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Abstract— This paper proposes a probabilistic motion predic-
tion method for long motions. The motion is predicted so that it
accomplishes a task from the initial state observed in the given
image. While our method evaluates the task achievability by the
Energy-Based Model (EBM), previous EBMs are not designed
for evaluating the consistency between different domains (i.e.,
image and motion in our method). Our method seamlessly
integrates the image and motion data into the image feature
domain by spatially-aligned temporal encoding so that features
are extracted along the motion trajectory projected onto the
image. Furthermore, this paper also proposes a data-driven
motion optimization method, Deep Motion Optimizer (DMO),
that works with EBM for motion prediction. Different from
previous gradient-based optimizers, our self-supervised DMO
alleviates the difficulty of hyper-parameter tuning to avoid
local minima. The effectiveness of the proposed method is
demonstrated with a variety of experiments with similar SOTA
methods.

I. INTRODUCTION

One of the difficulties in motion prediction is that, for
a certain situation, there might be a variety of appropriate
motions, each of which accomplishes the task. It is not easy
to train such one-to-many relationships compared to one-to-
one relationships. In particular, a deterministic model is not
good at training the one-to-many relationships. For repre-
senting the one-to-many relationships for motion prediction,
probabilistic generative models are commonly used [1], [2].

An Energy-Based Model (EBM) is governed by an energy
function representing the probability density of a state.
EBM is more flexible than other generative models such as
VAE [3], [4] and Normalizing Flow (NF) [5], [6] in terms of
the model architecture and the prior distribution. As shown in
the right part of Fig. 1, given an image observing the initial
situation of a robot and its surrounding environment, EBM
estimates the probability density of consistency between the
initial image and motion. The probability density becomes
higher, if the motion is considered to be appropriate for
accomplishing the task from the initial situation.

However, different from other generative models, EBM
predicts no motion but estimates only the probability density
of each motion. With the probability density estimated by
EBM, appropriate motions can be predicted using sampling
such as MCMC. Accordingly, the accuracy of the predicted
motion depends on EBM as well as sampling. However,
many sampling methods are controlled by hyper-parameters,
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Fig. 1. Overview of our proposed method. CNN-Transformer EBM
estimates the probability of a motion. The motion is efficiently optimized
to improve its probability by Deep Motion Optimizer.

and it is difficult to manually tune them to avoid local minima
in high-dimensional distributions such as long sequences.

To resolve the aforementioned problem of parameter tun-
ing, our proposed Deep Motion Optimizer (DMO) rectifies
each motion with a data-driven manner using a set of training
motions. DMO is trained to directly rectify the motion to its
ideal one, while sampling-based methods iteratively search
for the ideal one based on the gradients of the probability
density distribution, as illustrated in the left of Fig. 1.

Another difference between our EBM and previous EBMs
for motion prediction is the types of domains fed into EBM.
Since previous EBMs [7] evaluate the probability density of
consistency between the same domain data (i.e., the observed
and predicted motions), it is relatively easy to evaluate the
consistency. In our EBM, on the other hand, the consistency
is evaluated between data of different domains (i.e., the
initial image and the predicted motion). While the image
is useful for motion prediction based on the surrounding
environment, we have to properly evaluate the consistency
between the image and each predicted motion. To facilitate
this evaluation in our method, the image and the predicted
motion are seamlessly integrated into the image domain so
that image features are extracted along the motion trajectory
for spatially-aligned temporal encoding.

Our novel contributions are summarized as follows:
‚ Different from previous EBMs evaluating only motions,

our proposed EBM properly evaluates the consistency
between the image and motion domains by efficient
spatially-aligned temporal encoding.

‚ Instead of hand-crafted hyper-parameters for tuning iter-
ative optimizers, the data-driven framework for training
DMO is proposed to directly optimize the motion.
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II. RELATED WORK

A. EBM
It is not easy to represent a complex distribution in a

high-dimensional space by EBM using sampling such as
MCMC. To tackle this problem, in Score matching [8], [9]
where no sampling is needed, given the gradient of the
probability density of a real sample [8], EBM is trained so
that the gradient estimated by EBM gets close to the given
real gradient. In Noise Contrastive Estimation [10], [11],
given a simple distribution where sampling is easy, EBM is
trained to discriminate between this simple distribution and
the distribution of real samples. Even with these training
methods [8], [9], [10], [11], however, EBM inference still
need to estimate the complex high-dimensional distribution
by sampling.

Another solution is to reduce the sampling difficulty both
in the training and inference stages by using other generative
models such as VAE [7], [12] and NF [13], [14]. In [7]
and [12], sampling is achieved in the low-dimensional space
induced by VAE. In [14], initial inaccurate samples are
produced fast by NF, and then these initial samples are
given to EBM for more accurate sampling. Even with these
methods, however, accurate sampling is still difficult to
predict the accurate high-dimensional long-term motions.

B. Motion Prediction
Difficulties in our motion prediction problem include (i)

long-term error accumulation, (ii) stochasticity of motions,
and (iii) multi-domain data processing.

Even with recent LSTM [15], [16], [17], [18] and
GRU [19], [20], it is difficult to predict a long-time complex
motion due to gradient vanishing. This problem is alleviated
by Transformer [21], [22], [23] using an attention mecha-
nism [24], which keeps the gradient stable [25].

Stochastic motions can be predicted by probabilistic gener-
ative models such as VAE [26], [27], [2] and GAN [28], [29],
[30]. However, these models do not explicitly estimate the
probability density of a motion. This disadvantage prevents
us from optimizing the motion using maximum likelihood
estimation using the probability density as the likelihood.
This problem is resolved by enabling probabilistic models
to explicitly estimate the probability density, for example,
NF [31], [32] and EBM [7], [33]. However, NF and EBM
still have several problems as described in Sec. II-A.

For multi-domain data processing such as our method
using image and motion data, one of the simplest ways
is to concatenate these data. The expressiveness of the
concatenated data can be improved by feature extraction
such as convolution and pooling for the image data [34],
[35], [36]. However, spatial pooling makes is difficult to
precisely localize the motion in the image [37]. Inconsistency
between the coordinate systems of the image and motion
data is also problematic. For the former problem, we propose
efficient high-dimensional feature extraction that focuses on
the motion trajectory on the image. Since the latter problem
can be resolved by coordinate rearrangement (e.g., motion
heatmapping in the image [2]), our method also employs it.
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Fig. 2. Motion prediction in the inference stage. The image and motions
are fed into EBM and the Motion Optimizer. EBM estimates the energy of
each motion. Motion Optimizer updates the motion to increase its energy.
Finally, the motion having the highest energy is selected as the predicted
motion.

III. INFERENCE AND TRAINING METHODS

A. Notations

An image and a motion sequence are denoted by I and
P, respectively. P is a set of pT ` 1q temporal pose vectors
pppt where t P t0, ¨ ¨ ¨ ,T u. In our experiments, pppt is a 11-D
vector consisting of the 3D location of the robot hand (xxxt ),
its orientation (rrrt ), its status (st ), and a time stamp t. xxxt , rrrt ,
and st are a 3D positional vector in the camera coordinate
system, a 6D vector representing the 3D orientation [38], and
a scalar value between 0 and 1 representing the open (1) and
close (0) status of the hand gripper, respectively. Ii and Pi

denote the i-th data, where i P t1, ¨ ¨ ¨ ,Nu, in our training
dataset. In each of all pairs in the training dataset, Pi can
accomplish the task from Ii.

B. Motion Prediction using EBM and DMO

Motion prediction from the initial state represented by the
image is illustrated in Fig. 2. In our method, I and P are
fed into EBM (denoted by Eθ ) to estimate the probability
density ppP|Iq of the consistency between I and P:

ppP|Iq “
expp´Eθ pI,Pqq

ZpIq
, (1)

where θ denotes the parameters in EBM. Z, which depends
only on I, is defined as follows for normalization:

ZpIq “

ż

expp´Eθ pI,PqqdP (2)

In the inference stage, given Itest and any motion P, EBM
is required to estimate the consistency between Itest and P.
While ZpIq in Eq. (1) is computationally intractable, ZpIq

is not changed because I is fixed to Itest . Instead of the
probability density, therefore, the energy term ´Eθ pItest ,Pq

is used as the output of EBM.
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To increase ´Eθ pItest ,Pq, DMO updates P in order to
bring P to its ideal motion (denoted by Ptest paired with Itest ),
which is not available in the inference stage, as follows:

P̂p1q “ DMOpI,Pq, (3)

where Itest is substituted to I in the inference stage. Since it
is not guaranteed that P̂p1q is sufficiently close to Ptest , DMO
is recurrently used by rewriting Eq. (3) to Eq. (4):

P̂pr`1q “ DMOpI, P̂prqq, (4)

where the initial motion P in Eq. (3) is denoted by P̂0, and
r is an integer greater than or equal to zero.

As initial motions each of which is fed into DMO in
Eq. (4), tP1, ¨ ¨ ¨ ,PNu in the training dataset are reused in
our method so that P̂i

pr`1q
“ DMOpItest , P̂i

prq
q. Among all

tP1, ¨ ¨ ¨ ,PNu, several of them are close to Ptest , while the
remaining ones are far from Ptest . For efficiency, only the
former motions are used. These motions are determined by
selecting the top n energy values computed by EBM, and
fed into DMO expressed by Eq. (4).

In our method, both EBM and DMO are implemented as
neural networks trained as described in Secs. III-C and III-D,
respectively.

C. Training of EBM

If previous EBM training methods [33] are used for esti-
mating Eθ , θ is optimized by maximizing the log likelihood
of the following loss function LEBMpθq:

LEBMpθq “
1
N

N
ÿ

i“1

`

´Eθ pIi,Piq ´ logZθ pIiq
˘

(5)

The gradient of LEBMpθq is expressed as follows:

∇LEBMpθq “
1
N

N
ÿ

i“1

´

´∇Eθ pIi,Piq `E
qPi„ppP|Iiq∇Eθ pIi, qPiq

¯

,

(6)
where qPi is a motion synthesized by sampling based on
ppP|Iiq given by EBM. This sampling process is not easy
in high dimension, as described in Sec. II-A.

To consider how to avoid the difficulty in this sampling,
we focus on Eq. (6). With ´∇Eθ pIi,Piq in Eq. (6), ppPi|Iiq

as the probability density of a positive sample where Pi

accomplishes the task from Ii is increased. On the other hand,
∇Eθ pIi, qPiq decreases pp qPi|Iiq as the probability density of a
negative sample where qPi cannot achieve the task from Ii. In
our method, these positive and negative samples are selected
from the training dataset as follows. As described in Sec. III-
B, tP1, ¨ ¨ ¨ ,PNu in the training dataset are reused as initial
motions fed into DMO in the inference stage. To make this
inference succeed, Pi is expected to be updated towards Ptest ,
if Ii is the closest to Itest . On the other hand, P j where j ‰ i
is expected not to be updated to Pi. These relationships are
represented in EBM so that pIi,Piq and pIi,P jq are trained
as the positive and negative samples, respectively.

In addition to the positive and negative samples directly
borrowed from the training dataset, our method augments
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Fig. 3. Training procedure of our EBM. VAE reconstructs the motions to
acquire various negative motions. The image and motions are fed into the
EBM. EBM estimates the energy of each motion. This EBM is trained to
improve the energy of the positive sample and decrease that of each negative
sample.

samples for training EBM so that P close to P j should
be also a negative sample. This data augmentation is done
by simple low-dimensional sampling via VAE. VAE trains
an embedding space from a set of all N motion sequences
(i.e., P1, ¨ ¨ ¨ ,PN) in the training dataset. The trained VAE is
denoted by V . P j is fed into V to get N pµµµ j,σσσ jq, as shown in
the upper part of Fig. 3. Let zzz j be sampled from N pµµµ j,σσσ jq.
The motion decoded from zzz j (denoted by P̃ j) is close to its
original motion P j Since it is easy to represent this simple
Gaussian distribution in a low-dimensional embedding space,
sampling from this distribution in V allows us to stably
synthesize P̃ j close to P j.

As shown in the lower part of Fig. 3, with the positive and
negative samples prepared by the aforementioned manner,
EBM is trained with the following loss function:

∇LEBMpθq “
1
N

N
ÿ

i“1

˜

´∇Eθ pIi,Piq `
ÿ

j‰i

∇Eθ pIi,P jq

`

N
ÿ

j“1

EP̃ j„N pµµµ j ,σσσ jq∇Eθ pIi, P̃ jq

˛

‚

(7)

D. Training of DMO

Different from general motion optimizers such as MCMC
sampling [39], DMO alleviates the difficulty of hyper-
parameter tuning by being trained in a data-driven manner
as follows. To train DMO, pIi,Piq in which the task can be
accomplished is given as the ground-truth positive sample in
the training dataset. DMO is trained so that any P close
to Pi is updated toward Pi. In reality, however, P is not
randomly distributed but should be limited within realistic
robot motions (e.g., within range of articulated motion).

In our method, a set of such realistic P around Pi is
synthesized via the trained VAE, V , as done in the training

5015



Once

Repeat

Fig. 4. Training procedure of our Deep Motion Optimizer (DMO). VAE
reconstructs the motion from hidden vector zzzi which include small noise.
DMO is optimized to refine this small difference to precisely predict the
ground truth motion.

・・・

・・・

・・

・・・

・
・

・

・
・

・

Average

・・・

EBM DMO

Feature Extractor of EBM and DMO

concat

Extracting the feature vectors 
along the motion trajectory

Fig. 5. The architectures of EBM and DMO. EBM and DMO have the
same feature extractor but the parameters are not shared. CNN has the
UNet-shaped architecture to create the feature map F . The pose features are
extracted by MLP. To merge the image and pose features, the image features
fff k are extracted from F along the motion trajectory, and concatenated with
the pose features gggk . These features are fed into Transformer to provide the
features vvvk to EBM and DMO.

of EBM. This training procedure is illustrated in Fig. 4. Pi is
fed into V to get the motion sampled from V . This sampled
motion (denoted by P̃i) is close to its original motion Pi, as
described in Sec. III-C.

By substituting pIi, P̃iq to pI, P̂prqq where r “ 0 in Eq. (4),
DMO gets the updated motion P̂i

p1q
. As with the inference

stage, DMO expressed by Eq. (4) is recurrently used to get
tP̂i

p2q
, ¨ ¨ ¨ , P̂i

pR`1q
u.

With tP̂i
p1q

, ¨ ¨ ¨ , P̂i
pR`1q

u, the parameters of DMO denoted
as ω are optimized with the following loss in which the
difference between P̂i

prq
and its ideal motion Pi is minimized:

LDMOpωq “
1
N

N
ÿ

i“1

R`1
ÿ

r“1

||Pi ´ P̂i
prq||2, (8)

where R denotes the number of recurrently-updated motions.
In LDMOpωq, motion data augmentation is achieved by
training all pR ` 1q motions (i.e., P̂i

p1q
, ¨ ¨ ¨ , P̂i

pR`1q
) instead of

training only P̂i
pR`1q

.

IV. NETWORK ARCHITECTURES OF EBM AND DMO

EBM and DMO have the same architecture for feature
extraction (as shown in the upper part of Fig. 5) but are
trained independently, while their last layers are differently
designed (as shown in the lower part of Fig. 5). The UNet-
shaped image feature extractor [40] using CNN [41] extracts
the feature maps (denoted by F) from I, as indicated by blue
in Fig. 5. The spatial dimensions of I and F are equal. Each
pose vector pppt where t P t0, ¨ ¨ ¨ ,T u is independently fed into
the MLP-based pose feature extractor, as indicated by orange
in Fig. 5. Each extracted pose feature is denoted by gggt .

F and gggt are fed into Transformer for extracting informa-
tive features by merging F and gggt . While all the features
in F can be theoretically fed into this Transformer, many
redundant image features such as those of the background are
less useful for motion prediction. Such useless features make
it difficult to properly train Transformer. In our method, this
problem is resolved by extracting only meaningful features
from F . Based on the idea that the most meaningful features
for motion prediction are located along the motion trajectory,
our method extracts the features in the temporal image
coordinates of the robot hand, each of which is denoted by
uuut at t P t0, ¨ ¨ ¨ ,T u. uuut is the 2D projection of xxxt , which is the
3D position of the robot hand. Given the real coordinates uuut ,
the feature in uuut (denoted by fff t ) is computed using bilinear
interpolation in F . fff t is concatenated with gggt , and all the
temporal concatenated features (each of which is denoted by
ccct ) is fed into Transformer. From tccc0, ¨ ¨ ¨ ,cccT u, Transformer
extracts the temporal features tvvv0, ¨ ¨ ¨ ,vvvT u, as indicated by
purple in Fig. 5.

The advantages of the aforementioned concatenated fea-
tures are summarized as follows:

1) By spatially aligning the image and pose coordinate
systems, t fff 0, ¨ ¨ ¨ , fff T u are extracted from the 2D posi-
tions consisting of each motion trajectory in F . Since
t fff 0, ¨ ¨ ¨ , fff T u are temporal data, this encoding can be
regarded as spatially-aligned temporal encoding.

2) Data of two different domains (i.e., image and motion)
are integrated into the image feature domain.

3) The computational cost and training difficulty are re-
duced by decreasing the data size fed into Transformer.

Given tvvv0, ¨ ¨ ¨ ,vvvT u, EBM and DMO are designed as
follows:

‚ EBM: EBM evaluates the likelihood of temporal data
as the energy (denoted by Eθ pI,Pq in Fig. 5). This
temporal evaluation is done by simultaneously feeding
tvvv0, ¨ ¨ ¨ ,vvvT u into the evaluation network, which is im-
plemented by MLP in our method. For simultaneous
input of tvvv0, ¨ ¨ ¨ ,vvvT u, their mean vector is fed into
MLP for more efficient processing than other temporal
processing such as recurrent networks.

‚ DMO: As with other temporal synthesis methods using
Transformer, DMO separately accepts tvvv0, ¨ ¨ ¨ ,vvvT u to
independently acquire p̂ppt from vvvt .

Our code is available at github.com/Obat2343/DMOEBM.
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TABLE I
TASK SUCCESS RATE OF PREDICTION METHODS. RED AND BLUE

VALUES INDICATE THE BEST AND SECOND-BEST, RESPECTIVELY.

CB PC PB PK PR PU RT SW TP
(a) Ours-5 97 89 85 51 85 25 32 74 94
(b) Ours-1 95 89 87 38 77 19 31 85 94
(c) Langevin 71 77 83 0 46 11 0 18 77
(d) GD 54 78 61 18 40 5 36 48 81
(e) VAEBM-L 64 88 81 27 35 10 32 48 77
(f) VAEBM-S 62 82 79 27 40 9 32 50 74

V. EXPERIMENTAL RESULTS

A. Dataset

We evaluate our method using the RLBench dataset [42]
in which a robot performs various tasks on the simulator,
Pyrep [43]. The nine tasks used in our experiments are
shown in Fig. 6. For each task, 1,000 and 100 training and
test sequences were generated in the simulator. In all the
sequences, the Franka Panda robot was used. The initial state
was captured as an image in each sequence. Each image
consists of RGB channels and a depth channel. The image
size is 256 ˆ 256 pixels. As VAE, ACTOR [44] was used.

B. Motion Optimizers

Our proposed motion optimizer (DMO) is evaluated with
other motion optimizers so that each of the following opti-
mizers is substituted for “Motion Optimizer” in Fig. 2:
(a) Ours-5: DMO proposed in Sec. III-D. R “ 5 and R “ 1
in the training and prediction stages, respectively.
(b) Ours-1: DMO proposed in Sec. III-D. Both in the
training and prediction stages, R “ 1.
(c) Langevin [39]: Langevin MCMC is widely used
with EBM for prediction. For motion prediction, Langevin
MCMC updates a motion using the gradient estimated by
EBM and additive noise. Two hyper-parameters, the step size
and the number of iterations, are 0.001 and 100, respectively.
(d) GD [45]: Different from Langevin MCMC, gradient
descent (GD) optimization is not affected by noise. As
with (c) Langevin MCMC, the step size and the number of
iterations, are 0.001 and 100, respectively.
(e) VAEBM-L [12]: Langevin MCMC is achieved in the
embedding space trained by VAE. The step size and the
number of iterations, are 0.01 and 100, respectively.
(f) VAEBM-S [12]: This is same with (e) except that the
step size is 0.001.

The success rate of each optimizer is shown in Table I.
In all tasks except RT, our methods (a) and (b) outperform
the others. This verifies the superiority of the proposed
combination of probabilistic and deterministic methods over
the probabilistic methods (c), (d), (e), and (f). The examples
of motions predicted by (a) Ours-1 and (e) VAEBM-L, which
is the best among the others, are shown in Fig. 7. We can
see that Ours-1 can finely rectify the predicted motions for
accomplishing the tasks. In comparison between (a) Ours-5
and (b) Ours-1, Ours-5 is a bit better. This might be because
of motion data augmentation by iterative motion updates.

More examples are shown in the supplementary video.

TABLE II
TASK SUCCESS RATE OF VARIOUS ARCHITECTURES. (a) AND (b) USE

OUR PROPOSED SPATIALLY-ALIGNED TEMPORAL ENCODING.

CB PC PB PK PR PU RT SW TP
(a) Ours 97 89 85 51 85 25 32 74 94
(b) w/o concat 96 85 94 55 91 13 26 85 93
(c) with GAP 5 3 0 4 1 0 3 5 0
(d) with ViT 0 0 0 1 1 1 4 0 2

TABLE III
THE NUMBER OF MODEL PARAMETERS AND COMPUTATIONAL COST.

All Reuse
Params (M) Cost (GMac) Params Cost

(a) Ours 35.84 23.62 1.00 0.11
(b) Ours w/o concat 35.68 23.71 0.84 0.19
(c) Ours with GAP 35.68 23.61 0.84 0.10
(d) Ours with ViT 35.87 24.97 0.84 0.38

C. Model Architectures of Feature Extractor

The following four variants of the feature extractor in
EBM and DMO are evaluated.
(a) Ours: The feature extractor with the proposed spatially-
aligned temporal encoding (upper part of Fig. 5).
(b) Ours w/o concat: Same with (a) except that tggg0, ¨ ¨ ¨ ,gggT u

are not concatenated with t fff 0, ¨ ¨ ¨ , fff T u. All the features are
directly fed into Transformer, as shown in Fig. 8 (b).
(c) Ours with GAP: F is reduced to f̄ff by Global Av-
erage Pooling [46] for dimensionality reduction. f̄ff and
tggg0, ¨ ¨ ¨ ,gggT u, which are not concatenated, are fed into Trans-
former, as shown in Fig. 8 (c).
(d) Ours with ViT feature: As with ViT [47], F is spatially
divided to patch features denoted by t fff 0, ¨ ¨ ¨ , fff lu where l “

256 in our experiments. The patch features are positionally
encoded as done in generic Transformers [24], and then fed
into Transformer with the pose vectors tggg0, ¨ ¨ ¨ ,gggT u without
concatenation, as shown in Fig. 8 (d).

Their task success rates are shown in Table II. Our
spatially-aligned temporal coding (a) and (b) outperform (c)
and (d), while the effectiveness of the feature concatenation
done in (a) is not validated.

Table III shows the cost (i.e., the number of parameters
and the computational cost) of the four variants. Table III
shows only the results of EBM because the dominant part
is shared by EBM and DMO. Furthermore, when multiple
motions are evaluated and updated with the same image by
EBM and DMO, respectively, we can reuse F for reducing
the cost. The results in the cases where F is reused and not
reused are shown in Reuse and All columns, respectively.

The costs are almost same between (a), (b), (c), and
(d) because the cost in CNN is larger than the costs in
Transformer and MLP. On the other hand, it can be confirmed
that the costs in Reuse are much smaller than those in
All. This property is important because the performance is
gained as the number of input motions (i.e., n) increases, as
demonstrated later in Table V. If the number of input motions
becomes n-fold, the total cost in Reuse also becomes n-fold.
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Fig. 6. List of the nine tasks. The position of the camera observing the initial image is fixed. Objects are randomly placed.
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Fig. 7. Examples of predicted motions. Left: CB task. Right: PR task.
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Fig. 8. Model architectures modified from our model.

D. EBM Training Methods

The following two variants of the EBM training methods
are evaluated, while their prediction method is fixed to be
that described in Sec. III-B.
(a) Ours: The training procedure shown in Fig. 3. For
making a negative pair with Ii, either of P j where j ‰ i
or P̃ j synthesized by VAE is paired with Ii.
(b) Ours with only VAE: This is the same with (a) except
that only P̃ j synthesized by VAE is paired with Ii for making
negative pairs, as done in [12] and [13].

The task success rates of these two variants are shown
in Table IV. The scores in (b) are significantly worse. We
interpret this performance drop in what follows.

In (b), the loss is expressed by
ř

j‰i ∇Eθ pIi,P jq is re-
moved from Eq. (7). This loss can be minimized not only
if any pI,Pq can be correctly discriminated between positive
and negative data but also if P̃ synthesized by V is discrimi-
nated from Pi independently of Ii. This latter case might be
caused because the loss is decreased to almost zero, while
the task success rate is low. This problem can be resolved by
synthesizing training data that cannot be discriminated from
Pi. While a possible way to synthesize such realistic training
data is gradient-based adversarial training such as GAN [48],
it is unstable [49], [50]. We also confirmed that EBM training
methods using Langevin MCMC [39] and VAEBM [12], both
of which exploit gradient information, are unstable. Instead
of synthesizing realistic data, on the other hand, real training
data is used as negative samples, as expressed in Eq. (7).

TABLE IV
TASK SUCCESS RATES OF TWO VARIANTS OF OUR PREDICTION MODEL.

CB PC PB PK PR PU RT SW TP
(a) Ours 95 86 73 56 84 13 29 79 74
(b) Only VAE 0 3 5 3 2 0 0 0 0

TABLE V
TASK SUCCESS RATES OF OUR METHOD WITH DIFFERENT n.

CB PC PB PK PR PU RT SW TP
R=1, n=1 99 83 84 37 54 14 32 57 84
R=1, n=8 97 89 85 51 85 25 32 74 94
R=1, n=1000 97 88 68 71 86 26 32 83 95

TABLE VI
TASK SUCCESS RATES OF OUR METHOD WITH DIFFERENT R.

CB PC PB PK PR PU RT SW TP
R=1, n=8 97 89 85 51 85 25 32 74 94
R=5, n=8 95 86 73 56 84 13 29 79 74
R=10, n=8 95 88 76 57 78 16 7 79 92

E. Parameters in DMO Inference

In Table V and VI, the performance changes with the
changes in n and R are shown, respectively. By increasing n,
the performance is gained in many tasks such as PC, PK, PR,
PU, SW, TP, while n has less impact in CB and RT. Since n
is the number of motions evaluated in EBM and rectified in
DMO, it is natural that the task success rate can be increased.
By increasing R, on the other hand, the performance change
is fluctuating. This might be caused because a limited number
of training data might be insufficient, if the task is achievable
by a variety of motions. In such a case, since the training
samples are sparsely distributed, overfitting is caused by
increasing the number of iterative updates (i.e., R).

VI. CONCLUDING REMARKS

This paper proposed a robot motion prediction method
using a given image representing the initial situation of the
environment including the robot. Our method modifies EBM
for evaluating the consistency between data of different do-
mains (i.e., image and motion data). In addition, a data-driven
motion optimizer called DMO is proposed for improving the
task achievability in a high-dimensional motion space.

Future work includes broader motion augmentation re-
quired for predicting complex motions, while motion samples
augmented by VAE in our method are locally distributed. The
diffusion model [51] might be a prospective solution. For
realistic scenarios, physical constraints [52] are also useful.
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