2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

Scaling Motion Forecasting Models with Ensemble Distillation

Scott Ettinger!* Kratarth Goel'*

Abstract— Motion forecasting has become an increasingly
critical component of autonomous robotic systems. Onboard
compute budgets typically limit the accuracy of real-time
systems. In this work we propose methods of improving motion
forecasting systems subject to limited compute budgets by
combining model ensemble and distillation techniques. The
use of ensembles of deep neural networks has been shown
to improve generalization accuracy in many application do-
mains. We first demonstrate significant performance gains by
creating a large ensemble of optimized single models. We then
develop a generalized framework to distill motion forecasting
model ensembles into small student models which retain high
performance with a fraction of the computing cost. For this
study we focus on the task of motion forecasting using real
world data from autonomous driving systems. We develop
ensemble models that are very competitive on the Waymo
Open Motion Dataset (WOMD) and Argoverse leaderboards.
From these ensembles, we train distilled student models which
have high performance at a fraction of the compute costs.
These experiments demonstrate distillation from ensembles as
an effective method for improving accuracy of predictive models
for robotic systems with limited compute budgets.

I. INTRODUCTION

Autonomous robotic systems require high quality motion
forecasting of dynamic objects in the scene in order to
produce safe and optimal planning routes. The accuracy of
forecasting systems is limited by the computational budget
of the hardware running onboard the robot. In this work,
we propose a method using ensemble distillation to scale
performance beyond this limit and improve accuracy within
the same compute budget.

In the seminal 2015 paper, Hinton et al. [19] proposed the
method of model distillation, which is a process of transfer-
ring knowledge from a large complex model into a simpler
one. Knowledge distillation has become a de facto standard
to improve the performance of small neural networks. By first
training a more expensive high accuracy “teacher” model,
the accuracy of a smaller “student” model can be improved
by training the same model but using information from the
teacher model outputs through additional distillation losses.
In this context, we propose to use distillation to train student
models suitable for running onboard autonomous systems in
order to significantly improve quality.

To provide a high accuracy teacher model for distillation
we propose using an ensemble of multiple independently
trained motion forecasting models. Using ensemble models
is a well established technique to improve the performance
of deep learning models. It has been shown that ensembling
the outputs of identical models trained on the same data can
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Fig. 1: Ensembles provide a method to improve both the
soft-mAP and the minADE metrics for trajectory prediction
with a linear increase in compute. But can we do better and
achieve similar scaling of performance without the additional

compute cost?

provide significant performance improvements[2]. Individual
component models of an ensemble can be trained in parallel
to create a model with much larger capacity without increas-
ing training time. Ensembles avoid over-fitting by providing
better bias-variance trade-offs as compared to training a
single large model with more parameters. Motion forecasting
models must output a distribution of possible trajectories
for each agent as there are multiple valid futures for each
prediction. Typically the modes of the distribution outputs do
not have any correspondence across different models in an
ensemble so simple averaging techniques cannot be used to
create an ensemble. We propose a method for combining any
set of heterogeneous motion forecasting models into a higher
performing ensemble. Results of this method are shown
in Fig 1, where both minADE and soft-mAP performance
metrics improve with more teacher models in the ensemble.

While ensembles can provide significantly higher accu-
racy, the high compute cost makes it impractical to deploy
them in an onboard autonomous system. We propose a
method of using distillation to bring the cost back down
to within the onboard compute budget while retaining high
performance. While distillation has been studied in many do-
mains, distillation of motion forecasting models has its own
unique challenges. Since motion forecasting models output
not just a classification, but a distribution of trajectories, the
distillation process must be able to train the student model
to match the teacher model distribution. Another challenge
is to balance the diversity of outputs of the distilled model
to handle longer tail cases while retaining good performance
on common cases. We develop a general framework to distill
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an ensemble that can be applied to a heterogeneous set
of teachers. Our main contributions can be summarized as
follows: 1. We develop a general framework for ensemble
distillation of motion forecasting models. 2. We achieve very
competitive results on the Waymo Open Dataset (WOMD)
and Argoverse 2 marginal prediction challenges with an
ensemble model. 3. We train a distilled model which provides
high performance at a significantly reduced compute cost.

II. RELATED WORK

a) Motion Forecasting: The recent availability of large
scale autonomous driving datasets and benchmarks [8], [21],
[11] have helped drive interest in motion prediction tasks.
One class of models draws inspiration from the computer
vision literature, rendering inputs as a multichannel raster-
ized top-down image [9], [36], [20], [6], [35], [43]. A natural
language inspired popular alternative is to model the scene
entities as tokens of a language. With this approach, agent
state history is typically encoded via sequence modeling
techniques like RNNs [32], [23], [1], [34] or temporal con-
volutions [28]. Road elements are approximated with basic
primitives (e.g. piecewise-linear segments) which encode
pose information and semantic type. Modeling relationships
between entities is often presented as an information ag-
gregation process, and models employ pooling [43], [15],
[1], [17], [32], [26], soft-attention [32], [43] as well as
graph neural networks [5], [28], [23] Wayformer [33] builds
on top of transformers [41], to increase the performance
even further. This architecture serves as the baseline for
experiments in this paper.

b) Ensembling: The scaling laws in [22] detail that it is
often a combination of scaling up model size and compute
as well as data that results in performance improvements.
If data or compute is limited, scaling just the model size
results in inefficiency and can also result in sub optimal
results due to high variance and over fitting. Ensembling
refers to the idea of constructing a single model from a set
of weaker models [18], [10], [25]. To learn a diverse set of
models, several strategies of sampling the training dataset
have been proposed such as bagging and boosting [30], [4],
[37]. The resulting model not only has higher accuracy, but
also more robust to out of distribution examples, and better
at estimating uncertainty. Deep learning ensembles typically
rely on having random initialization seeds to learn a diverse
set of models [13]. Traditionally there are three different
flavors of ensembling to scale up the model performance:

Model ensemble: True model ensembling consists of train-
ing N separate copies of the model initialized with random
weights to encourage diversity. Each model can have an
identical architecture and loss function or have specificity
which makes them better at different things within a task.
For simplicity we use this method with uniform models and
loss functions in this work.

Bootstrap ensembling of the predictor heads: In this tech-
nique we specifically apply bootstrap aggregation (bagging)
[30] to our predictor heads by training £ such heads together
in the same model. The heads can either be uniform as seen

in [33] or have varied architectures and loss functions [38].
To encourage models to learn complementary information,
the weights of the E heads are initialized randomly.

Hybrid Ensemble: Here we can combine the above two
approaches such that each model has F predictor heads and
we train IV replicas of them.

c) Knowledge Distillation: Distillation is a technique
where a smaller student model is trained using the outputs
or intermediate representations of a larger teacher model.
While the mechanism is complex [3], experimental results
from many applications show that the performance of a larger
(teacher) model can be captured by a smaller (student) model
[19], [27]. It has also been shown that self-distillation” from
the same model can outperform the original model trained on
ground truth data alone [14]. This hints to either improved
generalization of the second generation teacher models or
simpler optimization regime [44].

d) Structure Prediction Distillation: While the original
distillation work was applied to classification, follow up work
proposed extending the technique for sequence generative
models. Applied to machine translation, [24] showed that
improvements in the teacher proposed translations will carry
over to the trained student models. Recently, distillation
has been applied to motion forecasting to improve the
quality of a scene-centric student model using predictions
from an ego-centric teacher [39]. Motion prediction poses a
challenge to the distillation problem, as each model outputs
a complete distribution of possible futures. In this paper we
develop a framework for distillation of the complete output
distribution from teacher models to students in contrast to
earlier approaches.

e) Ensemble Distillation: While single teacher distilla-
tion to a student is well studied, distilling an entire ensemble
of teacher models has only gained interest recently. [3]
studies distillation of ensembles created with simple averages
of independently trained identical models for classification.
They provide theoretical results for ensemble distillation
accuracy. [31] develops a method of ensemble distillation
which preserves the ability to estimate uncertainty as applied
to image classification networks. In this work we develop
a technique to ensemble output distributions from different
teacher models that have no correspondence between outputs
and to distill the resulting ensembles into smaller student
models using a novel distillation loss formulation.

III. MODELING

In this work, we focus on the general modeling task of
motion forecasting for agents in real world driving environ-
ments. Agents include vehicles, pedestrians, and cyclists. The
modeling task is to predict the future trajectory of each agent
for a fixed time horizon given a fixed input window of agent
histories in the scene.

The nature of motion forecasting in this setting is inher-
ently multi-modal as human agents in the scene can choose a
variety of trajectories depending on their unobserved internal
state. To account for this, the models output a distribution of
trajectories for each agent.
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Fig. 2: The Wayformer architecture is a pair of en-
coder/decoder Transformer networks. This model takes mul-
timodal scene data as input and produces a multimodal
distribution of trajectories.

The base motion forecasting model used in the experi-
ments follows the Wayformer model described in [33] as
described in Figure 2. This model employs an attention
based scene encoder and decoder with early fusion of the
input modalities (map data, traffic light states, and agent
motion boxes). The model outputs a Gaussian mixture model
consisting of K gaussian trajectory models each consisting of
2 dimensional mean positions (x,y) and standard deviations
for each time step.

The input to the model is comprised of multiple modalities
that encode both the scene information as road lanes and
traffic lights as well the dynamic agent information including
agent state history and interactions.

The baseline model was tuned and optimized to maximize
the performance achieved by a single model without over-
fitting. A set of multiple instances of this model were
independently trained to be used as the basis for the ensemble
models described below.

IV. ENSEMBLE DISTILLATION
A. Ensemble models

To create ensembles, model outputs are often combined
together with simple averaging. However, due to the multi-
modal nature of motion forecasting models, output modes
from independently trained models will not correspond since
they are learned independently during training. To address
this, We develop a general framework for ensemble dis-
tillation of motion forecasting models described in Fig 3.
Notably, this framework can be applied to create and distill
ensembles from models with different numbers of trajectory
outputs and different architectures.

The output of each individual model within the ensemble
is a Gaussian mixture model (GMM) for each agent as
described in [36]. Let s; denote the 2 dimensional position
of an agent at time ¢, and s = [sq, ..., s7] is a trajectory to a
fixed time horizon 7. Each individual model outputs a vector
of parameters ® consisting of 7, u, and ¥ vectors to define
a GMM model. The probability of a trajectory is given by

p(s | @)
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Fig. 3: Illustration of the ensemble distillation pipeline. A
set of K teachers and a NMS that outputs My trajectories
form the ensemble. The student is trained with a groundtruth
loss (L4¢) and a distillation loss (£ pjstin)-

where N is the total number of modes/trajectories output by
the model, pf and X} define a 2 dimensional multivariate
Gaussian at each time step for n-th trajectory. The mixing
coefficients 7™ are fixed across all times 7" and sum to one.

N
Zw” =1,7">0Vn (2)
n=1

We introduce a scale factor w,,, which is applied to the

variance of the model. This is typically set to less than one. If

we set w,q, to 0, we can sample the distribution by selecting
one of the means i, based on the probabilities 7. Following

[19], a temperature adjustment 7 is first applied to the mix-

ture coefficients of each teacher model in order to boost the

knowledge transfer of lower probability trajectories. These
are computed per teacher as:

ellog(m™)/7)

n
= 3)
SN ellog(mm)/7)

An ensemble distribution of K individual teacher models
can be created as a weighted sum of the probabilities of each
model for a given sample s:

S | ‘I’ens

Z wip(s | ) )

where the weights wj sum to 1. Note that the number
of modes N does not need to be the same for all of the
individual models in the ensemble.

B. Distillation losses

In order for the distillation student model to mimic the
teacher model, we utilize the cross entropy loss. To minimize
the loss, the student model should maximize the probability
of samples drawn from the teacher ensemble distribution
q(s | Pens). To train the student model, a set of samples
are drawn from the teacher ensemble distribution and the
student distillation loss term is computed as the negative log
likelihood of the product of the probabilities of the samples:

§j ~ Q(S | ¢)ens) 4)
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Lpisiunee = —log [ [ p(8; | ®student) (6)
J

Minimizing this loss by varying ®gtydent Will maximize
the student probability of the set of teacher samples. By
doing so, the student model outputs become similar to that
of the teacher. An additional loss term is added to increase
the spikiness of the distribution by minimizing the entropy
of the student mixture weights.

N
‘CDistillEntropy = - Z Wnlog(’/Tn) (7)

n=1

The final distillation loss is computed as:

»CTotal :['DistillNLL + wentﬁDistillEntropy + wgtﬁgt (8)

where wey: is a weight for the entropy loss term and L, is
the groundtruth loss used when training the model without
distillation. We follow the same formulation as [33] for the
groundtruth loss.

C. Non-Maximal Suppression

The distillation pipeline is described in Fig 3. For a large
ensemble of K models each outputting Ny = Zf( N;
trajectories, it may be too costly to store these trajectories
or compute the loss over all of them during training. To
reduce this, we can combine the teacher distributions into
a single, smaller distribution prior to distillation training.
Due to the multi-modal nature of the models, a simple
averaging technique cannot be used as the outputs do not
correspond directly across different models. In order to
aggregate the distributions across all ensemble models we
apply the method of non-maximal suppression (NMS) as
described in [40]. This method produces a fixed set of modes
from the ensemble distributions while still preserving the
diversity of the original output mixture.

The NMS algorithm first runs a clustering algorithm which
greedily selects the output mode that covers the maximum
total likelihood, and proceeds until all output modes have
been covered. The algorithm then runs an iterative refinement
stage similar to KMeans clustering starting from the initial
set of modes. This produces a set of distribution parameters
for a single mixture model with a reduced number of
trajectories that retains the diversity of the original ensemble.
Similarly, NMS can be applied to reduce the number of
outputs from a single model.

D. Efficient sampling of teacher models

Evaluating a large number of samples from the teacher
model for distillation may be too costly, even after reducing
the teacher model with NMS. An approximation can be
performed by reducing the uncertainty of the teacher models
by setting w,q, to zero in equation 1. In this case, evaluating
samples from the teacher reduces to using the mean values
of each trajectory weighted by their probabilities. We use
this simplification for all of our experiments.

E. Mapping between teacher and student modes

Another level of simplification to the loss function can be
made when the number of modes output by the student Ng
and by the teacher Nt are equal. In this case, we can simplify
training by using a bijection from the modes of the teacher
to those of the student and computing only corresponding
losses. We apply a cross entropy loss between the teacher and
student mixing coefficients to train the student probabilities.
We denote the resulting student coefficients as 7y.1.

V. EXPERIMENTAL SETUP
A. Datasets & Metrics

For experiments we use two datasets: (1) the Waymo Open
Motion dataset (WOMD) [12] which contains over 570 hours
of driving data including maps, traffic light states, and agent
motion data consisting of 3D bounding boxes sampled at
10 Hz; (2) the Argoverse 2 Motion Forecasting dataset [42]
which consists of 250,000 scenarios mined for challenging
interactions between the autonomous vehicle and other actors
in each local scene, including maps and agent motion data
sampled at 10Hz. The WOMD task is to predict an § second
future trajectory for up to 8 agents given a 1 second history of
agent trajectories, whereas the Argoverse task is to predict
a 6 second future trajectory for a single ‘focal’ agent per
scenario given S5 seconds of past history.

All of our evaluated models output 6 trajectories and
all metrics are computed with & = 6. We compare mod-
els using the following challenge metrics associated with
the WOMD [12] and AV2MF [42] tasks, namely - M R!,
minADE), mAP, soft —mAP, Overlap’, minFDE,
and Brier — minFDE.

B. Training Details and Hyperparameters

For our experiments we chose the Wayformer model [33]
as the base architecture. The architecture follows the early-
fusion wayformer variant as described in [33]. We set the
hidden size for all transformer layers to be 256. We use 2
encoder layers and 8 decoder layers.

For all teacher and student model experiments, we train
models using the AdamW optimizer [29] with an initial
learning rate of 2e-4 with linear decay to 0 over 1M steps.
We train models using 16 TPU v3 cores each, a batch size of
16 per core, resulting in a total batch size of 256 examples
per step. All teacher models produce GMM distributions
with Ny = 64 trajectories per agent. All settings are
shared between teacher and student models except for the
number of trajectory outputs. To create an N-model teacher
ensemble, We train K replicas of the teacher model described
above with random initialization. The trajectories of all the
teacher models are aggregated with non maximal suppression
(section IV-C) to generate a dataset with Myp trajectories
per agent output for each example in the input dataset. For
distillation we then use the distillation loss defined in (section
IV-B). The students output Ng number of trajectories which
are optionally passed through an NMS pipeline, same as the
teachers that aggregates these to Mg trajectories.
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Fig. 4: We compare the metrics for Waymo Open Motion Dataset for our ensemble models and the distilled student models as
a function of inference FLOPs (total floating point operations) relative to the single Wayformer [33] single head model. The
relative FLOPs on the x-axis are shown in log scale. The Ensemble models are represented in orange, with ensemble size
K linearly related to the FLOPs. Distilled student models are represented in green. The blue line represents the ensembling
SoTA results and non-ensemble SoTA is represented by the red line.

Waymo Open Motion Dataset

Models minFDE () minADE () MR (}) Overlap () mAP (1) soft-mAP* () | rel-FLOPs(])
DenseTNT [16] 1.551 1.039 0.157 0.178 0.328 - -
MultiPath [7] 2.040 0.880 0.345 0.166 0.409 - -
MultiPath++ [40] 1.158 0.556 0.134 0.131 0.409 - -
Wayformer [33] 1.126 0.545 0.123 0.127 0412 - 1x
Wayformer Multi-Head [33] 1.128 0.545 0.122 0.127 0.419 0.433 1.96x
GTR-R36 1.223 0.601 0.133 0.128 0.426 0.438 -
Wayformer Student (Ours) 1.093 0.535 0.115 0.125 0.432 0.440 1.36x
MTR++ 1.194 0.591 0.130 0.128 0.433 0.441 -
TAIR+ 1.168 0.578 0.124 0.126 0.435 0.448 -
EDA _single 1.170 0.572 0.117 0.127 0.440 0.451 -
GTR _ens 1.206 0.586 0.130 0.128 0.443 0.452 -
MGTR 1.214 0.592 0.130 0.128 0.451 0.460 -
Wayformer Ensemble 28 (Ours) 1.116 0.538 0.113 0.125 0.458 0.470 28x
MTR++_Ens 1.117 0.558 0.112 0.128 0.463 0.474 -

TABLE I: Comparison of results with the Waymo Open Motion Dataset 2022 leaderboard. * denotes the metric used for
leaderboard ranking. rel-FLOPs indicates inference compute requirement relative to the Wayformer [33] single head model.

VI. RESULTS A. Ensembles

The orange dots and lines in figure 4 show the WOMD
validation metrics and trends of results for ensemble models
as a function of the FLOPs (total floating point operations)
required to run inference on the model. The charts show

We first study the effect of ensembles and distillation
on the Waymo Open Motion Dataset [11] validation set

as shown in Figure 4. The best performing ensemble and
distilled model are evaluated on the WOMD test set leader-
board and compared against other competitive methods in
Table I. All metric computations use the means of the model
trajectory distribution outputs as predictions.

that the performance follows a positive log-linear scaling
relationship with FLOPs for all metrics on the WOMD
leaderboard.

It performs particularly well on minADE and minFDE
metrics relative to the state of the art. Our ensemble of
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Fig. 5: Scaling ensemble result using the Argoverse dataset.
The Ensemble models are represented in orange, with
ensemble size K linearly related to the FLOPs. Distilled
student models are represented in green.

K = 28 teacher models achieves competitive performance
for all metrics, placing second on the WOMD leaderboard
only behind another large ensemble. Experiments on the
Argoverse dataset shown in Fig 5 show a similar positive
log-linear scaling relationship with FLOPs for ensembles
where the orange dots and lines represent the results for the
ensemble models. The 10 model ensemble places 3rd on the
Argoverse leaderboard. These results importantly, validate
the hypothesis that ensembling can provide a way to scale
model performance on motion forecasting problems. We also
analyze qualitative improvements to model outputs in Fig 6,
with examples of prediction quality of the ensemble model.

B. Ensemble Distillation

The green dots and lines in figure 4 show the WOMD
validation metrics and trends of results for distillation models
as a function of FLOPs. All distillation models are distilled
from the K = 28 model ensemble as described above
using the efficient sampling procedure described in IV-D
and setting 7 = 8, wyr = 0.4, Went = 1.0, and wyq, =
0.1. The first result to note is that the smallest distilled
model (the far left green point) outperforms its corresponding
baseline model with the same architecture (the far left orange
point) by a large margin on all metrics while requiring far
fewer FLOPs. This is due to the additional evidence per
training example that we get when training models with
distillation losses. While increasing parameters in the teacher
models resulted in over-fitting, it is notable that we can
increase parameters/FLOPs in the student model to improve
performance. This due to the extra information provided by
the teacher predictions. All metrics improve with increased
size of the 2X scaled distilled student model. The distillation
result for the Argoverse dataset is shown by the green dots
and lines in fig 5. Here we see that the distilled models also
perform far better than the base model. For the Argoverse
experiments we trained one model with 0.75X of the FLOPs
required by the base model and one with required FLOPs
equal to the base model. Both models show significant
performance improvement over the baseline model (the far
left orange dot). Despite having 25% fewer required FLOPs,
the smaller model still significantly outperforms the baseline
model. The key result is that training a distilled model
from a much larger ensemble provides a significant increase

in performance with much lower compute cost than the
ensemble, remaining suitable for running onboard the robot.
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Fig. 6: 2 Qualitative examples for a single teacher models
(top row) compared with a ' = 28 teacher ensemble (bottom
row). Both setups output 6 trajectories after NMS. The red
trajectory is the groundtruth, the green is the prediction
closest to the groundtruth, and the blue are the remaining
predictions. The grid lines represents the background scene
including the roadgraph and other agents.

Table I shows a comparison of our models with the current
WOMD leaderboard. Our ensemble model ranks second on
the leaderboard. The distilled model has reduced perfor-
mance but with over 20X fewer FLOPs required. It is not
known at this time how the other entries on the leaderboard
compare to the distilled model in terms of required FLOPs.
The key result is that the distilled model provides high
performance in a small model that can be deployed in real-
time onboard robotics applications.

VII. CONCLUSION

We present a novel framework for ensemble distillation
for a multi-modal output distribution domain of trajectory
prediction. Our WOMD ensemble ranks second on the
leaderboard while our Argoverse ensemble ranks 3rd. Our
distilled student from the WOMD ensemble model provides
high performance while requiring over 20X fewer FLOPS to
compute than the ensemble model. We show that the same
trends hold on the Argoverse dataset for both ensembles
and distilled models. The Argoverse ensemble model ranks
third on the leaderboard and the distilled model significantly
improves over the baseline. These experiments demonstrate
ensemble distillation as an effective method for improving
performance for robotics applications with limited onboard
compute budgets.
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