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Abstract

Deep motion forecasting models have achieved
great success when trained on a massive amount
of data. Yet, they often perform poorly when
training data is limited. To address this chal-
lenge, we propose a transfer learning approach for
efficiently adapting pre-trained forecasting mod-
els to new domains, such as unseen agent types
and scene contexts. Unlike the conventional fine-
tuning approach that updates the whole encoder,
our main idea is to reduce the amount of tun-
able parameters that can precisely account for
the target domain-specific motion style. To this
end, we introduce two components that exploit
our prior knowledge of motion style shifts: (i) a
low-rank motion style adapter that projects and
adjusts the style features at a low-dimensional
bottleneck; (ii) a modular adapter strategy that
disentangles the features of scene context and
motion history to facilitate a fine-grained choice
of adaptation layers. Our method outperforms
existing fine-tuning methods on three real-world
datasets, namely, Stanford Drone, Lyft Level 5
and Intersection Drone in low-shot transfer.

1. Introduction

Motion forecasting is an essential pillar for the success-
ful deployment of autonomous systems in environments
comprising various heterogeneous agents. It presents the
challenges of modeling (i) physical laws (e.g., goal-directed
behaviors, avoiding collisions) that govern general motion
dynamics of all agents; and (ii) social norms (e.g., the min-
imum separation distance, preferred speed) that influence
the navigation styles of different agents across different lo-
cations. Owing to the success of deep neural networks on
large-scale datasets, learning prediction models in a data-
driven manner has become a de-facto approach for motion
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forecasting and has shown impressive results (Alahi et al.,
2016; Mangalam et al., 2021; Salzmann et al., 2020).

However, existing deep motion forecasting models suffer
from inferior performance when they encounter novel sce-
narios (Wang et al., 2022b; Xu et al., 2022). For instance, a
network trained with large-scale data for pedestrian forecast-
ing struggles to directly generalize to cyclists. Some recent
methods propose to incorporate strong priors robust to the
underlying distribution shifts (Liang et al., 2020; Liu et al.,
2021; Bhattacharyya et al., 2022). Yet, these priors often
make strong assumptions on the distribution shifts, which
may not hold in practice. This shortcoming motivates the
following transfer learning paradigm: Adapting a forecast-
ing model pretrained on one domain with sufficient data to
new domains such as unseen agent types and scene contexts
as efficiently as possible.

One common transfer learning approach is fine-tuning a pre-
trained model on data collected from target domain. How-
ever, directly updating the model is often sample inefficient,
as it fails to exploit the inherent structure of the distribu-
tional shifts in motion context. In the forecasting setup, the
physical laws behind motion dynamics are generally invari-
ant across geographical locations and agent types: all agents
move towards their goal and avoid collisions. As a result,
the distribution shift can be largely attributed to the changes
in the motion style, defined as the way an agent interacts
with its surroundings. Given this decoupling of motion dy-
namics, it can be efficient for an adaptation algorithm to
only account for updates in the target motion style.

In this work, we efficiently adapt a deep forecasting model
from one motion style to another. We refer to this task as
motion style transfer. We retain the domain-invariant dy-
namics by freezing the pre-trained network weights. To
learn the underlying shifts in style during adaptation, we
introduce motion style adapters (MoSA), which are new
modules inserted in parallel to the encoder layers. The style
shift learned by MoSA is injected into the frozen pre-trained
model. We hypothesize that the style shifts across forecast-
ing domains often reside in a low-dimensional space. To for-
mulate this intuition, we design MoSA as a low-dimensional
bottleneck, inspired by recent works in language (Hu et al.,
2021; Mahabadi et al., 2021). Specifically, MoSA com-
prises two trainable matrices with a low rank. The first
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Figure 1. We present an efficient transfer learning technique that adapts a forecasting model trained with sufficient labeled data (e.g.,
pedestrians), to novel domains exhibiting different motion styles (e.g., cyclists). We freeze the pretrained model and only tune a few
additional parameters that aim to learn the underlying style shifts (left). We hypothesize that the style updates across domains lie in a

low-dimensional space. Therefore, we propose motion style adapters with a low-rank decomposition (r

update the few style factors that vary in the target domain (right).

matrix is responsible for extracting the style factors to be
updated, while the second enforces the updates. Our method
introduces and updates less than 2% of total parameters.

In low-resource settings, it can be difficult for MoSA to
distinguish the relevant encoder layers updates from the
irrelevant ones, resulting in sub-optimal performance. To fa-
cilitate an informed choice of adaptation layers, we propose
a modularized adaptation strategy. Specifically, we consider
forecasting architectures that disentangle the fine-grained
scene context and past agent motion using two independent
low-level encoders. This design allows flexible injection of
MoSA to one encoder while leaving the other unchanged.
Given the style transfer setup, our modular adaptation strat-
egy yields substantial performance gains in low-data regime.

We empirically demonstrate the efficiency of MoSA on the
state-of-the-art model Y-Net (Mangalam et al., 2021) on the
heterogenous SDD (Robicquet et al., 2016). To showcase
the generalizability of MoSA in self-driving applications,
we adapt a large-scale model trained on one part of the city
to an unseen part, on the Level 5 Dataset (Houston et al.,
2020). Through extensive experimentation, we quantita-
tively and qualitatively show that given just 10-30 samples
in the new domain, MoSA improves the generalization error
by 25% on SDD. Moreover, our design outperforms stan-
dard fine-tuning techniques by 20% on the Level 5 dataset.

2. Related Work

Distribution shifts. The primary challenge in adapting to
new domains lies in tackling the underlying distributional
shifts. One ambitious approach is developing domain gener-
alization techniques that aim to learn models that directly
function well in unseen test domains (Gulrajani & Lopez-
Paz, 2021; Blanchard et al., 2011). Negative data augmen-

d), designed to infer and

tation techniques have been applied in a limited scope to
reduce collisions (Liu et al., 2021) and off-road predictions
(Zhu et al., 2021) on new domains. Domain adaptation is
another line of work that allows a learning algorithm to ob-
serve a set of unlabelled test samples. While this approach
has been shown effective in a variety of supervised tasks
in vision (Csurka, 2020; Wang & Deng, 2018; Zhao et al.,
2020), it is not the ideal setup for motion forecasting setup
because labels in the form of future trajectories are fairly
easy to acquire. Therefore, in this work, we take an alternate
approach of transfer learning using limited data.

Transfer learning. The standard approach of fine-tuning the
entire or part of the network (Howard & Ruder, 2018; Rad-
ford & Narasimhan, 2018) has been shown to outperform
feature-based transfer strategy (Cer et al., 2018; Mikolov
et al., 2013). Recently, there has been a growing interest in
developing parameter-efficient fine-tuning (PET) methods
in both language and vision, as they not only yield a com-
pact model (Houlsby et al., 2019; Hu et al., 2021; Mahabadi
et al., 2021), but also show promising results in outperform-
ing fine-tuning in low-resource settings (Mahabadi et al.,
2021; Liu et al., 2022a). Similar in spirit to PET methods,
we introduce additional parameters in our network but with
an objective of style-conditioned motion generation.

3. Method
3.1. Motion Style Transfer

Motion style. Modelling agent motion behavior involves
learning the social norms (e.g., minimum separation dis-
tance to others, preferred speed, valid areas of traversal) that
dictate the motion of the agent in its surroundings. These
norms differ across agents as well as locations. For in-
stance, the preferred speed of pedestrians differs from that
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Figure 2.0ur modular style transfer strategy updates only a subset of the encoder to account for the underlying style shifts. For instance,
we adapt the scene encoder only to model scene style shifts (top right). On the other hand, for the underlying agent motion shift, we only
update the agent motion encoder (bottom right). This strategy boosts performance in low-resource settings.

of cyclists; the separation distance between pedestrians introduce motion style adapters, tern/ddSA to capture
parks differs from that in train stations. To describe thesahe target motion style. As shown in Fig. 1, we adapt a
agent-speci ¢ (or scene-speci ¢) elements that govern unpre-trained forecasting model by ne-tuniMiyosa With
derlying motion behavior, we de ne the notion of “motion the following objective:

style”. Motion style is the collective umbrella that models

P
A . . . . = 1 _Ntargel 0. ,0- .
the social norms of an agent given its surroundings. L agapt (Do Witosa ) =17 L0 YA Winosa )1 (2)

Nlarget
Problem statement.We are provided a forecasting model

trained on large quantities of data comprising a particulaB.2. Motion Style Adapters
set of style(s). Our goal is to adapt the model to the idiosyn-

crasies of a target style as ef ciently as possible. We OlenoteOur main intuition is that the style shifts across forecasting

. . domains are usually localized — only a few variables of the
the model input and ground-truth future trajectory of an . . :
A . . . underlying motion generation process change. Therefore,
agent usingx; andy; respectively. The input; comprises

the past trajectory of the agent, surrounding neighbors, angunng style transfer, we only need to adapt the distribution

the surrounding context map. We assume that the data coort this small portion of latent factors, while keeping the rest

. . . of the factors constant. These updates would correspond to
responding to an agent type is generated by an underlyin

distributionPyx.y ( ;s) parameterized by, the style of the the changes n mptlon style (. s inthe Farget dqmam, as
. . . the general principles of motion dynamics remain the same
agent. As mentioned earlier, the style is dictated by both the d : desi ) le ad ferred
agent type and its surroundings across domains. We design motion style adapters, referre
' to as MOSA, to carry out these updates.
Training. The forecasting model has an encoder-decodeb
architecture (see Fig. 1) with weighf8.,c andWge. re-

spectively. The training datas@&g of sizeN is given by

ur proposed MoSA design comprises a small number of
extra parameters added to the model during adaptation (see
Fig. 1). Each module comprises two trainable weight ma-
motion styles observed within the dataset. The model i%l?s“:'ecs)f low rank, denoted b andB. The rst matrix
trained to minimize: ponS|bIe.for inferring the targ_et style factors, while
the second matriB performs the desired update. The low
rankr realizes our intuition by restricting the number of
style factors that gets updated ( d, whered is the dimen-
sion size of an encoder layer). Therefore, during adaptation,

. o o
Adaptation. When a novel scenario with sty (s° 2 ;o weight updates of the encoder are constrained with our
S) is encountered, it leads to a distribution shift and thelow-rank decompositioVyosa = BA.

learned model often struggles to directly generalize to the

new dataseDso = (X% y9)iof 1.8 waer 9 OF SiZ€Narget - For brevity, let us consider the adaptation of encoder layer
| with inputh' and outpuh'*! . As shown in Fig. 1W/,

fandW}, s, are multiplied with the same inptit, and their

respective output vectors are summed coordinate-wise:

, P
Lyain (Ds;Wenc; Waec) = § L(Xi;Yi; Wence; Waec). (1)
i=1

In this work, we aim to develop an adaptation strategy fo
ef cient motion style transfer, i.e., cases Whégget IS
small (Ntarget N). Often, motion behaviors do not o o

change drastically across domains. We therefore propose  (Traim ™= = Wey ' @)
to freeze weights of the pretrained forecasting model and ~ (Adapt) h'™ = Wg,. h' + Wyes h' = We, '+ B'ATh: (4)
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Figure 3.Difference in goal decoder output of Y-Net on the adaptation of pedestriffflure 4.Evaluation of adaptation tech-
1es for long-term motion prediction (25

trained model using our proposed style-injection modules (Red is positive, blue is nB§H! )
tive). During adaptation, Y-Net learns to focus on the road lanes for cyclist forecastirty:cS) On Level 5. Error in meters for 5 seeds.

Following common practices (Houlsby et al., 2019; Hu et al.
2021), matriced\ andB are initialized W|th_ a_near-|dent|ty. fer (pedestrians to bikers) on SDD using few samplege; =
function (Hu et al., 20_21)’ so that the O”Q'T‘?' .net\./vork ISt 10; 20; 30g. Error reported is Top-20 FDE in pixels. The gen-
unaffected when training starts. Such an initialization alsQya|ization error is 58 pixels. Our proposed MoSA outperforms
provides exibility to ignore certain layers during style up- competitive baselines and improve upon generalization error by
dates. Despite this exibility, the total number of extra > 25%. Mean and standard deviation were calculated over 5 runs.
parameters is signi cant and can be inconducive to ef cient

style transfer. Therefore, to further boost sample ef ciency, .., | 10 20 30

we present a modular adaptation strategy in the next.

Table 1.Evaluation of adaptation methods for motion style trans-

FT 57.28 1.21 5261 0.87 46.31 1.79
ET (Liuetal, 2022b) |51.88 132 46.78 1.78 43.13 1.03
3.3. Modular Adaptation Strategy PA (Rebuf etal., 2018)| 52.77 0.85 47.75 1.83 44.70 1.28
MoSA (ours) 49.98 1.05 4555 0.77 41.69 0.88

Motion style can be decoupled into scene-speci ¢ style and

agent-speci ¢ style. Scene-speci ¢ style dictates changes in . )
motion due to physical scene structures. The agent-speci d2P- 1 quanti es the performance of various style transfer

style captures the underlying navigation preferences of dif€chniques. The model trained on pedestrians does not gen-

ferent agents, e.g., distance to others and preferred Speeda_ralize to cyclists as evidenced by the high generalization
FDE. Our MoSA design reduces this error by30%using

Consider the modularized encoder deSign shown in Flg Z)n|y 30 Samp|es_ Moreover, MoSA Outperforms the base-
The encoder models the input scene and agent's past higes while updating onlg:5% additional parameters. We

tory independently. The fusion encoder then fuses the tw@jso qualitatively analyze the Y-Net goal decoder outputs
representations together. This design has the advantagedgter model adaptation using MoSA in Fig. 3. One can see
decouple the task of the style adapters into scene-speci ghat adapted Y-Net successfully learns the style differences

updates and agent-speci ¢ updates. Given the modularizegetween behaviors of pedestrians and bikers.
setup, the nature of the underlying distribution shifts can

guide which modules within the model need to be updateg;, o wmotion Style Transfer across Scenes on L5
to the target style. Given the style transfer setup, decoupling
style adapters can improve the adaptation performance whilé/e apply MoSA to L5 dataset, where we divide the dataset
signi cantly reducing the number of updated parameters. into two splits based on data collection locations and thereby,
construct a scene-style shift scenario (see Fig. 8). We train a
Vision Transformer Tiny (ViT-Tiny) model on the majority
route and adapt it to a smaller unseen route. To simulate
4.1. Motion Style Transfer across Agents on SDD low-resource settings, we provide the frames, sampled at
o ] ~different rates, that cover the unseen route only once. Fig. 4
We perform short-term prediction, in which the future trajec-qyantitatively evaluates the performance of various adapta-
tory is predicted for the next 4.8 seconds, given 3.2 secondggp, strategies. MoSA performs superior in comparison to

of observation. We use the publicly available Y-Net modeljifrerent baselines while adding and updating 0B of
trained on pedestrian data acradisscenes and adaptitto e full model parameters.

cyclists indeathCircleO as there exists a clear distinction o . .
between the motion style of pedestrians and cyclists (seE0r modularization strategy experiments and implemen-
Fig. 7). Adaptation useN rger = f 10; 20; 30g samples. tation details: Please refer to appendices.

4. Experiments
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Appendices B.1. Stanford Drone Dataset (SDD)

The appendices are organized as follows: First, we describ8DD comprises 20 top-down scenes on the Stanford campus
additional related works. Next, we describe the dataset®yith various agent types (i.e., pedestrians, bicyclists, car,
pretrained models, the adaptation baselines, and metricgkateboarders, buses, golf carts). We perform short-term
used in our work. Next, we describe the additional experprediction where we give 3.2 seconds trajectories and output
iments to demonstrate the effectiveness of our proposethe future 4.8 seconds. Following the same pre-processing
methods. Finally, we describe the implementation detailgrocedure in Mangalam et al. (2021), we Iter out short

of all experiments involved. Our codes are available atrajectories below 8 seconds in duration, split temporally

https://github.com/vita-epfl/motion-style-transfer . discontinued trajectories, and then use a sliding window
approach without overlap to split the cleaned trajectories.
A. Additional Related Work After those steps, the dataset contains 14860 pedestrian

trajectories and 5152 bicyclist trajectories. The semantic
Motion forecasting. Classical models described the inter-segmentation has 6 classes, namely pavement, terrain, struc-
actions between various agents based on domain knowleddere, tree, road, and others (Caesar et al., 2018).
but often failed to model complex social interactions in
crowds (Helbing & Molrar, 1995; Coscia et al., 2018; An- B.2. Intersection Drone Dataset (inD)

tonini & Bierlaire, 2006). Following the success of Social The inD D ises four disti di :
LSTM (Alahi et al., 2016), various data-driven forecasting ' ¢ " ataset comprises four distinct road intersections,

models have been proposed to capture social interactio&amelyscene;l.sceneZscene3apdscen.eé,lvv_ith various
directly from observed data (Kothari et al., 2021; Vemula29ent types, i.e., cars, pedestrians, bicyclists, trucks qnd
etal., 2018; Gupta et al., 2018; Salzmann et al., 2020). OnBUSes: We perform both short-term and long-term predic-

common shortcoming of current methods is their reliancd'©NS: The short-term prediction outputs 4.8 seconds trajec-

on a large and diverse set of training data, which may nc)Eories given 3.2 seconds observation, while the long-term

be readily available for novel agents and locations. In thisorediction generates 30 seconds future trajectories given 5

work, we adapt a pretrained forecasting model to unseeﬁeconds of observed ones. We use similar pre-processing

target domains (novel agent types and scenes) as ef cientl teps as for SDD. Add|t|onally, we convert the datg from
as possible. he real-world coordinates to pixel coordinates using the

provided scaling factors (Bock et al., 2020). After the pre-
Style transfer. The popular work of Robicquet et al. (2016) processing steps, inD contains 1396 long-term pedestrian
de ned navigation styleas the way different agents interact trajectories, 1508 short-term car trajectories, and 157 short-
with their surroundings. It introduced social sensitivity asterm trucks trajectories.
two handcrafted descriptions of agent style and provided
them as input to the social force model (Helbing & Main g 3. Lyft Level 5 Dataset (L5)
1995). In this work, we model style as a latent variable that
is learned in a data-driven manner. (Wang et al., 20226}.)yft Level 5 Prediction is a self-driving dataset, containing
performed online adaptation across different scenarios fopver 1,000 hours of real-world vehicle data, where each
vehicle prediction domains. Closely related to ours, LiuScene lasts 25 seconds. We perform long-term motion fore-
et al. (2022b) decoupled domain-invariant laws and domaircasting where the ego vehicle moves in a closed loop for the
speci ¢ style inside their causal forecasting framework.entirety of the scene for 25 seconds, while the surrounding
However, their method imposes the strong constraint ofgents follow log-replay (Houston et al., 2020). In the real-
requiring access to multiple environments of varying Sty|eworld, ego vehicles can come across novel scene contexts,
during training. Furthermore, we decouple motion stylefor example, road constructions.

into scene-style components and agent-style components {g summary, SDD and inD with different heterogeneous

favour ef cient adaptation. agents provide the ideal setup to validate motion style trans-
fer techniques. L5 dataset provides long sequences of ego
B. Datasets vehicle to study the effects of style transfer on long-term

self-driving settings.
We use a total of three datasets to study the performance
of motion style adapters: Stanford Drone Dataset (SDD

(Robicquet et al., 2016), the Intersection Drone Dataset”" Pre-trained Model Details

(InD) (Bock etal., 2020), and Level 5 Dataset (L5) (Houstonyye ytilize the state-of-the-art model Y-Net (Mangalam et al.,
et a!., 2020). We consider both short-term and Iong-terer021) for experiments on SDD and inD. We further pro-
motion forecasting setups. pose an alternate design of Y-Net termed Y-Net-Mod to
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(a) Parallel residual adapters (b) Modular Style Adapters
(Rebuf et al., 2018). (ours).

Figure 5.Y-Net-Mod encoder architecture. Figure 6.lllustration of different adapter designs applied to the
Y-Net encoder layers.

Table 2.Generalization performance of Y-Net and Y-Net-Mod on

two modularization setups. Errors reported are Top-20 ADE/FD . .
in pixels. Y-Net-Mod per?orms at parF\)Nith the origiEaI Y-Net. EBenchmgrklng Y-Net and Y-Net-Mod: To lllustrate that ,
our modi cation to Y-Net does not result in severe drop in

Experiment | Y-Net | Y-Net-Mod performance, we benchmark the performance of Y-Net and
Scene transfer on inD 6.44/10.72 | 6.60/11.17 Y-Net-Mod on inD for the modularization setups presented
Agent motion transfer on inl:L 24.48/33.54‘ 24.56 /29.07 in main draft: 1) scene transfer of pedestrians, 2) agent

motion transfer from cars to trucks. Table. 2 illustrates

that modularization of the Y-Net encoder does not lead to a

signi cant drop in the performance.

demonstrate the ef cacy of our modular adaptation strategy. o
Finally, we utilize the ViT-Tiny (Dosovitskiy et al., 2021) C.3. Vision Transformer

architecture for experiments on LS. We utilize the of cial ViT-Tiny architecture (Dosovitskiy
et al., 2021) for the Level 5 dataset. We only modify the
C.1. Y-Net last layer to output the forecasting predictions in the form

Y-net (Mangalam et al., 2021) comprises three sub-network&f X;y coordinates foffpreq time-steps.

the scene heatmap encoder, the waypoint heatmap decoder,

and the trajectory heatmap decoder. Speci cally, the enD. Adaptation Techniques
coder is designed as a U-net encoder which consists of one ] ) )
center convolutional layer, four intermediate blocks where'/e compare the following methods during adaptation for
each uses max pooling and two convolutional layers, an{1® €xperiments reported in the paper:

one nal max pooling layer. It takes as input the concatenafy|l Model Finetuning (FT) (Howard & Ruder, 2018): We
tion of the scene semantic map and past trajectory heatmagpdate the weights of the entire model . The learning rate

(LR) is 5e-5, unless mentioned otherwise.

Partial Model Finetuning (ET) (Liu et al., 2022b): We
We construct Y-Net-Mod on top of the original Y-Net archi- update the weights of the Y-Net encoder for SDD and inD ,
tecture. The modi cation treats the scene context and agerdnd the last two layers of ViT for Level 5. The LR5g-4,
motion independenthbefore fusing their representations unless mentioned otherwise.
toggther. As shown in Fig. 5, the rst three layers of the Parallel Adapters (PA) (Rebuf et al., 2018): We insert a
original encoder are decoupled into scene context and past . k . .
convolutional layer with lIter size of 3 in parallel to each

agent motion modules in order to learn their representa‘uon%ncoder layer and update the weights of these layers. The

independently. Subsequently, the representations are fUSt]ejj2 is 5e.5. unless mentioned otherwise. See Fid. 6a
together using the fusion encoder, that is similar in design ' ' 9 ba.

to the last two layers of Y-Net. The original number of Adaptive Layer Normalization (BN) (Li et al., 2017;
channels in each encoder layer of Y-Net are evenly dividedle Vries et al., 2017): We update the weights and biases of
between each module in Y-Net-Mod encoder so that thehe layer normalization, wherever present. The LResl,
latter is compatible with the Y-Net decoders. unless mentioned otherwise.

C.2. Y-Net-Mod
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Motion Style Adapters (MoSA) [Ours]: We insert our mo- ) .
tion style adapters in parallel to each encoder layer in SDd’able 3.Evaluation of adaptation methods for scene style transfer
on InD using few sampleNwarger = f 10; 20; 30g. Error reported

and inD, and in parallel to query and value matrices of mu'“"ls Top-20 FDE in pixels. The generalization error on inD is 33

headed attention in L5. During modularized adaptation, Weiye|s. Our proposed MoSA outperforms competitive baselines

add our modules across the speci ed encoders only rathefnd improve upon the generalization errorby25%. Mean and
than the entire encoder. The LR3s-3 and the rank is 1,  standard deviation were calculated over 5 runs.

unless mentioned otherwise. See Fig. 6b.

Ntarget ‘ 10 20 30
D.1. Initialization of Motion Style Adapters T 2702 199 2515 1.08 23.18 0.64

. S i ET (Liuetal, 2022b) | 28.06 0.68 23.19 1.39 21.13 1.00
MatricesA andB are initialized such that the original net- PA (Rebuf etal, 2018)| 2871 1.50 2610 0.74 2500 1.08

work is not affected when training starts. Speci cally, we posa (ours) 2518 0.72 21.70 0.84 20.35 1.18
use a random Gaussian initialization ferand zero foB .
This initialization scheme allows these modules to be ig-
nored at certain layers if there is no need for a change in
activation distribution.

D.2. Metrics

We use the established Average Displacement Error (ADE)
and Final Displacement Error (FDE) metrics for measuring
the performance of model predictions. ADE is calculated
as thd, error between the predicted future and the ground
truth averaged over the entire trajectory while FDE is the
I, error between the predicted future and ground truth for
the nal predicted point (Alahi et al., 2016). For multiple
predictions, the nal error is reported as then error over

all predictions (Gupta et al., 2018). Additionally, we de-
ne the generalization error as the error of the pretrained
model on the target domain. The more the dissimilarity
between the source domain and target domain, the higher
the generalization error.

Figure 7.Distribution of trajectories of pedestrians (blue) and bik-

E. Additional Experiments for Motion Style ers (red) ordeathCircle
Adapters

Besides the two motion style transfer experiments presentescene style transfer across all methods. Once again, using
in the paper, we have an additional experiment on inD tdust 30 samples, MoSA improves the generalization error
demonstrate the ef cacy of our motion style adapters. by 40%and outperforms its counterparts.

E.1. Motion Style Transfer across Scenes on inD E.2. Additional visualization for SDD and L5

In this setup, we perform long-term prediction, in which Fig. 7 presents the trajectory distribution of pedestrians and
future trajectory in the next 30 seconds is predicted, given Tyclists on SDD, where we can see clear distinction. Fig. 8

seconds of observation. We use the publicly available Y-Neshows the way we split L5 dataset to construct a scene-
model and follow the experimental protocol of (Mangalam transfer scenario.

et al., 2021) in which the model is trained on pedestrians in

f scene?; scene3; scenelg and tested on pedestrians from F. Additional Experiments for Modular

the unseen scerseenel. Nirger = f10; 20, 30g samples Structure

are used during adaptation.

Despite the long-term prediction setup, the generalizatioh\oW. we empirically demonstrate the effectiveness of ap-
error, in this case, is 33 pixels that are lower compared to th®!ying our motion style adapters on top of a modularized
previous SDD setup, as the target domain is more similafrchitecture on three setups: motion style transfer across

to the source domain. Tab. 3 quanti es the performance of9ENts and across scenes on inD and motion style transfer
across agent motion on SDD.






