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Abstract— Performing accurate localization while maintain-
ing the low-level communication bandwidth is an essential
challenge of multi-robot simultaneous localization and map-
ping (MR-SLAM). In this paper, we tackle this problem by
generating a compact yet discriminative feature descriptor with
minimum inference time. We propose descriptor distillation that
formulates the descriptor generation into a learning problem
under the teacher-student framework. To achieve real-time
descriptor generation, we design a compact student network
and learn it by transferring the knowledge from a pre-trained
large teacher model. To reduce the descriptor dimensions from
the teacher to the student, we propose a novel loss function
that enables the knowledge transfer between two different
dimensional descriptors. The experimental results demonstrate
that our model is 30% lighter than the state-of-the-art model
and produces better descriptors in patch matching. Moreover,
we build a MR-SLAM system based on the proposed method
and show that our descriptor distillation can achieve higher
localization performance for MR-SLAM with lower bandwidth.

I. INTRODUCTION

Multi-robot simultaneous localization and mapping (MR-
SLAM) aims at perceiving environments by utilizing a set
of cooperative robots [1]-[4]. It is an extended approach to
single-robot SLAM (SR-SLAM) and has attracted significant
attention due to its clear advantage in exploring large-scale
environments. However, a multi-robot system brings one
additional restriction: the limitation of the communication
bandwidth. In a MR-SLAM system, to integrate all the
trajectories from the whole team, every robot in the team
should share its keyframe data (including keyframe pose
and observed feature points) to process the inter-robot loop-
closure and global localization. This type of data exchange
occupies a high communication capacity, which is very
likely to degrade real-time performance. Some engineering
solutions, such as reducing the communication frequency,
and declining the keypoints number, are able to reduce
the bandwidth. On the other hand, these approaches cause
another problem: the localization results in lower accuracy.

In order to maintain high localization performance while
reducing the bandwidth, producing more compact features
is a reasonable and universal solution. To this end, some
previous approaches [5] [6] have attempted to reduce the
dimension of the handcraft descriptors. However, this kind
of methods leads to poor matching performance.

Recently, convolutional neural network (CNN) ap-
proaches [7]-[10] have shown their superior performance
against handcraft descriptors. However, these methods are
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Fig. 1. A visualization comparison of generated descriptors between
previous methods and our method. As seen, our method extracts significantly
compact descriptors and achieves more accurate matching performance.

specially designed and evaluated only for SR-SLAM and
have no guarantee to be applied to MR-SLAM. Typically,
there are two difficulties in applying CNN-based descrip-
tors to MR-SLAM. First, most state-of-the-art approaches
are designed to produce high-dimensional (more than 128
dimensions) descriptors. Second, it is hard for most current
CNN models to perform real-time descriptor generation in
the mobile platform since they tend to use large and complex
networks. The high model complexity and descriptor dimen-
sions are two major obstacles that hinder the deployment of
learning-based methods to MR-SLAM.

In this paper, we aim to design a compact network that can
produce low-dimensional descriptors with a small number of
parameters. Most importantly, the generated descriptors have
to outperform or at least be comparable to those predicted
by using larger models. Towards this goal, we propose a
knowledge distillation (KD) based framework for descriptor
learning. Our framework is a classic teacher-student combi-
nation, where the student is the compact model which we aim
to learn, and the teacher is a pre-trained larger network whose
predictions are used for supervising the student learning.
However, KD requires the same dimensional predictions
from the teacher and the student to calculate a loss function
[11]-[13]. In our problem, predicted descriptors between the
teacher and the student have different dimensions, making
KD incompatible with descriptor distillation.

To address this problem, we propose a novel distillation
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Fig. 2. The diagram of the proposed teacher-student framework for descriptor distillation. The teacher model is firstly trained with common losses, and its
parameters are fixed during student learning. Then, the high-dimensional descriptors predicted by the teacher are utilized to guide the student to produce
low-dimensional descriptors with the proposed distillation loss. Therefore, the loss function of the student model consists of several common losses as well

as the distillation loss.

loss function that can distill feature descriptors between the
two models even if they yield different dimensional outputs.
To do this, we compute the similarity between the negative
pairs (unmatched pair) distances across the teacher and stu-
dent models. Based on this distillation approach, our network
is able to alleviate the performance drop while reducing both
model parameters and descriptor dimension. Fig. 1 shows an
example comparison between previous traditional methods
and our method. We fairly test our models on public patch
matching datasets. Moreover, based on our descriptor model,
we develop a MR-SLAM system to quantify the performance
of our descriptors on the real-world SLAM task.
To summarize, we present the following contributions:

« We design a teacher-student model to generate the com-
pact binary descriptor. Our model outperforms state-
of-the-art methods in both matching performance and
computational cost.

« We propose a novel distance-based distillation loss,
which allows knowledge transfer between models with
different output dimensions.

o« We develop a MR-SLAM system based on the new
descriptor model as the evaluation platform. The results
show that our model demonstrates good performance
for MR-SLAM task in public EuRoC dataset [14].

II. RELATED WORK
A. Bandwidth narrowing approaches

Recently, most MR-SLAM systems share all keyframe
data between robots or servers. This data exchange mode
will easily exceed the bandwidth limitation during real-
world tasks. Moreover, simply reducing the containing in-
formation or sending frequency of the keyframes will bring
poor localization performance. To deal with the difficulty,
Some works only share the compact global descriptors for
loop-closure [3] [15] [16] in normal times. They exchange
the whole keyframe data only when the loop is detected.
However, this type of approaches is not suitable for all

multi-robot architectures. Some other works use high-level
information such as semantics to generate object-level land-
marks for inter-robot localization [17] [18]. Since the object-
level landmarks are much less than local feature points,
these approaches can significantly reduce communication
bandwidth. However, generating such high-level landmarks
requires specific environments that contain rich semantic
information. Some approaches try to deal with local features
to maintain the generalization while reducing the bandwidth.
[5] uses visual BoW indexes to replace the normal feature
descriptors. In our paper, instead of compressing the existing
descriptors, we explore how to generate the compact descrip-
tors directly.

B. Traditional descriptors

The goal of descriptors works is embedding the patch
information into a vector space so that the corresponding
patches have similar descriptors and vice versa. Early hand-
craft descriptors are mainly extracted from low-level infor-
mation, such as gradient or intensity. SIFT [19] describes the
patches by gradient histograms. It has good matching perfor-
mance but contains a large data size. BRIEF [20] has a more
compact size due to its structure of binary vectors. However,
its performance is decreased compared with SIFT. In order to
obtain higher quality and more compact descriptors, several
learning-based methods have been proposed. PCA-SIFT [21]
exploits principal components analysis (PCA) to generate
the dimensional reduction version of SIFT. LDAhash [22]
utilizes the linear discriminant analysis (LDA) method to
binarize the real-valued descriptor. BinBoost [23] learns
64-bits binary descriptors through the boost hash function.
However, these learning methods are still based on low-level
information; hence huge patch information is lost during the
generation process.

C. CNN-based descriptors

CNN-based approaches are end-to-end methods that gen-
erate the descriptors directly from the patches. In most
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The detailed network architecture of the teacher model and the student model. The teacher model contains 7 convolution layers, while our student

model has 4 depthwise separate convolution layers and 2 convolution layers (the first and last layers)

works, Siamese architectures and triplet loss are utilized to
learn descriptors [24]. During the training process, distances
between matched pairs are shortened, and unmatched pairs
are lengthened. L2Net [7] first generates the descriptors that
can be matched by Euclidean space. Binary descriptors can
be obtained by taking the sign of the real-valued vectors. To
further improve the matching quality, HardNet [8] only takes
several closet unmatched pairs for training. SOSNet [9] adds
a second-order-similarity as a regularization term into the
training. Based on previous methods, HyNet [10] proposed
a hybrid similarity measurement method to measure the
distance between descriptors during the training. On the
other hand, some works also provide unsupervised models
for descriptor learning [25]-[27]. However, the matching
performances of these works are much less than the super-
vised methods. Although the recent CNN methods achieve
excellent performance, the models and descriptors sizes of
them are still too large for multi-robot systems. Hence, In
our paper, we follow the state-of-the-art supervised CNN
methods and provide a more lightweight model to produce
more compact descriptors for MR-SLAM.

III. METHODOLOGY

In this section, we present the proposed method in detail.
Specifically, we first introduce preliminary knowledge of
learning-based descriptor generation. Then, we provide our
teacher and student architecture. Based on that, we present
the proposed distillation loss, which is the key to the success
of training the student. Finally, we give a detailed learning
objective to train the student. The framework of our descrip-
tor distillation is shown in Fig. 2.

A. Preliminary

1) Siamese architecture: Currently, mainstream CNN
methods learn descriptors through the Siamese architectures.
It contains twin models that share the same weight during the
training. In the Siamese framework, two batches are prepared

on every epoch of training. Each patch in a batch is negative
to the other. On the other hand, the two batches in one epoch
are one-to-one correspondence. There are two major losses
used for training as follows.

2) Triplet loss: Triplet loss Ly has been widely used in
descriptor generating. It enforces the matched pairs are as
close as possible while unmatched pairs are as far as possible.
Most recent methods follow the HardNet strategy [8], which
only extracts the negative pair that contains the smallest
distance for training:

N
Ly =) max (0,t+dis(R;,R,) —dis (Ri,Ry)), (1)

In the equation, R; is the current real-valued descriptor, R,
is the corresponding positive descriptor, R is the closest
negative descriptor, N is the batch size. dis calculates the L,
distance between two descriptors.

3) Binarization loss: Binarization loss term Lp con-
tributes to reducing the information loss when binarizing the
real-valued descriptors. It aims to minimize the difference
between the real-valued descriptor and the corresponding
binary descriptor, which is represented as:

N D

Ls z;N((Ri(k))Bi(k))z,

where B(k) is the k-th value of the binary descriptor B, and
the R(k) is the k-th value of the real-valued descriptor R. In
addition, D is the dimension of the descriptors.

2

B. The Teacher-Student Distillation Framework

Following the typical KD strategy [11], [13], [28], [29],
we exploit two siamese networks to form our teacher-
student framework. The architecture of our network is
given by Fig. 3. Our teacher architecture is adopted from
HyNet [10]. It consists of 7 convolutional layers and outputs
128-dimensional descriptors. Except for the final one, all
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convolutional layers are followed by Filter Response Nor-
malisation (FRN) and Thresholded Linear Unit (TLU). Batch
Normalization (BN) and L2-Normalization are placed after
the final convolutional layers.

For our student model, the output dimension is 64. We
employ a more shallow network (6 convolutional layers)
to reduce the time consumption. Furthermore, following
the strategy of MobileNet [30], we replace the standard
convolutional layers with depthwise separate convolution
layers (DSC), except for the first and last one. The basic
DSC layer consists of two parts. The first part is a depth-
wise convolution, it applies one convolution filter for each
input channel. The second part is a 1x 1 convolution called
pointwise convolution.

Based on the architectures, each model is able to embed
the image patches into the real-valued descriptors. To obtain
the binary descriptors, we use the following equations to
binarize the real-valued descriptors:

B(k) = {11

where B(k) is the k —th value of the binary descriptor, and
R(k) is the k —th value of the real-valued descriptor that is
output from the model.

if R(k) <0

if R(k) >0’ ©)

C. Distillation Loss Function

Due to the difficulty of transferring knowledge between
two models with different dimensional outputs, we design a
distance-based distillation loss function. It consists of a real-
valued term and a binary-valued term, which enforce the
descriptor batch from the student model to have a similar
distribution to the teacher model on both real-valued and
binary spaces, respectively. To be specific, it minimizes the
difference in distance estimation between the same pairs
by the teacher and student models. In addition, since the
distances of the positive pairs are already extremely small,
the differences between them are not worthy of reduction.
Hence, we only minimize the negative pairs during the
training.

As mentioned above, the real-valued term minimizes two
models’ difference in the real-valued space, which can be
formulated as:

N Nioq

Lgear = Z Z

where N, is the total number of negative descriptors relative
to the current descriptor. R; and R} are the current real-
valued descriptors that produced by the teacher and student,
respectively, while the R, and R} are the corresponding neg-
ative descriptors. Moreover, due to the different dimensions
between the teacher and student, we add a coefficient A, that
is set to 0.95 to adjust the scale of teacher-side distance.

Binary-valued term transfers the knowledge in binary
space. It can be formulated as follows:

\/ Ap(B.-B.)

L RY) —dis(RELRY))?(4)

\/ Ardis(R.,RL)

N Nooq

Lgiy = ZZ

—((B}-By))?* )

where A, is a scaling coefficient that is usually set to the
ratio between the output dimensions of the two models:
D;/D,. Note that in the training stage, we obtain the binary
descriptor B; with the following representation:

R;
abs(R;) + €’
where € is a coefficient that prevents division by zero and is
set to le-5 in our experiments.

Finally, we combine the two loss terms as our distillation
loss function, which is represented as:

(6)

Bi=

Laistittation = LReal + YLBina )

where the y is weighting coefficient of the binary-valued
term.

D. The Student Training

Our training framework consists of two stages. In the first
stage, we train the teacher model using the ADAM optimizer
with a learning rate of 0.01. This process enables the model
to generate high-quality 128-dimensional descriptors. The
optimization of this stage relies on the two loss terms: triplet
loss Ly and binarization loss Lg, which formulate the basic
loss function as follows:

Lpasic = Lt + aBLB; (8)

where o are weighting coefficients that control the bina-
rization loss Lg.

In the second stage, we train the student model under
the teacher’s supervision, the learning rate is set to 0.001.
Therefore, the objective function includes both basic loss
Lpasic and distillation loss Lyjgiziarions 1t can be represented
as:

Ltrain = Lpasic + ﬁLdistillationa (9)

where B is the weighting coefficient of distillation loss ,
which is set to 2 during the training.

IV. EXPERIMENT

We perform two types of experiments to validate the
proposed method. First, we fairly compare the matching per-
formance of our method and previous methods on the public
UBC dataset [31]. Second, to demonstrate the application of
our method to the MR-SLAM task, we build a MR-SLAM
system based on VINS-Mono. With the system, we then
conduct a MR-SLAM experiment on EuROC dataset [14].

A. Patch matching

1) Dataset and implementation Details: UBC dataset is
the most widely used for patch matching [31]. It consists
of three subsets: Liberty, NotreDame, and Yosemite. The
total dataset contains around 400k 64 x 64 patches with
labels. Following the evaluation protocol, we train the models
on one subset and test them on the other two subsets.
Specifically, for every test subset, we pick 100k patches as
the test set. Same as previous works, we show the matching
performance by reporting the false positive rate at 95% recall
(FPRYS).
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TABLE I

THE QUANTITATIVE COMPARISONS OF DIFFERENT DESCRIPTORS ON UBC DATASET. THE VALUES ARE FPR95.

Train Feature | Notredame  Yosemite Liberty  Yosemite Liberty  Notredame Mean
Test Size Liberty Notredame Yosemite
Traditional Methods
SIFT 4096-bit 29.84 22.53 27.29 26.55
BRIEF 256-bit 59.15 54.57 54.57 56.23
BinBoost 64-bit 20.49 21.67 16.90 14.54 22.88 18.97 19.24
LDAHash 128-bit 49.66 49.66 51.58 51.58 52.95 52.95 51.40
CNN Methods
HardNet 64-bit 11.89 16.40 7.60 9.93 14.50 13.20 12.25
SOSNet 64-bit 11.26 15.95 7.04 9.24 13.64 11.72 11.48
HyNet 64-bit 11.72 16.16 9.94 9.03 13.14 11.87 11.97
Ours 64-bit 11.84 14.68 10.14 8.39 14.24 11.58 11.81
Ours with distillation 64-bit 10.74 13.40 6.66 8.26 11.95 11.29 10.38
CNN Methods with Data Augmentation
HardNet 64-bit 11.38 16.03 6.89 8.79 14.13 14.78 12.00
SOSNet 64-bit 11.15 14.73 6.14 7.85 11.52 11.85 10.54
HyNet 64-bit 9.39 13.00 547 7.21 11.41 10.56 9.50
Ours 64-bit 9.62 12.52 8.43 7.12 11.56 11.07 10.05
Ours with distillation 64-bit 9.15 10.87 5.24 6.50 10.57 10.23 8.76
TABLE 11 TABLE III
THE EFFICIENCY RESULTS OF CNN METHODS. GENERALIZATION PERFORMANCE (FPR95) OF CNN METHODS (
Parameters | Runtime (ms) TRAINED ON THE HPATCHES DATASET) ON THE UBC DATASET.
HardNet 810272 20.50
SOSNet | 812067 25.64 N UBCI 4(.1;46%‘“)
HyNet 812067 25.62 SOSNet 13.94
Ours 578531 18.29 HyNet 1471
Ours 13.21

Several methods are taken as the baseline methods. The
first type of methods are CNN-based methods, including
HardNet [8], SOSNet [9], and HyNet [10]. To ensure fair
comparisons, we set the output dimensions of our approach
and all other methods to 64, by adjusting the number of
output channels in their last layers. We report the matching
results with and without data augmentation. Following the
previous works, we augment the data by rotating part original
patches before training. The second type of methods are
some traditional methods, including SIFT [19], BRIEF [20],
LDAHash [22], and BinBoost [23]. We also report the
parameter number and time consumption (of generating 500
descriptors) of each CNN method to visualize descriptor
generation efficiency. All efficiency experiments are con-
ducted on a desktop PC with an NVIDIA TITAN XP GPU.
Furthermore, to test the generalization ability, we evaluate
the performance of CNN methods trained on the HPatches
dataset [32] and tested on the UBC dataset.

2) Experimental results: The comparison results of
FPR95 are shown in Table I. It is clear that the CNN-
based methods are significantly better than the traditional
methods. On the other hand, matching results show that
our method, even without distillation, is comparable to most
CNN-based methods. Furthermore, with the assistance of the
KD method, our network is able to outperform all baseline
methods. The average FPR95 values of HardNet, SOSNet,
HyNet, and our method (with KD) are 12.00, 10.54, 9.50,
and 8.76, respectively. The lowest matching error is due to
the consistency of our descriptors’ distribution with high
dimensional descriptors. The network efficiency results are
shown in Table II. The results show that our model is
around 30% lighter than the baseline CNN models, and the

running speed is also faster than the baseline methods. Table
I further demonstrates our method’s generalization ability,
since it achieves comparable performance to CNN methods
despite being trained on a different dataset.

B. MR-SLAM Task

1) SLAM architecture: To fairly test the descriptors’ per-
formance on the MR-SLAM task, we design a MR-SLAM
system as the evaluation platform. To this end, we take
VINS-Mono as our basic SLAM system and expand it into
a multi-robots version, which we call the system MR-VINS.
The detailed framework of MR-VINS is shown in Fig. 4.
The whole system has a centralized architecture, i.e., the
MR-SLAM system consists of several robots and a central
server. We keep the visual-inertial odometry module on the
robots while placing the back-end modules on the server.
On the basis of this framework, we add the CNN descriptor
models on the robots’ side. Since the VINS-Mono exploits
optical flow to track the features, the descriptors are not
needed on the visual-inertial odometry module. Hence, in
this experiment, we mainly apply the descriptors for loop
closure and global localization. We place the descriptor
models before the robot communication module so that the
descriptors can be integrated into the keyframe message sent
to the server.

2) Dataset and implementation Details: For SLAM eval-
uation, we use the public EuRoC dataset [14], which collects
data from the Micro Aerial Vehicle (MAV). In our experi-
ments, we evaluate the methods on the Machine Hall scene.
Similar to the benchmark MR-SLAM’s setting [1], we first
conduct the experiment for SR-SLAM on sequences MHI,
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Fig. 4. The framework of the MR-VINS system. All robots first perform
VIO, which involves pure visual-based pose estimation and local bundle
adjustment with IMU factors. Next, feature descriptors are generated and
integrated into keyframes, which are transmitted to the server. Upon receiv-
ing the keyframe messages, the server executes BoW-based loop closure to
detect loops in the robot trajectories. When loops are detected, the server
performs global localization using PnP-RANSAC. Pose graph optimization
is then carried out based on two factors: VIO and loop factors. Finally, the
drift correction is sent back to the robots to correct real-time pose.

MH?2, and MH3, respectively. Then, to test the performance
under the MR-SLAM task, we take the experiment where
three robots are run on these sequences (MH1-3) simultane-
ously.

The EuRoC dataset contains stereo images and IMU
measurements. And in our experiments, we pick the left
images and IMU measurements as the input of our SLAM
system. We take two types of comparisons in the experi-
ments. The first type is the comparison between different
descriptor methods. We compare our method with previous
CNN methods, including HardNet [8], SOSNet [9], and
HyNet [10]. To have a fair comparison, we only change the
descriptor extraction models in our MR-SLAM system. In
addition, all the models are trained on HPatches dataset [32].
The second type is the comparison between our method
and benchmark MR-SLAM systems, including original MR-
VINS (without CNN models) and CCM-SLAM [1] . For
evaluation, we take two measures: localization accuracy and
communication bandwidth.

3) Experimental results: The quantitative results of the
SLAM accuracy are shown in Table IV. Compared to the
original MR-VINS, as seen, CNN-based methods are able
to improve the localization performance, especially for MR-
SLAM. As the better descriptors detect more loops, partic-
ularly the “hard” inter-robot loops. Moreover, our method
generally achieves comparable accuracy to the CNN methods
on both single and multi-robots tasks. However, since the
SLAM performance depends on more than image matching.
The advantages of our localization accuracy are not obvious
as patch matching results.

While comparing our method against CCM-SLAM, we
can see, CCM-SLAM achieves better performance on SR-

TABLE IV
THE TRAJECTORY ERROR (RMSE IN CM) OF DIFFERENT METHODS.

SR-SLAM MR-SLAM
MHI MH2 MH3  Mean MHI1-3
CCM-SLAM 6.10 8.10 4.80 6.33 7.70
MR-VINS 6.15 5.88 11.58  7.87 9.91
MR-VINS+HardNet | 7.20 591 9.15 7.42 7.18
MR-VINS+SOSNet | 6.59 4.94 9.06 6.83 7.19
MR-VINS+HyNet 6.48 5.44 8.43 6.78 7.08
MR-VINS+Ours 6.26 4.14 9.41 6.60 6.94
TABLE V

THE BANDWIDTH OF DIFFERENT METHODS.

Methods Frequency (Hz) | Bandwidth (kb/s)
CCM-SLAM 2 350
MR-VINS 7 224
MR-VINS+Ours 7 119

SLAM tasks since it uses the bundle adjustment (BA)
optimization method, which is able to produce more accurate
results than the pose-graph method we use. On the other
hand, our method has a more accurate result for MR-
SLAM due to the much more detected inter-robot loops.
Furthermore, low keyframe sending frequency also limits the
accuracy of CCM-SLAM.

Table V shows the bandwidth of different SLAM systems.
Due to the same dimension of the CNN-based descriptors,
the bandwidth of them should be similar. Hence, we do not
report the bandwidth of other CNN methods. As shown by
the results, our method has a much lower bandwidth than
the original MR-VINS and CCM-SLAM. As our message
frequency is 3 times more than CCM-SLAM, the size of our
keyframe massage is around 10 times smaller than CCM-
SLAM. Narrow bandwidth is attributed to the extremely
compact size of our descriptors (1/4 of normal BRIEF
descriptors). In addition, due to the compact keyframe size,
we do not need to reduce the keyframe frequency during the
MR-SLAM task specifically.

V. CONCLUSIONS

In this paper, we explore the problem of how to learn
compact descriptors for MR-SLAM. We argue that there are
two challenges. The first is how to achieve good matching
when the descriptors are extremely compact. The second is
the descriptor needs to be generated in real-time. To tackle
these challenges, we propose a teacher-student framework
that leverages a compact student model to estimate low-
dimensional descriptors. As the output dimensions between
the teacher and the student are different, we propose a
distance-based distillation loss function that enables the
knowledge distillation between different dimensional de-
scriptors. Based on that, we are able to produce extremely
compact descriptors with high performance. We fairly test
our model on the public UBC dataset. As a result, our
method outperforms baseline methods in both accuracy and
efficiency. Moreover, we have developed a MR-SLAM sys-
tem based on the proposed descriptor generation method. The
results on the EuRoC dataset show that our method performs
well in both accuracy and bandwidth on MR-SLAM tasks.
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