
A large body of self-localization literature focuses |proposed . oo Py e B

on designing or training the models that are ro- / ol \.
bust to changes in appearance and viewpoint. Most
of them assume a single-view self-localization sce-
nario and do not consider viewpoint planning or ob- Figure 1: The nodes and edges in a semantic scene graph
server control issues. However, such a passive self-represent the absolute attribute of an image region and the
localization problem is essentially ill-posed when cur- relative attribute between a region pair, respectively.

rent live images are from a previously unseen do-

main. Existing solutions can be negatively influenced is most closely related to the next-best-view (NBV)
by environmental and optical effects, such as occlu- Problem studied in machine vision literature. How-
sions, dynamic objects, confusing features, illumi- €ver, in our cross-domain setting, a difficulty arises
nation changes, and distortions. One promising ap- from the fact that the NBV planner is trained and
proach to address this issue is to consider an activetested in different domains. Existing NBV methods
self-localization scenario (Gottipati et al., 2019), in that do not take into account domain shifts would be

which an active observer (i.e., robot) can adapt its confused and deteriorated by the domain-shifts, and
viewpoint trajectory, avoiding non-salient scenes that require significant efforts for adapting them to a new
provide no landmark view, or moving efficiently to- domain.

wards places which are most informative, in the sense  In this work, we present a novel framework for
of reducing the sensing and computation costs. This active cross-domain self-localization based on the se-

relatlve
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mantic scene graph (S2G), as shown in Fig. 1. In change is inherent in local and global visual features
general, an active self-localization system consists of and has not been overcome yet.
two essential modules (Gottipati et al., 2019):

(1) Visual place recognition (VPR) model, to classify 2.2 Semantic Scene Graphs

an input scene to a specific place class;
In recent years, semantic scene graphs (S2G) have

(2) Next-best-view (NBV) planner, to map the current .
state to the next-best-view action. attracted attention from researchers as a robust self-
localization method under both appearance and view-
We are motivated by recent findings that S2G is a point changes (Gawel et al., 2018). A semantic scene
valuable scene model that is robust to both view- graph is an attributed graph whose nodes and edges
point and appearance changes (Gawel et al., 2018) describe semantically attributed image regions and
In our approach, a trainable S2G classifier is effec- relationship between them. Many studies have for-
tively shared by these two modules. Specifically, first, mulated the S2G-based self-localization as a graph
a graph neural network (GNN) is trained as the VPR matching pr0b|em (Kong et al., 2020) For exam-
module in a self-supervised learning manner. Sec- ple, the X-View method in (Gawel et al., 2018) em-
ond, the trained GNN is reused as an S2G embEd-p|oys a graph matching a|g0rithm based on random
ding model to transfer the state recognition ability of walk to obtain improved robustness under appearance
the trained GNN to the NBV planner module. Ex- and Viewpoint Changes_ However, graph matching
periments using the public NCLT dataset (Carlevaris- techniques rely on structured pattern recognition al-
Bianco et al., 2016) have shown that the GNN clas- gorithms, and thus suffer from increasing computa-
sifier based on the semantic scene graph outperformsion cost. On the other hand, graph embeddings have
other baseline self-localization methods. It was also gained attention as a way to reduce the Cost|y graph
shown that the proposed dissimilarity-based graph matching problem to an efficient machine learning
embedding generates good NBV action plans in the problem (Cai et al., 2018). However, its preprocess-
NBV planning task. ing typically requires supervised learning of a graph
embedding model, which limits its applicability to
autonomous mobile robots. Recently, graph neural
2 RELATED WORK network (GNN) has emerged as a means of machine
learning directly on general graph data without requir-
ing graph embedding. This has motivated us to use
the GNN classifier as a method for visual place clas-

Self-localization under changes in viewpoint and ap- sifier.

pearance is a challenging problem, and has been ex- .

tensively studied (Lowry et al., 2016; Garg et al., 2-3 Graph Embedding

2021; Zhang et al., 2021). Early works explored ) ) ) )

local feature based self-localization approaches such e graph embedding formulation considered in our
as bag-of-words (Cummins and Newman, 2011), in Study is most closely related to the dissimilarity-based
which a query/map image is described by a collection 9raph embedding scheme, one of representative graph
of local visual features. However, such a local feature €mbedding approaches in the field of computer vi-
approach ignores contextual information (e.g., spatial SIon and pattern recognition (Borzeshi et al., 2013).
information) of the entire image, and is vulnerable to The dissimilarity-based embedding aims to describe
changes in appearance caused by weather or seasonf? iNPut graph by its dissimilarity to a set of pre-
changes. To address this issue, some works employd€fined prototype graphs. However, the choice of
global features to improve robustness against appeardissimilarity measure is application dependent and
ance changes. For example, GIST (Oliva and Tor- N0 general solution exists. Some methods employ
ralba, 2001), a representative global feature, uses ad'@Ph edit distance as a means of dissimilarity mea-

fixed-length feature vector to precisely describe and SUre (Wang et al., 2021). However, such a structured
match the contextual information of the entire im- Pattérn recognition algorithm suffers from high com-

age. However, since global features depend on thePutational cost. Several recent works attempt to train
information of the entire image, they are vulnerable €fficient graph embedding models by deep learning.
to viewpoint changes. Recently, attempts have beenHowever, they follow a supervised learning protocol
made to improve the discriminative power of local and require costly supervision, which is not available

and global features using deep learning techniquesi” our autonomous robot app!ications. I.n contrast, our
(Zhang et al., 2021). However, the vulnerability to approach reuses the pre-trained passive GNN classi-

2.1 Cross-Domain Self-Localization
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fier as the dissimilarity model. This approach is ap-

pealing in terms of training efficiency and real-time s
performance. Specifically, the GNN classifier can be

a novel computationally-efficient dissimilarity mea- i R
sure, because it does not require costly structured- l:

pattern recognition nor supervised graph embedding  ~ = Tx__ 9/ y
N

~

networks. " C‘ B

2.4 Next-Best-View Planners

64

Several researchers have studied the problem of next-
best-view planning for active robot self-localization.
In (Burgard et al., 1997), an active self-localization Figure 2: Bearing-range-semantic (BRS) measurement
task was addressed by extending the Markov local- mo_del. The bearing, range, and semantics are observed in
zation famewor for acton planning. I (Feder 11898, %0 oction e, 34 semaric obe, espee
et al., ;999)' an appearance-based active observe -S épace is quantized to obtain a compact 189-dim 1-hot
for a micro-aerial vehicle was presented. In (Chap- yector (i.e., an 8-bit descriptor).

lot et al., 2018), a deep neural network-based exten-

sion of active self-localization was addressed using the discriminative state vector for training the view-

a learned policy model. In (Gottipati et al., 2019), point planner. Consequently, in our approach, GNNs
the policy model and the perceptual and likelihood are utilized not only as passive S2G classifiers, but
models were completely learned. In (Chaplot et al., also as a means of knowledge transfer from passive to
2020), a neural network-based active SLAM frame- active self-localization.

work was investigated. However, these existing stud-

ies suppose in-domain scenarios, where the changes

in appearance and viewpoint between the training 3 APPROACH

and test domains was not significant. The availabil-
ity of domain-invariant landmarks was often assumed
(e.g., (Tanaka, 2021)). In contrast, in our work, the
challenging cross-domain active self-localization sce-
nario is addressed by utilizing a deep graph neural
network in two ways: passive self-localization (i.e.,
visual place recognizer) and active self-localization
(i.e., next-best-view planner).

The proposed framework consists of two main mod-
ules: (offline) training module and (online) test mod-
ule. In addition, a scene graph descriptor sub-module
is employed by the both modules. These modules are
detailed in the following subsections.

3.1 Semantic Scene Graph
2.5 Relation to Existing Works We employ a simple bottom-up procedure for scene
parsing, to generate a semantic scene graph from a
. . X given query/map image. First, semantic labels are
mantic scene graph (S2G) in the challenging sce- 4qqjgned to pixels using DeepLab v3+ (Chen et al.,
nario of active cross-domain self-localization. Ex- 2018), which was pretrained on Cityscapes dataset.
isting machine learning approaches require as iNputryap ‘regions smaller than 100 pixels are regarded as
fixed-length feature vectors such as local and global not characterizing the input scene, and removed. Sub-

feallturesb.l Howiver, they had the I|m|te:;uon of being gequently, connected regions with the same semantic
vulnerable to changes In viewpoint and appearance.|,ne|s are identified using a flood-fill algorithm (He

Our approach employs a new scene model, the Se-g 51 '5019) and each region is assigned a unique re-
mantic scene graph (S2G), which is robust to both i |p Next, each region is connected to each of
types of change. However, S2G is no longer a f!xed— its adjacent regions by a graph edge. As a result, a
length feature vector, and thus cannot be dealt with by semantic scene graph with the nodes and edges de-
most machine learning frameworks. The graph neu- scribed above is obtained.

ral network (GNN) used in our research is a valuable \yq ghserve that not only semantic information but
recently emerging machine learning framework that 54 gpatial information is important in the robotic
can directly process graph data. Moreover, we ex- »qjications. This spatial information is particularly
plore to reuse the trained GNN as a means Ofembed'important in the SLAM field, and existing SLAM

ding an S2G to a fixed vector, which is then used s fameworks are classified into several categories ac-

To our knowledge, this work is the first to study se-
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pixels (for 616<808 image). We noted this sim-
ple technique to be quite effective in improving self-
localization performance.

3.2 Visual Place Recognition

Self-localization from semantic scene graph is di-
rectly addressed by graph convolutional neural net-
work (GCN) (Wang et al., 2019) -based visual place
classifier. GCN is one of most popular approaches to
graph neural networks. Specifically, we aim to train a
GCN as a visual place classifier, which takes a single-
cording to the type of spatial information, such as View image and predicts the place class.
range-bearing SLAM (Ramezani et al., 2020), range- For the definition of place classes, we follow the
only SLAM (Song et al., 2019), and bearing-only grid-based partitioning in (Kim et al., 2019). In
SLAM (Bj et al., 2017). Our problem formulation the experimental environment, this yields-110 grid
falls into an alternative category of bearing-range- Cells and 100 place classes in total.
semantic (BRS) -based self-localization (Fig. 2). In this study, a GCN is trained by using the se-
Specifically, in our approach, a semantic scene mantic scene graphs as the training data. The graph
graph is computed in the following procedure. convolutionoperationtakes a noden the graph and
First, the semantic labels output by a seman- processes itin the following manner. First, it receives
tic segmentation network in (Ronneberger et al., messages from nodes connected by the edge. The
2015) were re-categorized into seven different se- collected messages are then summed via the SUM

Figure 3: Using edges enables to distinguish between two
similar but different scene layouts, as in this example.

mantic category IDs: “sky,” “tree” “building,”  function. The result is passed through a single-layer
“ole,” “road,” “traffic sign,” and “the others”  fully connected neural network followed by a non-
which respectively correspond to the labgisky”}, linear transformation for conversion into a new fea-
{“vegetation’}, {“building”}, {“pole”}, {“road, ture vector. In this study, we used the rectified lin-
“sidewalk”}, {“traffic-light,” “traffic-sign”’}, and ear unit (ReLU) operation as the nonlinear transfor-
{“person,” “rider,” “car,” “truck,” “bus,” “train,” “mo- mation. The process was applied to all the nodes in
torcycle,” “bicycle,” “wall,” “fence,” “terrain”} in the  the graph in each iteration, yielding a new graph that

original label space. The location of the region center had the same shape as the original graph but updated
was quantized into nine “bearing” category IDs by a node features. The iterative process was repelated
3x3 regular grid imposed on the image frame. Area times, whereL represents the ID of the last GCN
of the region was quantized into three “range” cate- layer. After the graph node information obtained in
gory IDs: “short distance (larger than 150 K pixels),” this manner were averaged, the probability value vec-
“medium distance (50 K-150 K pixels),” and “long tor of the prediction for the graph was obtained by
distance (smaller than 50 K)” for 61808 image. Fi-  applying the fully connected layer and the softmax
nally, these semantic, bearing and range category IDsfunction. Forimplementation, we used the deep graph
are combined to obtain a ¢Bx9=) 189-dim 1-hot library (Wang et al., 2019) on the Pytorch backend.
vector as the node descriptor. In the multi-view self-localization scenario, the
We observe that the nodes and edges represent twdatest viewimage/odometry measurement at each time
different aspect of the spatial information, which can is incrementally fused into the belief state. For the
act as error detection codes (Cércoles et al., 2015) thatinformation fusion, the standard Bayes filter-based
complement each other. Specifically, an edge is suit- information fusion as in (Dellaert et al., 1999) is
able for describing the relative feature (e.g., position- adopted. The motion and perception models of the
relationship), while a node is suitable for describing Bayes filter are adopted to our specific application do-
the absolute feature (e.g., position). Figure 3 illus- main. Specifically, a motion corresponds to a forward
trates an example showing how the use of edge infor- move along the viewpoint trajectory, and a percep-
mation helps to discriminate a near-duplicate scenetion corresponds to a class-specific probability den-
pair, which the node descriptor alone could not dis- sity vector (PDV) output by the GCN. Inimplementa-
criminate. tion, a slightly simplified motion and perception mod-
We also adopted a region merging technique, in- €ls are used. First, the marginalization step associated
spired by a recent work in (Matejek et al., 2019). Wwith the robot motion model was skipped by utiliz-
Specifically, we remove regions smaller than 1,000 ing a noise-free motion model. Then, the Bayes rule
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step associated with the robot perception model was
replaced with a reciprocal rank fusion operation in
(Cormack et al., 2009).

The spatial resolution of the Bayes filter state
space (e.g., 1 m) is required to be the same or higher
than that of the odometer sensor, which is much
higher than that of the state space of visual place clas-
sifier. Conversion between two state vectors with such
different spatial resolutions is simply implemented as
a marginalization operation.

S T

({I‘

Figure 4: Experimental environments. The trajectories
of the four datasets, “2012/1/22,” “2012/3/31,” “2012/8/4
and “2012/11/17,” used in our experiments are visualized in
green, purple, blue, and light-blue curves, respectively.

3.3 Next-best-View Planning

The next-best-view planning is formulated as a
reinforcement-learning (RL) problem, in which a

learning agent interacts with a stochastic environ- .
ment. The interaction is modeled as a discrete-time 1€ public NCLT long-term autonomy dataset

discounted Markov decision process (MDP). A dis- (Carlevaris-Bianco et al., 2016) was used in the ex-
counted MDP is a quintupléS A,P,R y), whereS perlments_(Flg. 4)_. The dataset was collected through
andA are the set of states and actions, respectively. multi-session navigation under various weather, sea-

4.1 Dataset

P denotes the state transition distributidhdenotes
the reward function, angde (0,1) denotes a discount
factor y = 0.9). The learning rate was set@o=0.1.

We denotedP(-|s,a) andr(s,a) as the probability dis-
tribution over the next state and the immediate reward
of performing an actiora for a states, respectively.
Specifically, the stateis defined as the class-specific
reciprocal rank vector, output by the GCN classifier.
The actiona is defined as a forward movement along
the route.

In the experiments, we use a specific implementa-
tion as shown below. The action set is a size 10 set of
candidates of forward movement along the predefined
trajectoriesA ={1, 2,---,10} (m). Each training/test
episode is a length = 4 perception-plan-action se-
quence. The RL is trained by the recently developed
efficient RL scheme of nearest neighbor Q-learning
(NNQL) (Shah and Xie, 2018) with neighborhood
factork = 4. The immediate reward is provided at
the final viewpoint of each training episode, as the re-
ciprocal rank value of the ground truth place-class.

4 EXPERIMENTS

The proposed method was evaluated in an active
cross-domain self-localization scenario. The goal of
the evaluation was to validate whether the GCN-based

classifier and embedding of semantic scene graph

could boost the performance in both the passive and
active self-localization modules.
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sons and times of day over multiple years using a
Segway vehicle at the University of Michigan North
Campus. While the vehicle travels seamlessly in-
doors and outdoors, the vehicle encountered various
geometric changes (e.g., object placement changes,
pedestrians, car parking/stopping) and photometric
changes (e.g., lighting conditions, shadows, and oc-
clusions).

In particular, we supposed a challenging cross-
season self-localization scenario, in which the self-
localization system is trained and tested in differ-
ent seasons (i.e., domains). Specifically, four sea-
sons’ datasets “2012/1/22 (WI1),” “2012/3/31 (SP),”
“2012/8/4 (SU),” and “2012/11/17 (AU)” were used
to create four different training-test seasons pairs:
(WI, SP), (SP, SU), (SU, AU), and (AU, WI). Addi-
tionally, an extra season “2012/5/11 (EX)” was used
to train the visual place classifier. That is, the clas-
sifier was trained only once in the season EX, prior
to the self-localization tasks, and then the learned
classifier parameters were commonly used for all the
training-test season pairs. The number of training and
test episodes were 10,000 and 1,000, respectively.

4.2 Comparing Methods

Three different self-localization methods, GCN, naive

Bayes nearest neighbor (NBNN), and k-nearest
neighbor (KNN) were evaluated. The GCN is the

proposed method that uses GCN in two ways, VPR
and NBV from a semantic scene graph (S2G), as de-
scribed in Section 3. Other comparing methods are
non-S2G-based methods, which ignore graph edges
and represent an input image as a collection of image
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(d) () (b) (©) (d)

Figure 5: Examples of semantic scene graph. Top: The in- Figure 6: Next-best-view planning results. In each figure,
put scene. Bottom: The corresponding scene graphs over-the bottom and top panels show the view image before and
laid on the semantic label image. after the planned next-best-view actions, respectively.

regions. For fair comparison, the same node regions Table 1: Performance results.
used in the proposed method were used as the image “rw’: region merging, “S": semantic, “BRS”: bearing-rangemantic,
regions in the comparing methods. NBNN and kNN “VPR”: visual place recognition (w/ random action planning
methods are based on measuring dissimilarities in the “VPR+NBV": VPR w/ next-best-view planning
node feature set between a query-map pair of inter- W/ RM wio RM

est. NBNN (Tommasi and Caputo, 2013) is one of S|BRS| S| BRS
the best known methods to measure dissimilarities be- Och L AL7 ) 18911201 191

A N VPR kNN 5.8 15.6 6.3 12.9
tween such a featur_e set pair. In that, the L2 distance NBNN | 13 341 121 3s
from the nearest-neighbor map feature to each query GCN | 199 | 31.4 | 195 | 323
feature is computed, and then it is averaged over all VPR+NBV | kNN | 109 | 28.4 | 112 | 2438
the query features, which yields the NBNN dissimi- NBNN | 22| 47| 27| 46

larity value. KNN is a traditional non-parametric clas-
sification method based on the nearest-neighbor train-
ing sample in the feature space, in which the class la-
bels most often assigned to the training samples of the
kNN (i.e., minimum L2 norm) are returned as classi-
fication results. In that, an image is described by a
189-dim histogram vector by aggregating all the node
features that belong to the image.

planned next-best-view actions. Intuitively convinc-
ing behavior of the robot was observed. Before the
move, the scene was a non-salient one consisting only
of the sky, the road, and the trees (Fig. 6 a,b,c), or the
field of view was very narrow due to occlusions (Fig.
6d). After the move, landmark objects came into view
(Fig. 6 a,c) or additional landmarks appeared (Fig. 6
b,d). Such behaviors are intuitively appropriate and
effective for seeking and tracking landmarks when a
4.3 Performance Index human becomes lost and looks for familiar landmark
objects. Our approach enables the robot to learn such
Self'localization performance was eVaanted in terms an appropriate State_to_action mapp|ng from ava"ab|e
of top-1 accuracy. The evaluation procedure was asyijsyal experience.
fO”OWS. FirSt, Self-localizaﬂon performance at a” Series Of experiments were Conducted to observe
viewpoints of the query episode, and not just the fi- the effects of individual components, including the
nal viewpoint, were computed. Then, top-1 accuracy graph edges and the region merging. Table 1 lists
at each viewpointwas computed from the latest Bayes the results of the proposed next-best-view planner
filter output based on whether the class with highest («vpR+NBV”) and a baseline planner with random

belief value matches the ground-truth. action planning (“VPR”). Moreover, we compared
the proposed BRS-based region descriptor (“BRS”)
4.4 Results with the baseline semantic label-based region descrip-

tor (“S”). Notably, the proposed method yielded a su-
Figure 5 shows semantic scene graphs used in the experior performance compared to the other methods.
periments. Notably, the domain-invariant scene parts The technique of region merging contributed to re-
(e.g., buildings and roads) of the input scenes tendedduce the number of nodes while retaining the self-
to be selected as the dominant parts. localization performance. The number of nodes was
Figure 6 shows examples of views before and after reduced from 19.8 to 7.2 per semantic scene graph on
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Table 2: Ablation studies. used in two ways. First, the GNN is trained as a
Training-Test | SP-SU | SU-AU | AU-WI | WI-SP visual place classifier for passive single-view self-
BRSregions |  23.8 14.8 53| 217 localization in the fashion of self-supervised learning.

BRSimage | 214 13.9 37| 201 Second, the trained GNN is reused as a means of em-
BRSregons| 201] 122] 137 192 bedding S2G into a fixed-length state vector, which is

average, which results in the reduction of computa- then fed to the reinforcement learning module to train
tion time for self-localization from 0.82 ms to 0.16 the next-best-view planner. Experiments showed that
ms. Particularly, the use of edge feature and the next-th€ Proposed method is effective in both passive self-

best-view planner often significantly boosted the self- localization and knowledge transfer from passive to
localization performance. active self-localization. The proposed framework was

Table 2 lists the results of additional ablation found to be robust to changes in both viewpoint and
studies. Here, we verified the importance of graph @PPearance. In the future, we plan to clarify these ro-
topology and region descriptors. In the table, “BRS pustness and limitations through furthe.r research us-
regions” and “B-R-S regions” use semantic scene N9 real robots as well as simulated environments.
graphs based on segmentation, but have different de-
scriptors for region nodes. “BRS regions” is the
proposed method that represents region nodes by sREFERENCES
1-hot vector in the discretized joint space of bear-
ing range semantics. “B-R-S regions” is an alterna- Bj, E., Johansen, T. A, etal. (2017). Redesign and analysis
tive method that first computes 1-hot vectors inde- of globally asymptotically stable bearing only slam.
pendently in each of the three discretized spaces of In 2917 20th International Conference on Information
bearing, range, and semantics, and then concatenate " usion (Fusion)pages 1-8. IEEE.
the three 1-hot vectors to obtain a 3-hot state vector BorZ(?-lShEIZOE]_.S)Z.’Dli::gl(’:iﬂidr‘::’;ltil\\lﬂé’ p'?cfos;gé EgleiggnBl%‘gtkhe_’
(“B-R-S regions”). “BRS image” differs from “BRS i .

. . . ods for graph embedding. Pattern Recognition
regions” only in terms of graph topology, and uses a 46(6):1648-1657.

single-node semantic scene graph with the entire im- Burgard, W., Fox, D., and Thrun, S. (1997). Active mobile
age as a graph node. From this table, we can see that ~robot localization. IrProceedings of the Fifteenth In-
the proposed method, which describes the semantic ternational Joint Conference on Atrtificial Intelligence,

scene graph consisting of region nodes using 1-hot re- IJCAI, pages 1346-1352. Morgan Kaufmann.
gion descriptors of the BRS joint space, outperforms Cai, H., Zheng, V. W., and Chang, K. C.-C. (2018). A com-
the other methods. prehensive survey of graph embedding: Problems,

We observe that the descriptor compactness is  techniques, and applicationsEEE Transactions on
quite important in the training phase because the re-C | Kn9W|§_(jge anﬁl DzthahEng|rfe2n@0(i).é61§—16§7.M
inforcement learning procedure iterates the classifi- “2"€vars-sianco, N., Ushani, A. K., and Eustice, R. M.

. ) (2016). University of michigan north campus long-
cation process for hundreds of thousands of times term vision and lidar dataseThe International Jour-

through the training episodes. In our approach, suf- nal of Robotics ResearcB5(9):1023-1035.
ficiently compact scene descriptor was acquired by Chaplot, D. S., Gandhi, D., Gupta, S., Gupta, A., and
the proposed approach, as shown bellow. The num- Salakhutdinov, R. (2020). Learning to explore using

ber of nodes per semantic scene graph was 7.2 on av- active neural SLAM. IrBth International Conference
erage. The node descriptor consumed 8-bit per node. on Learning Representations

The space cost for nodes and edges were 57.8-bit andChaplot, D. S., Parisotto, E., and Salakhutdinov, R. (2018)
12.5-bit per semantic scene graph, respectively, on Active neural localization. Ii6th International Con-
average. This a low space cost, even compared to  [€'ence on Learning Representations

the most compact existing descriptors such as bag-Chen. L.-C., Zhu, Y., Papandreou, G., Schroff, F., and
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