USING A SINGLE INPUT TO FORECAST HUMAN ACTION KEYSTATES
IN EVERYDAY PICK AND PLACE ACTIONS
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ABSTRACT

We define action keystates as the start or end of an action
that contains information such as the human pose and time.
Existing methods that forecast the human pose use recurrent
networks that input and output a sequence of poses. In this pa-
per, we present a method tailored for everyday pick and place
actions where the object of interest is known. In contrast to
existing methods, ours uses an input from a single timestep to
directly forecast (i) the key pose the instant the pick or place
action is performed and (ii) the time it takes to get to the pre-
dicted key pose. Experimental results show that our method
outperforms the state-of-the-art for key pose forecasting and
is comparable for time forecasting while running at least an
order of magnitude faster. Further ablative studies reveal the
significance of the object of interest in enabling the total num-
ber of parameters across all existing methods to be reduced by
at least 90% without any degradation in performance. ?

Index Terms— Human Pose Forecasting

1. INTRODUCTION

Our ability to visually anticipate the motions of others is an
essential aspect of our social intelligence when interacting
with the world around us. Providing machines with access
to this knowledge will enable a wide range of applications
from human robot interaction [1] to surveillance and health
care [2]. For instance, autonomous vehicles or delivery robots
that navigate crowded scenes require the ability to anticipate
human trajectories [3] whereas collaborative robots that work
closely with humans need to anticipate human actions in or-
der to provide a timely response [4].

Due to the temporal nature inherent in human motion,
existing methods have used recurrent models that input and
output a sequence of the human pose. The drawbacks that
come with such models however, is that the errors tend to ex-
acerbate as predictions are made further into the future and
that the runtime increases with longer prediction lengths. We
present in this paper a method that addresses said drawbacks
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Time 1" from P; to Pk: 1.8s

Fig. 1: Given the input pose P; and the coordinates of the
object of interest O, our method directly predicts the key pose
P, the instant the pick or place action is performed and the
time 7" it takes to get from P; to Pk

when the objects of interest are known, e.g., when a per-
son navigates around an environment to perform a pick or
place action. Moreover, we show that knowledge of the ob-
ject of interest allow ours and existing methods to be built
with far fewer parameters without any degradation in per-
formance. The result is a method that can be deployed in
resource-limited systems, a line of research that is actively
pursued by the scientific community [5, 6, 7]. To the best of
our knowledge, our method is the first that uses an input from
a single timestep to directly forecast the key pose the instant
the pick or place action is performed, and the time taken to
get to the key pose (Figure 1).

2. RELATED WORK

Existing works on pose forecasting learn the correlation be-
tween the input and output pose sequence. They output either
the joint positions or joint rotations that are then converted to
positions via forward kinematics. For instance, Martinez et al.
[8] trained a GRU to output the joint velocities. Li et al. [9]
replaced the GRU with 2D convolutions that receive the near
and distant past as input. Corona et al. [10] modelled the rela-
tionship between joint positions and all objects using a graph
recurrent network. Fragkiadaki et al. [11] and Pavllo et al.



[12] predict joint rotations that are parameterized using euler
angles and quaternions respectively. There are also methods
that incorporate stochasticity using variational autoencoders
[13, 14]. A similarity shared by the above-mentioned works
however, is that (i) they do not work with a single input, (ii)
do not directly forecast the key pose and (iii) do not consider
the object of interest in their input, all of which are our main
contributions in this paper.

3. METHOD

Our method is briefly summarized in Figure 2. Its goal is
to learn p(Px, T|P;, O) where O € R3 is the coordinates of
the object of interest, P;, P, € RV*3 the input and key pose
respectively with N joints, and 7' € R the time taken to get
from P; to Pj. It first computes the trajectory from P; to
O, then forecasts Py, before predicting the time it takes to
get from P; to P,. We now describe each component in detail.

Trajectory Forecasting: Our method first computes the
shortest path from P; to O. We discretize the ground plane
into a grid and set the score of each node based on its L1
distance to O. Nodes that lie within obstacles are given very
large scores. The method then traverses the nodes in a greedy
fashion using Dijkstra [15] to output a path X € RMx3
where M indicates the total number of points traversed from
P; to reach O. We chose Dijkstra over a learning based
approach using neural networks [16] to keep the algorithm
runtime as low as possible. Furthermore, our aim is not to
learn the trajectory taken by the person but rather, to get a
rough estimate of the person’s position as he approaches the
object, which we found the shortest path method to be suffi-
ciently performant at. As such, the grid size can also be set
very small to keep the runtime negligible.

Pose Forecasting: Given the trajectory, we compute the nor-
malized approach vector defined as:

Va:O_ZX[_p] (1)
p=1 P
Va = Va/HVaH? (2)

where —p denotes the last p’th element. V, tells us the
direction of the object relative to the trajectory end point. Its
x and y component tells us e.g., if the object is at 2 o’clock
from the end point whereas the z component how high the
object is above ground. It is then fed together with the input
pose to predict the key pose as follows:

Py = 61([P;, Vi), 2) 3)

where ¢, is a Variational Autoencoder (VAE) [17], the
brackets indicate concatenation, and z a random variable.
Our reason for the VAE arises from the observation that the

Fig. 2: Overview of our method. We discretize the navigable
space then get the shortest path X shown by the bold yellow
dots, before predicting P, then T'.

same object coordinate does not necessarily pair to the same
key pose, primarily due to how different individuals position
themselves differently when picking or placing an item. Our
discretization of the navigable space further makes it even
more likely that the model observes the same V/, for different
values of Pj. The result is an uncertain future which can be
tackled by a VAE by learning to map the approach vector to
a distribution over the observed key poses. Finally, we point
out that our method works equally well on both pick and
place actions since O is simply a coordinate.

Time Forecasting: We also use a VAE to forecast the time T’
it will take to get from P; to Py. The reason is simply that the
time a person takes to get from one pose and location to the
next is also non-deterministic due to factors such as walking
speed and how the person navigates around obstacles. This
problem is further complicated by the fact that we use only a
single timestep as input to the model. It is simply not possible
to accurately forecast the time it takes without knowing the
velocities of the human. These uncertainties thus necessitate
the use of another VAE. We denote Vp, and Vpk to represent
the vectors that are perpendicular to input and predicted key
poses respectively. We forecast the time as follows:

T = ¢2([Ve,, Vp,, ¥ AX], 2] (4)

where ¢ is a VAE, and Y AX the total distance trav-
elled. Intuitively, [Vp,, Vp,] informs the model where the
person faced at the start and end. We found this information
helpful since there is time spent e.g., when the person does
an about-face to get to the object located in the opposite di-
rection. The trajectory returned by Dijkstra provides no such
information. Finally, we train the model by minimizing:

L= )\1L¢1 + )\2L¢2 (@)
where Ly denotes the standard VAE loss [17] and the

lambdas are both set to 1.

4. EXPERIMENTS

Dataset: We evaluate our method on the MoGaze motion-
capture dataset [18] that contains 3 hours of recordings at



120 fps with 7 participants, each performing several pick and
place actions on everyday household items such as cups and
plates. The participants move in an area of approximately 3
by 4 meters and make use of only their right hand to perform
the action. Each frame is annotated with the object the par-
ticipant is currently holding on to. The dataset also contains
chairs as obstacles that were placed at different locations
throughout the recording. We train and test on participants
4-7 and 1-3, with 600k and 200k samples respectively.

Setup: We compare our approach to existing encoder-
decoder recurrent networks for key pose forecasting: the
variational architecture by Chung et al. [13], the convolu-
tional model by Li et al. [9], the diversified latent flows
by Yuan et al. [14], and the context aware architecture by
Corona et al. [10]. We follow their training setup to forecast
the next 2 seconds (20 frames) given a 1 second (10 frames)
input. For a fair comparison, we also concatenate the co-
ordinates of the object of interest to the input pose at every
timestep. We modify their models to output 7" at the final
encoding timestep. At test time, the decoder forecasts up
till the predicted 7. Methods that incorporate stochasticity
[13, 14], including ours have the outputs averaged over 12
samples for evaluation purposes. Finally, we also scale all
models such that their number of parameters are on par with
the state-of-the-art [10] at approximately 3 million.

All models are trained until convergence using the ADAM
optimizer [19] with a learning rate of le-3, batch size of 32
and default hyperparameters. We preprocess by subtracting
the coordinates of every joint and object in the scene by the
pelvis of the input pose. We do not augment the data in any
way. All experiments are conducted using PyTorch on an
Ubuntu machine with an Intel i7-8700k CPU and a NVIDIA
RTX-2080 GPU.

4.1. Quantitative Results

Pose Forecasting: We first present quantitative results for
key pose forecasting in Table 1 where we compute the L2
errors for each of the human joint in meters. Our method
improves the state-of-the-art [10] by approximately 5% from
6.738m to 6.391m. The numbers also show the redundancy
in using a sequence of inputs since the characteristic of our
result mimics the recurrent models in that we also achieve
lower errors for the right half of the body, the side of the body
the participants used when performing a pick or place action.
The joints on the side that was not used for the action are
less constrained in their positioning, hence the higher error
scores. Specifically, it can be observed that our error on the
right wrist is significantly lower than the state-of-the-art.

Time Forecasting: For the task of time forecasting, we did
not improve the state-of-the-art which we believe is due to
our use of Dijkstra and a single input. We noted that the

Fig. 3: Top: Comparing our predictions to the ground truths.
Bottom: Multiple samples of our predictions given a single
input. Our method can directly forecast key poses that are
realistic with a corresponding time prediction that is accurate.

shortest path returned by Dijkstra may be very different than
the ground truth trajectories. There is also no information
about the person’s velocities when using an input from a sin-
gle timestep.

4.2. Qualitative Results

We show some qualitative results in Figure 3. The top row
shows the ground truth with our predictions. Our method is
able to forecast key poses that are realistic with a correspond-
ing time prediction that is reasonably accurate. Our model
predicts a person with its right arm stretched out in order to
reach the object that has been placed at the top level of the
shelf, or a squat to reach the object at the bottom level of the
shelf. In all these examples, the distance between the con-
nected joints are also of appropriate length. The results thus
reveal to some extent, the range of valid poses the model has
learnt. The bottom row shows multiple predictions given the
same input and thus, the same approach vector. They show
that our VAE is able to map the same vector to a distribution
over the key poses.

4.3. Ablation Studies

Inference Rate: We next study the rate of inference of
the various methods with 2 separate experiments. (i) We
fix the batch size at 10 and set the sequence length to
[20,40,60,80,100] and (ii) we fix the sequence length at 30
and set the batch size to [lel,le2,1e3,1e4]. Methods that
incorporate stochasticity now output only a single sample.
The results are presented in Figure 4a and 4b respectively.
As indicated in Figure 4a, our method runs 5x faster than
the state-of-the-art at 500 Hz when the sequence length is set
to 20 (2 seconds). Furthermore, all four models [13, 9, 14, 10]



Spinal Column Left-Half

Right-Half

Method head neck torso pelvis base |shoulder elbow wrist hip knee ankle toe |shoulder elbow wrist hip knee ankle toe | Total | Time
Ours 0.291 0.316 0.329 0.336 0.339| 0.359 0.439 0.438 0.363 0.365 0.423 0.394| 0.293 0.215 0.133 0.326 0.313 0.375 0.344|6.391|0.582
Chung et al. [13] |0.359 0.365 0.366 0.368 0.368| 0.397 0.446 0.442 0.388 0.379 0.425 0.401| 0.356 0.360 0.339 0.355 0.338 0.378 0.361|7.191|0.530
Lietal. [9] 0.339 0.371 0.38 0.345 0.348| 0.407 0.478 0.475 0.381 0.375 0.443 0.391| 0.336 0.423 0.453 0.350 0.349 0.418 0.393|7.455|0.498
Yuanetal. [14] [0.338 0.344 0.35 0.351 0.346| 0.375 0.433 0.436 0.366 0.366 0.414 0.396| 0.336 0.324 0.301 0.330 0.316 0.375 0.345|6.842|0.483
Corona et al. [10]1]0.313 0.339 0.349 0.339 0.347| 0.361 0.426 0.423 0.368 0.363 0.418 0.391| 0.323 0.302 0.290 0.334 0.323 0.375 0.349|6.738 |0.473

Table 1: L2 key pose errors in metres for each joint and L1 time prediction errors in seconds. Our single input method improves
the total L2 error by approximately 5% from 6.738 to 6.391 meters and achieves much lower scores for the joint (right wrist)

that was used to perform the pick or place action.

== Chung et al Lietal === Yuanetal w=== Coronaetal === Ours

N
S
3

-

)

w & w
s 8 &
8 8 8

-

<

Inference Rate (Hz)
L2 Pose Error (metres)

Inference Rate (Hz)

,_.
o
5}

S

20 40 60 80 100 10! 10? 10° 10
Sequence Length Batch Size / Number of Objects
Batch Size = 10 Sequence Length = 30

(@ (b)
Fig. 4: Our method is invariant to the sequence length and
continues to run faster than real time at approximately 60 Hz
when handling an unrealistic scenario with 1e4 objects.

o

are sequence based with a runtime that increases with longer
sequence lengths. Their rate of inference thus drops drasti-
cally in setups that require long-term forecasting. Such mod-
els are also faced with the dilemma of choosing between a
larger step size for faster processing of longer sequences but
with less accurate pose forecasting, or a smaller step size for
more accurate forecasting but slower processing of longer se-
quences. Our method in contrast, requires no tuning by the
user and runs at the same rate regardless of the start and end
position of the person.

A valid concern with our method is that it requires the
object of interest which may be numerous depending on the
environment and task. Figure 4b shows the runtime of our
method with increasing batch size. Note that the batch size
can be interpreted as the number of objects of interest for 1
person. The results indicate that our method continues to run
faster than real time at approximately 60 Hz even when han-
dling an unrealistic scenario with 1e4 objects (or 10 people
and 1e3 objects). Our method is thus not bottlenecked by the
total number of objects in the scene. The results highlight the
large gains we get by directly forecasting both the key pose
and time, and are significant as it allows a system to rapidly
perform inference for each person in a crowded scene or to
predict multiple poses of an individual at various locations.

Importance of the object of interest: We highlight the im-
portance of having the coordinates of the object of interest by
retraining all models with different numbers of parameters:
[300k, 1m, 2m, 3m]. The results are summarized in Figure
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Fig. 5: The models remain performant even after a 90% re-
duction in the number of parameters, signalling the strong cue
the object coordinates provide for the joint task of key pose
and time forecasting.

5 where the errors have been averaged over every joint. The
models remain performant even after a 90% reduction in the
number of parameters, signalling the strong cue the object co-
ordinates provide for the joint task of key pose and time fore-
casting. Models with object information also perform signifi-
cantly better than their counterparts without it. These findings
enable motion forecasting models to be built with far fewer
parameters when the object coordinate is made available e.g.
via an object detector [20], making it an attractive add-on to
any system with very little overhead. It also supports the use
of our model as an alternative over the state-of-the-art recur-
rent models when the intermediate poses are not required as
the only concern then is the mapping from the input pose to
the key pose. All-in-all, our findings are useful for systems
that require an estimator with a very small memory footprint
running in the background.

5. CONCLUSION

We have presented a method that forecasts the action keystates
in everyday pick and place actions. The main takeaways are
that the object of interest (i) allows the method to directly
forecast the key pose and time using an input from a single
timestep, achieving lower errors with a constant runtime that
is at least an order of magnitude faster than existing recurrent
type methods and (ii) lets the total number of parameters
across all existing methods be significantly reduced without
any degradation in performance.
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