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Abstract—Despite significant advances in few-shot classifica-
tion, object detection, or speech recognition in recent years,
training an effective robot to adapt to previously unseen en-
vironments in a small data regime is still a long-lasting problem
for learning from demonstrations (LfD). A promising solution
is meta-learning. However, we notice that simply constructing
a model with a more complicated and deeper network via
previous meta-learning methods does not perform well as we
expected. One possible reason is that the shallow features are
gradually lost as the network deepens, while these shallow
features play an essential role in the adaptation process of meta-
learning. Thus, we present a novel yet effective Multi-Level
and Multi-Attention Domain-Adaptive Meta-Learning (MLMA-
DAML) framework, which meta-learns multiple visual features
via different attention heads to update the model policy. Once
the model is updated, our MLMA-DAML predicts robot actions
(e.g., positions of end-effectors) via fully connected layers (FCL).
As we notice that directly converting visual signals to robot
actions via FCL following prior methods is not robust to perform
robot manipulation tasks, we further extend our MLMA-DAML
to MLMA-DAML++. The proposed MLMA-DAML++ learns an
effective representation of manipulation tasks via an extra goal
prediction network with convolutional layers (CL) to predict
more reliable robot actions (represented by feature pixels/grids).

Index Terms—Learning from Demonstration, Meta-Learning,
Deep Learning Methods.

I. INTRODUCTION

Recently, meta-learning has been widely explored in im-
age classification [1], object detection [2], and automatic
speech recognition [3]. However, training a robot to fast
adapt to previously unencountered environments is still a long-
lasting problem for learning from demonstrations (LfD) [4].
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Fig. 1. Examples of predicting an overfitting position via FCL illustrated by
(a) and a URS robot arm performing placing tasks using real-world data with
image enhancement shown by (b).

Based on meta-learning, the preliminary work [5] proposes
a meta-learning framework for one-shot imitation learning,
which combines Long Short-Term Memory (LSTM) with the
Soft-Attention Mechanism. Although the LSTM-based meta-
learning method is proven to be effective in stacking tasks, it
does not perform well on more challenging manipulation tasks,
such as simulated reaching and pushing tasks [6]. Thus, [6]
further proposes a One-Shot Visual Meta-Imitation Learning
(MIL) framework based on Model-Agnostic Meta-Learning
(MAML) [7], enabling the robot to learn from robot demon-
strations in simulation experiments. Inspired by metric learn-
ing, [8] and [9] propose Task-Embedded Control Networks
(TecNets) for imitation learning. However, the best success
rate of TecNets on their real-world placing experiments is
just 88.9%, leaving room for improvement. In order for the
robot to be able to visually imitate from observing human
demonstrations, domain-adaptive meta-learning (DAML) is
proposed by [10]. To identify the target object from dis-
tractors, [11] extends the DAML to target recognition-based
meta-imitation learning (TaR-MIL) by introducing a target
recognition module. Inspired by the fact that humans could
learn from various domains, Random Domain-Adaptive Meta-
Learning (RDAML) [12] is explored to allow the robot to learn
from human demonstrations and robot demonstrations. As few
meta-learning methods teach the robot to distinguish tasks of
what to do and what not to do, learning from demonstra-
tions via Replayed Task-Contrastive Model-Agnostic Meta-
Learning (RTMAML) [13] is proposed.

However, we notice that simply constructing a model with
a more complicated and deeper network via previous meta-
learning methods does not perform well as we expected, which
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Fig. 2. Tlustration of DAML [10], and our proposed MLMA-DAML/MLMA-DAML++. We implement the MLMA-DAML/MLMA-DAML++ framework
based on DAML, where the MLMA-DAML consists of convolutional (Conv) layers, spatial softmax modules, and fully connected (FC) layers. First, multi-
level features (e.g., Fj : F,,) from the support task are extracted by MLMA-DAML with different Conv Heads. Then, these extracted features are fed into the
domain-adaptive module to get the corresponding attention heads, where each attention head is assigned with an attention factor (e.g., a; : o) to indicate
the importance of the attention head. Finally, we get a weighted inner loss according to these attention heads, and the model policy is updated based on
the inner loss. After the model policy is updated, the FCL head predicts the robot actions (e.g., position of the end-effector) on the query task. Based on
MLMA-DAML, a goal prediction network (the CL head) is introduced to MLMA-DAML++, which learns a representation (e.g., where to place the objects in
the grid space) of a query task represented by feature pixels/grids. In MLMA-DAML++, the real-world space is divided into M x M parts/pixels/grids, where

M is the size of the feature map.

could not learn from visual demonstrations to adapt to new,
unencountered environments reliably. We consider a possible
reason is the shallow features are gradually lost as the network
deepens, while these shallow features are essential for the fast
adaptation of meta-learning. To prevent the model’s shallow
features from being forgotten, we have tried to implement the
related meta-learning methods via a ResNet structure. How-
ever, this will result in an overfitting problem for meta-learning

by simply using a ResNet-based model with a deeper network
structure in our experiments, especially training a model in a
small data regime for fast adaption to various environments.
In this regard, it is demonstrated by [14] that training a model
with shallow structures could alleviate the overfitting problem,
while the shallow convolution and nonlinear operations help
preserve the generalization ability of the model. Inspired by
the fact that humans pay more attention to certain features
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than others, a novel yet effective Multi-Level and Multi-
Attention Domain-Adaptive Meta-Learning (MLMA-DAML)
framework is presented in this paper. The proposed MLMA-
DAML meta-learns the convolutional features at different
levels via different attention heads with different weights.

Furthermore, as shown in Fig. 1, we find that directly
converting visual signals to robot actions via FCL following
prior methods tends to predict an overfitting position of the
target object since it shows limited robustness to position
shift. In this regard, we notice that predicting the position
represented by a feature/pixel space is more robust to position
shift. Therefore, we further extend our MLMA-DAML to
MLMA-DAML++. Our MLMA-DAMLA++ aims to learn an
effective representation of manipulation tasks (e.g., predicting
the representation of where to place the object via a goal pre-
diction network in Fig. 2). In MLMA-DAML++, the learned
representations could be transformed to the corresponding
real-world positions via a transformation matrix.

Considering that garbage or express sorting is a common
issue in daily life, we aim to enable the robot to approach the
corresponding containers with a picked object demonstrated by
the demonstrators (e.g., a video recording a human or robot
performing a task) via meta-learning. Thus, a wide range of
real-world placing experiments is explored in this paper, which
is of significant research value in the industrial and robotics
communities.

II. RELATED WORK

In recent years, collecting demonstration data via teleop-
eration or kinesthetic teaching to teach robots various skills
has been widely explored by imitation learning or learning
from demonstrations (LfD) [4]. Based on inverse reinforce-
ment learning (IRL), many approaches have been successfully
applied to imitation learning or LfD [15]. Accounting for
imperfect demonstrations, [16] and [17] consider that training
a model with suboptimal or failed demonstrations based on
IRL could generalize better and learn faster than conventional
IRL approaches. However, designing a general reward function
used to learn from new and unspecified tasks is hard for IRL
[18], which requires a large amount of expert knowledge.

Considering that evaluating the learned costs in terms of ro-
bustness to various spatial perturbations only and deploying a
robot with a fixed execution speed is impractical, [19] proposes
time-invariant solutions through model-based IRL to learn
temporally invariant rewards from misaligned demonstrations.
As there is an open problem for scaling model-based IRL
to real robotic manipulation tasks, [20] proposes a gradient-
based IRL framework by considering three key challenges: 1)
learning good dynamics models, 2) developing algorithms that
could scale to high-dimensional state spaces and 3) the ability
to learn from both visual and proprioceptive demonstrations.
To teach robots via capturing human preference, active learn-
ing is explored by [21], [22], [23]. However, querying the users
for input with a frustrating user-in-the-loop learning process
makes active learning not easy to train a model [24]. Even
though comprehensive approaches are explored for LfD, few
of them allow for robots to adapt to new, unseen scenarios by
learning from visual demonstrations.

To fast adapt to new, unseen environments, meta-learning
[7], [25] is explored for LfD or imitation learning, such as
One-Shot Imitation Learning [5], and Task-Embedded Control
Networks for Imitation Learning (TecNets) [8]. Since Model-
Agnostic Meta-Learning (MAML) [7] is proven to be effective
in image classification, object detection, and reinforcement
learning, [6] further extends MAML to MIL (One-Shot Visual
Imitation Learning via Meta-Learning). To enable robots to
learn from human demonstrations, a Domain-Adaptive Meta-
Learning (DAML) is proposed based on MAML and MIL.
Considering demonstrations alone may not provide enough
information in the cases of task ambiguity or unobserved
dynamics, [26] proposes an approach that can learn from
both demonstrations and trial-and-error experience with sparse
reward feedback. Compared to prior works, [27] presents a
method that can translate human videos into robot demos
and train the meta-police based on the translated data. In
order to discriminate targets between tasks, [11] proposes a
target recognition-based meta-imitation learning (TaR-MIL)
framework by introducing a target recognition module to
DAML. Although many other methods exist for meta-learning,
enabling robots to learn from visual demonstrations (e.g., a
video recording a human or robot performing a task) is still
challenging so far.

III. PROPOSED METHODS

This section briefly introduces the related MAML-based
framework DAML. In this section, a model f with parameters
0 is assumed, and we represent the model function by fg. An
overview of the entire DAML [10] and our proposed MLMA-
DAML/MLMA-DAMLA++ frameworks are illustrated in Fig.
2. Following previous related work, we group task instances
by their shared objectives. For example, we regard placing
objects into the yellow box and placing objects into the blue
box as two different tasks. In our experiments, we assume
that the training set D = {Dj} D} D!} over tasks p(.7) is
provided, where Dj and D; denote the support tasks which
contain human demonstrations and robot demonstrations, DY
denotes the query tasks which contain robot demonstrations.
As illustrated in Fig. 2, a weighted inner loss with multiple
attention heads in MLMA-DAML is used to adapt to new tasks
compared to DAML. Then, the MLMA-DAML++ further
extends MLMA-DAML with a goal prediction network (the
CL head). Please note that our approaches are based on
one-shot meta-learning, which trains the model on a set of
demonstration tasks and then gives a single example task on
the robot that will be employed during testing.

A. Preliminaries

The objective of MAML is to train a model with parameters
0 that could quickly adapt to new unseen scenarios via one
or more gradient updates. Given a support task, the task-
adaptive model ¢ in MAML can be obtained by performing
several gradient updates on 6. For convenience, only one
gradient update on 6 is considered in this paper. As MAML is
mainly applied to tasks such as regression, text classification,
and image classification in previous work, DAML proposes a



two-head meta-learning framework (see Fig. 2 (a)) based on
MAML for robots to learn from visual demonstrations: 1) the
inner loss for the inner head and 2) the outer loss for the outer
head.

In the inner head, the DAML learns from the support task
D’ to get a task-adaptive model ¢:

(P = 6_5V9Linner(f9:Ds)a (D

where the loss function L could be a cross-entropy loss (CEL)
for discrete actions or mean squared error (MSE) for behavior
cloning (BC), and J is the step size for stochastic gradient
descent (SGD).

As illustrated in Fig. 2 (a), if we define the output of
the inner head as O, then we could compute the inner loss
Linner(fo,D°) of DAML by:

Liner (fo,D%) = ||O13. )

In the outer head, the DAML optimizes the meta-
performance of the task-adaptive model on the query task D?:

meinL(,mer (f(p ,Dq) = meinL()uter (f(-)—aVeL[,,,,e,(fg ,D%) 7Dq) . (3)

B. MLMA-DAML

Then we introduce the MLMA-DAML shown in Fig. 2 (b).
The meta-training process of MLMA-DAML is divided into
two phases: 1) inner update (inner loop) with multiple attention
heads and 2) outer update (outer loop) with the FCL head
(equivalent to the outer head of DAML).

1) Inner Update of MLMA-DAML: To adapt to each sup-
port task D*, n domain-adaptive modules are constructed for
each attention head, corresponding to each attention output
Outputyp, (see Fig. 2 (b)).

Then, the domain-adapted inner loss is defined as follows:

n
Linner (f@vDS) = Z Ok ||OutputA0k||§
k=1
- 7 (4)
=Y ol Wific+ bill3
k=1

where D could be a human demo Djor a robot demo Dy,
oy, is the k-th attention factor for the k-th attention head, and
n denotes the num of attention heads. We use W, and by to
indicate the weights and biases of the last layer of the k-
th attention head, and f; is the corresponding input features
of W, and b;. Then we could denote each attention output
Out putsp, by W fi+ by for simplicity. The larger the o, the
more attention is paid to the k-th attention head, and vice
versa.
In this paper, the o is define as follows:

(IS it k<[ (3), )

O = n
e (3],
where d is the decay factor used to generate different ;. The
smaller d is, the more attention is paid to the previous attention

head, and vice versa. For example, if we set n =3 and d =0.5,
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then ., will be [2.0,1.0,0.5]. If we set n =3 and d = 1, then
oy, will be [1.0,1.0,1.0]. If we set n =35 and d = 2, then 0.,
will be [0.25,0.5,1.0,2.0,4.0].

Therefore, our MLMA-DAML meta-learns multi-level fea-
tures from visual demonstrations with a multi-attention mech-
anism.

Once the inner 10ss Liyer (fo,D*) is computed, we could
obtained the model parameters ¢ based on Equation (1):

¢ = G_nVGZLinner<f9>Ds)7 (6)

where 1) is the step size (learning rate for the inner loop) used
for SGD. If not specified, we set 17 to 0.0001 by default in
this paper. Please note that although we both use L, (fo,D*)
to indicate the inner loss in DAML and MLMA-DAML for
consistency, we compute them via different equations (e.g.,
Equation (2) for DAML while Equation (4) and Equation (5)
for MLMA-DAML.

2) Outer Update of MLMA-DAML: After obtaining the
model parameters ¢ in the inner loop, we optimize the meta-
performance on the corresponding query task D7, in the outer
loop based on Equation (3):

meinLFCL(f(IJ DY) = ngnLFCL(fG—nVQ Y Limer (fo.D%)s Di)

7
—minf0rcu(fy.Dp)—alf.
where we use Orcy(fy,DY;) to indicate the output of the outer
FCL head based on the model parameters ¢ and the query task
D}, and we use a to indicate the corresponding supervised
robot action.

During the outer update process, we use the widely used
Adam (adaptive moment estimation) Optimizer to optimize the
model parameters based on the Lpcy ( So ,D?i), where we set the
learning rate for the outer loop as 0.0001 by default in this
paper. Since we use a URS robot arm to conduct experiments,
the robot actions defined in our paper are the URS’s end-
effector positions.

C. MLMA-DAML++

As shown in Fig. 2 (c), we further extend MLMA-DAML
to MLMA-DAML++ by introducing a goal prediction network
(the CL head) in the outer loop of MLMA-DAML. Thus,
the inner loop of MLMA-DAML++ is the same as MLMA-
DAML, while the outer loss of MLMA-DAML++ becomes:

LMLMA?DAMLJ'»#» (f<¢7Ffusgd) ’Dgz) :LFCL (fq) 5 Dgz)—’_
LCL(f(¢7Ffused)’D;]i)7 (8)

where we use Fy,z.q to denote the fused extracted features that
are used to compute the feature map shown in Fig. 2 (c).
In Equation (8), we compute F,.q by:

Ffused = Z oy F, )
k=1

where ¢ is the k-th attention factor for each extracted feature
Fj shown in Fig. 2.
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Similar to Lpcr(fy,Dy;) defined in MLMA-DAML, we
define Lev (fi.ry, ), D1 as follows:

Len(f9,Fpupeq) PF) = HOCL(f(q),Ffwed)vD(ri,-) —mH; (10)

where we use OcL(f(g Fy,, ,)»D) to indicate the output of
the outer CL head based on the query task Df, and the fused
extracted features Fp,q illustrated in Fig. 2 (c), and m is
the corresponding supervised feature maps sampled from DY,
In our paper, we assume a feature map of size M x M is
available, which consists of M x M grids/pixels to represent
a task. During our exploration, we have noticed that too small
(e.g., 2 or 4) or too large (e.g., 32 or larger) size of the feature
map does not represent a task well, so we set M = 8 by default
in this paper.

0o b1 Target Location

(a) Image Space (c) Real-World Position

\

-
Se.

(b) Grid/Feature Space

Fig. 3. Tllustration of mapping image space to grid/feature space and mapping
grid/feature space to real-world position.

An 8 x 8 feature map is illustrated in Fig. 3. In this feature
map, we set a pixel to 1 (indicated by the orange pixel) to
represent where the object should be placed in the grid/feature
space, while we set the other pixels to 0 by default.

D. Testing for MLMA-DAML and MLMA-DAML++

Following previous work (e.g., MIL, DAML, and TaR-
MIL), supervised data (e.g., end-effector position) is necessary
to train the model. Therefore, we need to define the target
goal during training for the goal prediction network (the CL
head) of MLMA-DAML++. However, we only need to provide
the supervised data during the training phase. Once training
is finished, the outer update of MLMAL-DAML/MLMA-
DAML++ is no longer needed. Therefore, the supervised data
is no longer needed during testing. In other words, we only
need to provide the visual demos to teach the robot during
testing.

Please note that we mainly train the model by learning
from human demos using Equation (4) during training. After
training, we test the model performance in three settings: 1)
learning from a human demo (see Table I); 2) learning from a
human demo with image noise (see Table II); and 3) learning
from a previous unseen robot demo (see Table III). Therefore,
only one type of video (a human video or a robot video) is
used to teach the robot under different testing settings. For
each test, we use one video per task to teach the robot and
only update one step using Equation (4).

During testing, we could use either the FCL head or the goal
prediction network (the CL head) to predict robot actions for

MLMA-DAMLA++. In contrast to the FCL head that directly
predicts the end-effector positions that need to be approached
in the robot space, the goal prediction network (the CL head)
learns a representation of a task via mapping the visual inputs
to feature grids G¢y, in grid/feature space. Thus, if we use the
goal prediction network (the CL head) to get the end-effector
positions for the robot, we need to convert the G¢y, to the robot
space via a transformation function 7'

Pcp = T(Gcp), (11)

where Pc; denotes the transformed end-effector positions
according to the predicted G¢y.

IV. EXPERIMENTS

Considering that garbage or express sorting is a common
issue in daily life, enabling the robot to approach the corre-
sponding containers with a picked object via meta-learning is
explored in this paper. In our experiments, we assume that
the URS robot arm can pick up an object by using the ROS
interface or a trained neural model [28].

A. Datasets

As shown in Fig. 4, we use a URS robot arm, a RealSense
D435 camera, and a Kinect V2 camera to collect real-world
data. Then, we extend our data via image enhancement [29]
(e.g., image noise, color transformation with random RGB, and
random cropped borders). In our experiments, the image noise
consists of 1) Gaussian noise, b) salt and pepper noise, and
¢) random noise. The input images are resized to 256 x 256
before feeding into the model. We train our model on a
training set that consists of 9600 human demonstrations/videos
and 9600 robot demonstrations/videos. The 9600 human/robot
videos are divided into 1920 tasks with different goals and
five videos per task. In TecNets [8], we notice that only two
frames are needed to teach the robot to perform a placing
task: initial state and final state (placing position). Therefore,
we have tried to collect videos of 3, 50, and 100 frames in
our early experiments inspired by TecNets. Then we found
that three frames per video are enough for each video to
teach the robot about placing tasks and are convenient for
collecting data. Therefore, for convenience, each video is
three frames in our final experiments. Then, we test the
trained model under three different settings: 1) A test set
(Test Setl) consists of real-world tasks with 160 support
tasks (human samples/demonstrations) and 160 query tasks;
2) An augmented test set (Test Set2) with 3200 support tasks
(human samples/demonstrations) and 3200 query tasks, which
is augmented based on Test Setl; 3) A test set (Test Set3)
with 160 support tasks (robot samples/demonstrations) and
160 query tasks. Please note that the goal of Test Set2 is to
test the robustness of the model under different new object
and background colors, and even image noise. Test Set3 aims
to test the model’s generalization capability, where we train
a model by learning from human demonstrations and test it
by learning from robot demonstrations. We randomly place
objects/bins on the table in our experiments, containing six to
ten distractors, such as different color bins and objects.



RealSense D435 Kinect V2

Human Demonstration (H)  Robot Demonstration (R)

Fig. 4. The experimental platform for the placing tasks. We use this platform
to collect human demos (left) and robot demos (right) for training and testing.

B. Task Definition

A

(a) Where to Pick

(b) Where to Place

Fig. 5. Exploration of the goal prediction network (the CL head): predicting
where to pick and where to place with two feature maps.

As shown in Fig. 4, we consider a placing task is successful
if the robot could place the picked objects into the correspond-
ing yellow bin designated by the human demonstration. For
convenience, we mainly define the task by the bins’ colors,
while the bins’ shapes are not necessarily the same. In our
experiments, we found that our method can distinguish not
only different colored bins but also objects of different sizes,
textures, and shapes in different positions (e.g., Fig. 5 (a)). As
bins are about 25c¢cm x 17c¢m in size, we consider it is better
to constrain the target location to be a certain distance from
the center of the target bin. Therefore, if the predicted end-
effector position of the FCL head or the transformed end-
effector position (Pcy) of the goal prediction network (the CL
head) is within the range (8cm) of the designated bin, we
consider it a success.

Please note that our training data are collected for placing
tasks, so we use the goal prediction network (the CL head)
to predict one feature map to indicate the target position.
However, in our exploration, we found that we could predict
different feature maps through the goal prediction network (the
CL head). As shown in Fig. 5, we could predict two feature
maps to indicate 1) where to pick and 2) where to place. In
the future, we plan to collect a suitable dataset for pick-and-
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place tasks with further exploration with the goal prediction
network (the CL head).

C. Model Architecture and Hyper-parameters

We have illustrated our model frameworks in Fig. 2. Com-
pared to previous works, we implement the methods (e.g.,
DAML, TaR-MIL, and MLMA-DAML) without using the
robot configurations/states in this paper. The number of filters
for each convolutional layer is set to 64 by default, except
the number of filters for the last convolutional layer in the
goal prediction network (the CL head) is 1. The size of fully
connected layers is set to 200 by default, and the domain-
adaptive module consists of two 1D-convolutional layers with
32 10 x 1 filters and one 1D-convolutional layer with 32 1 x 1
filters. To normalize the features extracted by the network, we
use layer normalization by default. The input batch size is
16 for training, and we train our model with 30K iterations.
Given a corresponding visual demonstration, the trained model
predicts the end-effector positions under new environments
during testing. To reduce the randomness of our results, we
test the model with three random seeds (seed 0, seed 1, and
seed 2) and report the averaged results to indicate the model
performance.

D. Experimental Results and Analysis

In this section, we mainly compare our MLMA-
DAML/MLMA-DAML++ with the most related state-of-the-
art meta-learning methods: DAML and TaR-MIL. To explore
the effectiveness of DAML on our experiments, we implement
DAML under three settings: 1) a shallow neural network
with five convolutional layers (64 3 x 3 kernels), denoted by
DAML; 2) a ResNet-based network with 12 convolutional
layers (64 3 x 3 kernels), denoted by DAML; 3) a ResNet-
based network with 18 convolutional layers (64 3 x 3 kernels),
denoted by DAML*. However, to our surprise, the DAMLf
and DAML* perform worse than DAML on Test Setl, which
indicates that simply constructing a model with a more com-
plicated and deeper network based on meta-learning does not
work well as we expected. In this regard, we consider that
a deeper network is prone to overfitting, especially when
training a model in a small data regime based on meta-
learning. Another reason is that shallow features are gradually
lost as the network deepens, while these shallow features play
an essential role in the adaptation process of meta-learning.

In Table I, extensive ablation study is conducted on MLMA-
DAML/MLMA-DAML++. First, we explore MLMA-DAML
under different attention head sizes n and different decay
factors d. Experimental results show that MLMA-DAML
achieves its best success rate of 93.33% on Test Setl when
n=73 and d = 0.5, 2.91% higher than DAML and 12.91%
higher than TaR-MIL. This result shows that 1) choosing a
proper attention head size (e.g., n = 3) for MLMA-DAML is
important and 2) too-small or too large decay factors (e.g.,
0.1 and 10.0) are not suitable. In addition, we could notice
that in the case of n =3 and d = 0.5, the attention factors
(ay to az) of MLMA-DAML are [2,1.0,0.5], which has
verified that 1) shallow features play an important role in the
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Methods :l-Iyper—Pareijmeters Success Rates
DAML - - 90.42 +£0.78%
TaR-MIL - - 80.42 +1.64%
DAML' - - 84.17+1.18%
DAML* - - 82.70+0.58%
MLMA-DAML 3 0.1 91.67 +0.29%
MLMA-DAML 3 0.5 93.33+1.29%
MLMA-DAML 3 1.0 91.67 +£0.59%
MLMA-DAML 3 2.0 92.30+0.59%
MLMA-DAML 3 10.0 90.00+£0.51%
MLMA-DAML 5 0.1 90.83 +£0.29%
MLMA-DAML 5 0.5 92.29+1.18%
MLMA-DAML 5 1.0 89.38 +0.88%
MLMA-DAML 5 2.0 90.21 +£0.29%
MLMA-DAML 5 10.0 87.46+0.83%
MLMA-DAML' 3 0.5 87.46+1.31%
MLMA-DAML' 5 0.5 91.0440.78%
MLMA-DAML++r 3 0.5 90.42 +0.29%
MLMA-DAML++c 3 0.5 93.96 +0.59%
MLMA-DAML++r 5 0.5 90.83 +0.29%
MLMA-DAML++¢ 5 0.5 95.00+£0.51%
MLMA-DAML++r 7 0.5 92.08 +0.29%
MLMA-DAML++c 7 0.5 96.46 +0.78%
MLMA-DAML++r 9 0.5 91.25+0.51%
MLMA-DAML++¢ 9 0.5 95.41 +£0.29%
MLMA—DAML++; 3 0.5 93.13+£0.51%
MLMA-DAML++. 5 0.5 89.58 +0.29%
TABLE I

THE EVALUATION SUCCESS RATES ON TEST SET1 (LEARNING FROM
HUMAN DEMOS/VIDEOS). ‘f AND ‘«’ DENOTE THE ABLATION STUDY
MENTIONED IN SECTION IV-D. ‘MLMA-DAML++r’ AND
‘MLMA-DAML++¢’ DENOTE THE EVALUATED RESULTS ON THE FCL
HEAD AND THE CL HEAD, RESPECTIVELY.

adaptation process of meta-learning and 2) we need to pay
more attention to the front attention heads (e.g., the feature
Fp extracted by the attention head-1). As we notice that each
feature/attention input (F7., shown in Fig. 2) to the correspond-
ing attention head in MLMA-DAML has a different receptive
field (e.g., convolution kernel sizes of 3,5,7 for n = 3), we
further conduct an ablation study on MLMA-DAML: MLMA-
DAML" with a fixed receptive field (convolution kernel size
of 3) in the case of 1) n=3 and d =0.5 and 2) n =15
and d = 0.5. Experimental results show that MLMA-DAML
perfroms worse than MLMA-DAML, indicating that learning
multi-level features under different receptive fields is beneficial
to improve the meta-learning performance.

Based on MLMA-DAML, we further test MLMA-DAML++
with a fixed decay factor (d = 0.5) and different size of n in
Table I. As MLMA-DAML++ has two output heads (the FCL
head and the CL head), we test the success rates of these two
output heads, denoted by MLMA-DAML++r and MLMA-
DAML++¢, respectively. We could observe that both MLMA-
DAML++¢ outperfroms MLMA-DAML++F, and the MLMA-
DAML++¢ produces the highest success rate of 96.46%
when n =7, 6.04% higher than DAML and 3.13% higher
than MLMA-DAML. This result shows that a relatively large
receptive field (e.g., 3,5,7,9,11,13,15 when n =7) is suitable

Hyper-Parameters

Methods Success Rates
DAML - - 85.99+0.19%
TaR-MIL - - 73.59+£0.21%
MLMA-DAML 3 0.5 88.58 +0.44%
MLMA-DAML 5 0.5 91.67+1.28%
MLMA-DAML++r 5 0.5 87.79+0.14%
MLMA-DAML++¢c 5 0.5 92.16+0.16%
MLMA-DAML++p 7 0.5 88.69 +0.25%
MLMA-DAML++¢c 7 0.5 93.324+0.24%
MLMA-DAML++r 9 0.5 88.24+0.21%
MLMA-DAML++¢c 9 0.5 93.06+0.23%
TABLE 11

THE EVALUATION SUCCESS RATES ON TEST SET2 (LEARNING FROM

HUMAN DEMOS/VIDEOS WITH IMAGE NOISE).

Hyper-Parameters

Methods n Success Rates
DAML - - 64.17+£2.12%
TaR-MIL - - 54.38+1.02%
MLMA-DAML 3 0.5 68.34+1.25%
MLMA-DAML 5 0.5 69.17+£0.78%
MLMA-DAML++r 5 0.5 63.13+£0.88%
MLMA-DAML++¢ 5 0.5 67.92+1.06%
MLMA-DAML++fg 7 0.5 63.34+£1.06%
MLMA-DAML++¢c 7 0.5 69.59+1.28%
MLMA-DAML++r 9 0.5 66.46+0.51%
MLMA-DAML++¢c 9 0.5 69.17+1.47%
TABLE III

THE EVALUATION SUCCESS RATES ON TEST SET3 (LEARNING FROM
ROBOT DEMOS/VIDEOS).

for the CL head, while the model performance no longer
increases if we continue to increase the size of the receptive
field with more attention heads (e.g, n = 9). To explore the
individual influence of MLMA-DAML++¢, we further remove
the FCL head (MLMA-DAML++f) in MLMA-DAML++ and
train MLMA-DAML++ with a single CL head (denoted by
MLMA—DAML++TC). However, the performance of MLMA-
DAML++Z drops significantly. This result indicates that it is
beneficial to meta-learn tasks with the FCL head and the CL
head simultaneously.

Considering that if we want to deploy a robot into the
industrial pipeline, the robot should be robust enough to
environmental noise. Thus, we further test our MLMA-
DAML/MLMA-DAML++ on the more challenging Test Set2.
As shown in Table II, the success rates of DAML and
TaR-MIL are just 85.99% and 73.59%, respectively. On the
contrary, our MLMA-DAML produces a better result with a
success rate of 91.67% when n =15, 5.68% higher than DAML
and 18.08% higher than TaR-MIL, respectively. Moreover, we
achieve the highest success rate of 93.32% when n =7 and
d = 0.5, with a further increase of 1.65% over MLMA-DAML.
These results indicate that our MLMA-DAML and MLMA-
DAML++ are robust to environmental noise and could fast
adapt to new previous unseen environments.

As we know, humans could acquire skills from a learning



domain, and then they could generalize the learned knowledge
to another domain. So what about the performance of training
by learning from human demonstrations and then testing by
learning from previous unencountered robot demonstrations
for the robot? We have reported the results in Table III.
We could notice that both the performance of DAML and
TaR-MIL drop significantly, with a success rate of 64.17%
and a success rate of 54.38%, respectively. The reason is
that the learning domain has been changed considerably,
and there is a huge gap between human demonstrations and
robot demonstrations since humans and robots are intrinsically
different in morphology and dynamics. To our knowledge,
few of meta-learning methods have investigated this problem,
and it is still challenging for current meta-learning approaches
so far. Nevertheless, our proposed MLMA-DAML++ still
outperforms DAML by 5.42% and outperforms TaR-MIL by
15.21%, indicating that our MLMA-DAML++ has a better
generalization capacity to previously unseen learning domain.

V. CONCLUSION AND FUTURE DIRECTIONS

In this paper, we have presented a novel yet practical
MLMA-DAML framework to enable the robot to learn from
visual demonstrations, which is proven to be helpful to meta-
learn the visual demonstrations with multiple attention heads
in different feature levels. We have also extended our MLMA-
DAML to MLMA-DAML++ by introducing a feature mapping
branch (the goal prediction network with a CL head), which
could further improve the model performance by a large
margin. Experimental results show that our MLMA-DAML
and MLMA-DAML++ outperform current related state-of-the-
art methods under three different testing settings. Although
we mainly verify the effectiveness of our methods on robotic
tasks, we believe they can be generalized to more meta-
learning-related tasks, such as image classification, image
detection or image segmentation, etc. In this regard, we leave
some room for the future.
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