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Abstract

Motion planning is a crucial component of autonomous
robot driving. While various trajectory datasets exist, ef-
fectively utilizing them for a target domain remains chal-
lenging due to differences in agent interactions and envi-
ronmental characteristics. Conventional approaches, such
as domain adaptation or ensemble learning, leverage mul-
tiple source datasets but suffer from domain imbalance,
catastrophic forgetting, and high computational costs. To
address these challenges, we propose Interaction-Merged
Motion Planning (IMMP), a novel approach that leverages
parameter checkpoints trained on different domains during
adaptation to the target domain. IMMP follows a two-step
process: pre-merging to capture agent behaviors and inter-
actions, sufficiently extracting diverse information from the
source domain, followed by merging to construct an adapt-
able model that efficiently transfers diverse interactions to
the target domain. Our method is evaluated on various
planning benchmarks and models, demonstrating superior
performance compared to conventional approaches.

1. Introduction

Motion planning [7, 53, 80, 81] is the final step in au-
tonomous robot driving, focused on generating safe and ef-
ficient trajectory based on perception and prediction. With
the availability of various trajectory datasets [4, 6, 23, 36,
42, 50, 52, 73], data-driven approaches have become more
popular due to their ability to adapt to diverse driving sce-
narios [19–21, 24, 32, 61, 74].

However, existing trajectory datasets exhibit distinct
characteristics, including differences in scene composition,
agent interaction tendencies, and the difficulties in data ac-
quisition. Indoor datasets are constrained in movement due
to static structures, where robots generally move at slower
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Figure 1. Comparison of different approaches for leveraging the
source domains for target domain adaptation. (a) Domain general-
ization or adaptation directly utilizes relationships within datasets.
(b) Ensemble learning combines predictions from multiple plan-
ning models, each trained on different datasets. (c) The proposed
IMMP collects parameter checkpoints Θ and merges task vectors
τ , which capture differences between trained and initial parame-
ters, to improve adaptation to the target domain.

speeds. In contrast, outdoor datasets encompass uncon-
strained environments and results in a more dynamic ma-
neuver. To account for these diverse environments, Human-
Human Interaction (HHI) datasets and Human-Robot In-
teraction (HRI) datasets are collectively utilized to train a
planner model. However, using HHI datasets for planning
assumes human locomotion as ego-agent motion, therefore
incorporating interaction dynamics that differ from HRI
datasets where real robot-human interactions shape agent
behaviors. These inherent differences across datasets col-
lectively lead to variations in the nature of agents’ maneu-
vers and their interactions. Holistically accounting for such
disparities is crucial towards enhancing the overall adapt-
ability in diverse real-world scenarios.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

28610

https://github.com/wooseong97/IMMP
https://github.com/wooseong97/IMMP


One straightforward approach is to incorporate multiple
source datasets into the training set (Fig. 1 (a)). Training
on multiple datasets acquired from disparate environments
can leverage richer patterns compared to training on a sin-
gle dataset [16, 86]. However, naively increasing the num-
ber of source datasets fails to incorporate the inherent dif-
ferences between datasets due to two aspects. First, the
most effective source datasets for improving performance
on a given target domain are unknown before actually train-
ing and fine-tuning a model. Differences in dataset proper-
ties—such as agent behaviors, interaction patterns, and en-
vironment characteristics-can lead to conflicts, making di-
rect dataset composition non-trivial. These disparities in
dataset can cause what we refer to as the domain imbal-
ance problem, where certain datasets disproportionately af-
fect the learning process, dominating model updates and af-
fecting different modules or parameters within the planning
model. Second, domain imbalance can lead to knowledge
interference, similar to catastrophic forgetting in continual
learning [34, 55, 57, 58], where newly introduced domains
may override previously learned information.

Another approach is to integrate multiple planner mod-
els (Fig. 1 (b)). Despite the improvement in generalization
on different domains, ensemble approaches require multiple
planner models during inference and therefore increases the
computational requirement. These challenges suggest that
simply aggregating diverse motion datasets or using mul-
tiple models are both complex and inefficient approaches
towards enhancing motion planning adaptability.

In response, we leverage model merging [11, 45, 68,
69, 72] to integrate knowledge from multiple sources to
improve generalization while retaining computational cost.
Specifically, model parameters from different checkpoints,
each fine-tuned on a specific dataset, are merged. Each
model’s parameters encode dataset-specific motion patterns
and interaction dynamics, and model merging effectively
combines this multi-dataset knowledge to adapt to a new
target dataset. However, existing merging methods strug-
gle in motion planning due to two key limitations. First,
they fail to construct a sufficient parameter checkpoint pool,
as they do not account for diverse evaluation metrics and
multi-objective loss functions. Second, they overlook the
hierarchical nature of motion planning features, potentially
disrupting feature structures or discarding critical informa-
tion. To address these limitations, we propose a motion-
planning-targeted merging method that effectively incor-
porates the unique characteristics of motion datasets.

Our key insight is that transferring agent behaviors and
interactions is crucial for motion planning adaptability.
Therefore, our method prioritizes preserving and transfer-
ring these interactions during the merging process as shown
in Fig. 1 (c). Specifically, our approach consists of two
main steps. First, during the pre-merging phase, we sep-

arately train motion planning models on diverse datasets.
From these models, we construct a pool of metric-specific
optimal parameter checkpoints, each maintaining domain-
specific interaction patterns. Second, in the merging phase,
the checkpoints are merged into a newly initialized model
by trainable weights. We partition the planning model pa-
rameters into key modules that each encapsulate different
components of human-robot interaction: human encoder,
robot encoder, interaction encoder, and decoder. In doing
so, we divide-and-generalize the heterogeneous nature of
human locomotion and interaction. As a result, our pro-
posed Interaction-Merged Motion Planning (IMMP) can
mitigate the issues of domain imbalance and catastrophic
forgetting with lower costs.

Our main contributions are as follows:
• We propose IMMP, a novel method that merges parame-

ter checkpoints from different domains to enhance adap-
tation, efficiency, and practicality.

• A two-step process extracts diverse motion features and
transfers them by identifying key planning parameters,
ensuring seamless integration of source domain informa-
tion into the target domain.

• Evaluations on various benchmarks show IMMP’s supe-
rior adaptability over ensemble learning, domain adap-
tation, domain generalization, and other merging-based
approaches, while integrating into existing frameworks.

2. Related Works

2.1. Motion Planning
Motion planning methods mainly utilize grid-based and
sampling-based methods. In grid-based methods, the scene
is represented as a grid, and planning is performed using
search algorithms such as Dijkstra’s or A* algorithm [1,
5, 54, 60, 77]. Sampling-based methods generate random
samples and connect them into tree or graph structures to
find the optimal plan [3, 30, 31, 35, 62]. Recently, deep
learning-based approaches have become increasingly pop-
ular due to their adaptability to diverse scenarios. Earlier
deep learning-based planning studies adopted a sequential
structure, where perception, prediction, and planning were
studied independently [9, 13, 47, 64, 70, 74, 83, 84]. Recent
trends move towards jointly training forecasters [19–21, 32]
or even integrating all components of the autonomous driv-
ing model into the learning process [8, 18, 27, 28, 46, 65,
67, 82, 85]. However, such data-driven approaches are in-
herently vulnerable to dataset biases.

2.2. Leveraging Diverse Motion Datasets
Motion datasets differ in data collection methods, environ-
mental characteristics, dataset size, and diversity. As a re-
sult, imitation learning-based models trained for a specific
domain often experience performance degradation when de-
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ployed in different domains [16, 17, 48, 49]. To improve
robustness in target domains, recent studies have inves-
tigated domain generalization at both the dataset and ar-
chitecture levels. UniTraj [16] adopts a dataset-level ap-
proach by integrating multiple trajectory datasets into a
unified dataset, demonstrating that incorporating diverse
data enhances generalization. Ye et al. [78] enhance do-
main generalization by partitioning a single dataset based
on vehicle motion characteristics and representing motion
in a reference path-based frame. Wang et al. [66] intro-
duce a module that refines domain-specific velocity and
environmental characteristics, while Dong et al. [14] pro-
pose a Stepwise Attention Layer for domain alignment at
each timestep. Model architecture-level approaches, such
as those in [14, 51, 63, 66, 71, 78], are tailored to spe-
cific domains or models, limiting their applicability to gen-
eral models. In contrast, IMMP operates independently of
model architecture, making it adaptable across various plan-
ning models.

2.3. Model Merging
Model merging [76] integrates parameters from indepen-
dently trained models to construct a unified model with-
out requiring access to the original training data. This ap-
proach can sometimes replace conventional ensemble learn-
ing [2, 37] or multi-task learning [25, 33, 40, 44, 56, 79]
by leveraging only checkpointed parameters. Model merg-
ing techniques can be broadly categorized into Pre-Merging
and During Merging. Pre-Merging methods [29, 41, 45, 59]
fine-tune networks before merging to better align their pa-
rameters. Fine-tuning within the tangent space further im-
proves weight disentanglement [45], enhancing task arith-
metic. During Merging methods [11, 22, 68, 69] focus on
how parameters are combined. Task arithmetic [22], which
adjusts model accuracy by adding or removing task vec-
tors representing parameter differences, plays a crucial role
in this process. Ties-Merging [72] addresses conflicts be-
tween models through its trim, elect-sign, and merge pro-
cess. Despite these advancements, model merging remains
largely unexplored in motion planning. Additionally, naive
adoption of existing merging approaches has yielded poor
results, motivating our proposed merging procedure specif-
ically designed for motion planning.

3. Method
3.1. Problem Definition and Motivation
We define samples from the input space X as X ∈
X and from the output space Y as Y ∈ Y. In the
motion planning task, the input space is represented as
X = {X−Tobs:0

ego ,X−Tobs:0
surr , Ŷ1:Tfut

surr }, where X−Tobs:0
ego and

X−Tobs:0
surr are the past trajectory of the ego and surrounding

agents, and Ŷ1:Tfut
surr represents the future predicted trajecto-

ries of the surrounding agents. We use ˆ to denote predic-
tion. The output space is Y = {Y1:Tfut

ego }, which represents
the future plan of the ego agent. Tobs and Tfut respectively
represent the observed timesteps of past trajectories and fu-
ture timesteps of final plan.

The source domains are represented as S =
{D1

s , . . . , D
n
s }, where n is the number of source do-

mains. The target domains, which we aim to adapt to,
are denoted as T = {D1

t , . . . , D
m
t }, where m is the

number of target domains. Each dataset is expressed as
Di

s = {(Xs,i
j , Y s,i

j )}lij=1 for the source domain and Di
t =

{(Xt,i
j , Y t,i

j )}lij=1 for the target domain, where i refers to
the i-th dataset, and li is the number of samples within it.
The objective of this work is to leverage S to enhance the
performance of the planning model on T .

Due to the varying characteristics of existing motion
planning datasets, domain gaps between source and tar-
get domains are more pronounced. Conventional meth-
ods such as domain adaptation [16] and domain generaliza-
tion [17] directly utilize source domain samples, incorporat-
ing diverse datasets during adaptation. However, these ap-
proaches face limitations, as dataset sizes vary significantly,
making it difficult to balance their influence during training.
Furthermore, this imbalance can also lead to catastrophic
forgetting, where knowledge from certain domains domi-
nates, causing the model to forget information from other
domains. Even with sufficient computational resources, se-
lecting beneficial samples from the source domain S for
adaptation to the target domain T remains a challenging
task. This requires assessing the impact of each sample
or domain on performance, which adds complexity to the
learning process.

Instead, we propose new adaptation methods that divide
the adaptation process into two stages, considering the na-
ture of motion planning: collecting parameter checkpoints
(Sec. 3.3) and merging them to transfer information across
domains (Sec. 3.4). The overall IMMP framework is intro-
duced in Fig. 2.

3.2. Model Merging and Task Vector
Model merging [76] is used to integrate the parameters
of multiple network backbones, each trained on different
tasks, and serves as an alternative to traditional multi-task
learning [25, 26, 38, 39, 79] by avoiding joint training.
This technique is primarily explored in language-image
tasks [45, 59, 75] and image classification [22, 72]. No-
tably, Task Arithmetic [22] is a pivotal work in this domain,
introducing the concept of the Task Vector, which enables
simple parameter editing by adding or negating targeted in-
formation. The task vector is defined as follows:

Definition 1 (Task Vector [22]) The task vector τi for task
i is τi = Θi −Θ0, where Θ0 and Θi are the parameters of
the pre-trained and fine-tuned models, respectively.
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Figure 2. Overview of the proposed IMMP framework. In interaction-conserving pre-merging, parameter checkpoints are selected to
preserve the distinct characteristics of different motion planning datasets. In interaction transfer with merging, task vectors are extracted
for different modules in the planning model using the collected checkpoint pool P . These task vectors are then merged by learning their
linear weights w to enhance adaptation to the target domain.

The model parameters Θ can then be expressed as a combi-
nation of the initial parameters Θ0 and the task vector set,
formulated as follows:

Θ = Θ0 + λ

|P|∑
i=1

wi · τi (1)

where wi represents the weight of the task vector τi, λ is
a scaling factor, and |P| is the number of parameter check-
points in the pool. The objective of merging is to deter-
mine the optimal parameter Θ for the target domain set
T = {D1

t , . . . , D
m
t }, formulated as:

Θ∗ = argmin
Θ

m∑
i=1

li∑
j=1

L(Θ, Xt,i
j , Y t,i

j ) (2)

Here, m denotes the number of target domains, and li rep-
resents the number of data samples in the i-th target dataset.
Since Θ0 and τi in Eq. (1) are fixed values, merging meth-
ods directly optimize λ and the weight set {wi}|P|

i=1 using
train loss. Initial model parameters Θ0 can be a model pa-
rameter from scratch or one of any fine-tuned models pa-
rameters {Θi}|P|

i=1. Since the task vector is extracted and lin-
early weighted during merging, the choice of initial param-
eters does not drastically affect the results. Various merging
paradigms have been proposed [22, 43, 72, 75]. However,
their direct adaptation to motion planning is either infeasi-
ble or insufficient. We will further elaborate on this in the
following section, explaining how we address these chal-
lenges in motion planning.

3.3. Interaction-Conserving Pre-Merging
There are two major challenges in obtaining usable model
checkpoints before the merging process in motion planning.

First, the motion planning task utilizes multiple metrics,
making it challenging to extract the optimal checkpoint. In
classification tasks where merging has traditionally been ap-
plied, checkpoint selection is based on a single metric such
as classification accuracy, simplifying the process. How-
ever, the evaluation of planning tasks is based on multiple
criteria, including effectiveness (ADE), goal success (FDE,
Miss Rate), and safety (Collision Rate; CR) where details
on the metrics are discussed in Sec. 4.1. Since motion plan-
ning requires evaluation across multiple criteria, most ex-
isting planning models [20, 21, 32] employ multiple loss
functions, such as trajectory deviation from the ground truth
and collision avoidance penalties. For simplicity, we denote
the sum of all relevant losses as Ltotal. As Ltotal consists
of multiple loss terms, individual metrics exhibit trade-offs
and fluctuations during training. This complicates the se-
lection of an optimal checkpoint for merging.

Second, prior merging methods rely on pretrained mod-
els with large-scale datasets, such as ViT [15] pretrained
on ImageNet [12]. However, this setup differs significantly
from motion planning, where models are typically smaller,
and no large-scale dataset equivalent to ImageNet exists. As
a result, previous works in the vision domain were sufficient
to extract only a single checkpoint per domain for merg-
ing networks. In contrast, motion planning suffers from
data scarcity, necessitating additional methods to expand
the checkpoint pool for effective merging.

To address these challenges, we introduce an effective
interaction-conserving pre-merging approach, as outlined
in Algorithm 1. Starting from the parameters Θ0 initial-
ized with Θ0, we iteratively update the model parameters
using Θk = Θk−1 − η∇ΘLtotal over a total of K itera-
tions with a learning rate η. The superscript of Θ denotes
the iteration, while the subscript refers to the checkpoint
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Algorithm 1: Interaction-Merged Motion Planning

Data: Source domains S = {D1
s , . . . , D

n
s },

total iterations K, learning rate η,
checkpoint interval C, checkpoint pool P ,
initial model parameters Θ0

1 Initialization: P ← {}
// Interaction-Conserving Pre-Merging

2 for Di
s in S do

3 for k = 1 to K do
4 Update parameters:

Θk ← Θk−1 − η∇ΘLtotal

5 if k ≡ 0 (mod C) then
6 P ← P ∪ {Θk}
7 for m ∈ {ADE,FDE,CR,MR} do
8 if mk is better than mbest then
9 Θbest,m ← Θk

10 mbest ← mk

11 for m ∈ {ADE,FDE,CR,MR} do
12 P ← P ∪ {Θbest,m}
// Interaction Transfer with Merging

13 Let P = {Θ1, . . . ,Θ|P|}
14 for θ ∈ {θego, θsurr, θinter, θelse} do
15 for i = 1 to |P| do
16 Compute task vector: τi = θi − θ0
17 Merge parameters: θ∗ = θ0 +

∑|P|
i=1 wi,θ · τi

18 Update all {wi,θ}|P|
i=1 using the train set and Ltotal.

pool number. To overcome the first challenge, which is that
various evaluation metrics fluctuate during optimization, we
extract parameters corresponding to the best performance
for each metric. Since different metrics emphasize distinct
aspects of agent behavior and interactions, the optimal pa-
rameters for different metrics reflect different characteris-
tics. Thus, we collect these best-performing parameters into
checkpoint pool P .

As for the second challenge, we leverage the fact that
the feature space in intermediate checkpoints during opti-
mization tends to be more generalized across domain shifts,
as they are not overly fitted to the source domains. Based
on this, we include these intermediate checkpoints at inter-
vals of C from the optimization trajectory in our checkpoint
pool. This process is applied across all source domains.

3.4. Interaction Transfer with Merging

Our goal is to effectively transfer appropriate planning-
related information from the source to the target domains.
To this end, our idea starts with the observation that each
source dataset contains unique ego and surrounding agents

past trajectories and interaction information. Therefore, we
separate and respectively merge the modules for each dis-
tinct features, enabling a better adaptation on the unique
characteristics of the target domain. This approach differs
from traditional merging techniques, such as model-level
merging and parameter-wise merging. As shown in Tab. 2,
extracting key features individually within the source do-
main is more efficient than traditional merging methods.
This demonstrates that, for domain-robust motion planning,
it is crucial to properly extract key modules during the
merging process. To ensure the general applicability of the
IMMP methodology to various planning models, we cate-
gorize the modules that are essential in planning networks.

Conventional planning models employ hierarchical
structures to encode agent behavior and their interactions.
For instance, the trajectory information of the ego agent and
surrounding agents is embedded using the modules ϕego
and ϕsurr, typically implemented with LSTMs.

hego = ϕego(X−Tobs:0
ego ; θego) (3)

hsurr = ϕsurr(X−Tobs:0
surr , Ŷ1:Tfut

surr ; θsurr) (4)

where θego and θsurr are the parameters of each module. In-
teraction information is embedded based on hego and hsurr
using the ψinter module, which is typically implemented
with a Transformer.

hinter = ψinter(hsurr, hego; θinter) (5)

where θinter is the parameters of ψinter. Finally, the plan-
ning Ŷ1:Tfut

ego is generated based on the decoder using hinter.
The detailed model structure of the planning models used in
the experiments is in suppl B.

Based on the key modules of the planning model that
learn features with significant differences between the
source domains, we group the parameters θego, θsurr, and
θinter while classifying the remaining decoder and other
layers as θelse. Thus, the complete set of model param-
eters is defined as Θ = {θego, θsurr, θinter, θelse}. We
perform merging separately for each parameter group, as-
signing distinct merging weights {wi,θ}|P|

i=1 to each θ in
{θego, θsurr, θinter, θelse}. This enables interaction-level
information merging for effective adaptation in planning
models while preserving the feature hierarchy. The overall
procedure is outlined in the interaction transfer with merg-
ing step in Algorithm 1.

Relying solely on model parameters during adaptation
provides two key advantages. First, it eliminates the need to
access source domains after extracting the necessary param-
eter checkpoints, reducing the adaptation cost for the target
domain with a pre-constructed checkpoint pool. Second,
it effectively mitigates domain imbalance and catastrophic
forgetting, which arise from imbalanced dataset composi-
tions that affect previous approaches.
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4. Experiments

4.1. Experimental Setup
Datasets & Backbone. In our experiments, we utilize three
categories of datasets: ETH-UCY [36, 50] (Human-Human
Interaction dataset), CrowdNav [6] (RL algorithm-based
Robot dataset), THOR [52] and SIT [4] (Human-Robot In-
teraction dataset). For ETH-UCY, we leverage the unique
characteristics of each sub-dataset while maintaining the
overall dataset size by alternately selecting 4 out of 5 scenes
to compose source datasets. The excluded scene is denoted
as “w/o” in our notation. To extract the key characteristics
of each dataset appropriately, we apply a preprocessing step
to standardize all data into a uniform format. Specifically,
we extract ego-centric x, y coordinates from all datasets and
sample the data at 2.5 FPS. Additionally, the observed past
trajectories consist of 8 timesteps, while the predicted tra-
jectories of surrounding agents and the planned trajectory of
the ego agent are set to 12 timesteps. In our experiments, we
vary the target domain across different datasets, using SIT
and THOR as target domains. Considering practical appli-
cability, THOR and SIT are selected as target datasets, as
they are relatively small so require more information trans-
fer from other datasets. The datasets not included in the tar-
get domain are treated as the source domain. We evaluate
the performance of our methodology against three planning
baseline models: GameTheoretic [32], DIPP [20], and
DTPP [21]. Detailed descriptions of each data collection
process and the backbone planning models are provided in
suppl A and B.
Metrics. The primary evaluation criteria for autonomous
robot driving include Effectiveness, Safety, and Goal Suc-
cess. Average Displacement Error (ADE) is used as the
metric for Effectiveness, Collision Rate (CR) for Safety,
and Miss Rate (MR) along with Final Displacement Error
(FDE) for Goal Success. Additionally, the final inference
cost, such as FLOPs or the number of model parameters, is
measured as Cost. Since all methods use the same network
architecture, Cost is reported as a relative multiplier with re-
spect to the baseline model. More details on the evaluation
metrics are provided in suppl C.
Baselines. Our approach is not model-specific and can
be applied orthogonally with other methods, so we use
non-model-specific methods as baselines and compare them
with our IMMP. (1) Target Only trains a model exclusively
on the target dataset. (2) Domain Generalization [17] pre-
trains the model on all datasets except the target dataset.
(3) Domain Adaptation [16] pretrains the model on all
datasets except the target dataset and then finetunes it on the
target dataset. (4) Ensemble [2, 37] uses multiple models,
each on a different source dataset, and combines their tra-
jectories for the final planning. Specifically, we incorporate
two ensemble strategies for comparison: winner-takes-all

(WTA) and averaging (AVG). Additionally, we incorporate
model merging approaches such as (5) Averaging [10, 68],
which computes the parameter-wise mean of all individual
models, defined as θmerge =

∑n
i=1 θi/n. (6) Task Arith-

metic [22] sums all task vectors and scales them to produce
a merged model, formulated as θmerge = θ0 + λ ·

∑n
i=1 τi.

(7) Ties Merging [72] performs the merge in three steps:
trimming task vectors with minimal change during training,
resolving sign conflicts, and merging only parameters that
align with the final signed agreed on.

4.2. Experimental Results
Merging Interaction for Better Initialization. IMMP not
only improves generalization for target domains but also
provides better initialization for fine-tuning to target do-
mains. Table 1 presents IMMP’s performance after directly
merging parameter checkpoints, while IMMP+Finetune
shows the results of fine-tuning the merged model parame-
ters used as initialization. Notably, IMMP+Finetune outper-
forms both Domain-Specific and Domain Adaptation sce-
narios. This result supports that IMMP offers a strong ini-
tialization point for fine-tuning.
Domain Gap and Generalization. Table 1 presents a com-
parison of IMMP with baseline methods. Domain gen-
eralization for motion planning, which incorporates mul-
tiple source datasets [16], shows significantly lower per-
formance. Interestingly, training solely on the target do-
main outperforms domain generalization [17], highlighting
the substantial domain disparity between source and target
datasets. Additionally, domain adaptation does not always
achieve better performance than the target-only approach,
further supporting this observation. Ensemble-WTA signif-
icantly outperforms Ensemble-AVG, suggesting that only
certain source domains effectively contribute to target do-
main performance. These results indicate potential limi-
tations in previous methods, such as domain imbalance or
catastrophic forgetting. In contrast, IMMP leverages pa-
rameters trained across different domains, reducing suscep-
tibility to these issues.
Comparison to Merging Approaches. Table 1 shows that
the naive adoption of existing model merging techniques
leads to poor performance in motion planning. Previous
methods fail to consider the feature hierarchy specific to
motion planning, where features can be encoded at the agent
behavior and interaction levels. As a result, motion plan-
ning models exhibit significant disparities after training,
making them difficult to merge using conventional meth-
ods. Specifically, Averaging and Task Arithmetic can dis-
rupt the hierarchy of features, while Ties Merging tends to
discard too much critical information during the trimming
process when resolving conflicts. In contrast, IMMP ef-
ficiently transfers information from source datasets to the
target domain, achieving superior performance.
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Table 1. Qualitative comparison of the proposed IMMP with baseline methods. Each baseline is implemented across various planning
models. The methods are categorized into conventional approaches for generalization in motion planning, adaptations of other model
merging methods in our setting, and the proposed IMMP.

Target Dataset SIT [4] THOR [52]
Effectiveness Safety Goal Success Effectiveness Safety Goal Success Cost

Model Method
ADE ↓ Col. Rate ↓ FDE ↓ Miss Rate ↓ ADE ↓ Col. Rate ↓ FDE ↓ Miss Rate ↓

GameTheoretic [32]

Domain Generalization [17] 0.8338 9.87E-04 1.8594 0.9355 0.3804 1.21E-03 0.8705 0.6957 ×1
Domain Adaptation [16] 0.4388 1.26E-03 1.0611 0.7201 0.1133 2.90E-04 0.2516 0.1268 ×1
Target Only 0.4343 3.41E-04 0.9014 0.6272 0.1003 2.64E-04 0.2153 0.0929 ×1
Ensemble-WTA [2] 0.3695 5.75E-05 0.8283 0.6185 0.2112 4.03E-04 0.4082 0.2996 ×7
Ensemble-AVG [2] 0.5415 1.89E-04 1.1617 0.8159 0.3142 4.86E-04 0.6181 0.6027 ×7
Averaging [10, 68] 0.6726 2.34E-04 1.4340 0.9611 0.2742 5.17E-04 0.5624 0.5711 ×1
Task Arithmetic [22] 0.4132 1.37E-04 0.8936 0.7364 0.2679 3.87E-04 0.5651 0.4812 ×1
Ties Merging [72] 1.1876 5.53E-04 2.2440 0.9872 0.5253 2.49E-03 0.8212 0.6201 ×1
IMMP 0.3380 5.12E-05 0.7626 0.6446 0.1165 3.48E-04 0.2562 0.1330 ×1
IMMP + Finetune 0.3157 4.28E-05 0.7300 0.5934 0.0975 2.56E-04 0.2108 0.0912 ×1

DTPP [21]

Domain Generalization [17] 1.0116 1.18E-03 2.1255 0.9350 0.3446 1.42E-03 0.6873 0.5948 ×1
Domain Adaptation [16] 0.4640 2.45E-04 1.0116 0.7573 0.1460 2.50E-04 0.2291 0.0772 ×1
Target Only 0.4832 5.73E-04 0.9839 0.6852 0.1528 2.57E-04 0.2394 0.0910 ×1
Ensemble-WTA [2] 0.6125 2.01E-04 1.2067 0.8217 0.2241 5.15E-04 0.4591 0.4127 ×7
Ensemble-AVG [2] 0.7460 3.36E-04 1.5439 0.9175 0.2145 3.41E-04 0.4095 0.3302 ×7
Averaging [10, 68] 0.6303 2.79E-04 1.2699 0.8641 0.3075 6.75E-04 0.5807 0.4901 ×1
Task Arithmetic [22] 0.6062 3.73E-04 1.2138 0.8542 0.2885 4.18E-04 0.5057 0.4693 ×1
Ties Merging [72] 1.0741 2.25E-03 2.0873 0.9384 0.5141 2.15E-03 0.6764 0.5514 ×1
IMMP 0.4388 2.58E-04 0.9067 0.6220 0.1958 2.46E-04 0.3210 0.1558 ×1
IMMP + Finetune 0.3793 4.22E-04 0.8336 0.6336 0.1470 2.17E-04 0.2421 0.0905 ×1

DIPP [20]

Domain Generalization [17] 1.3268 1.09E-03 2.7111 0.9756 0.3398 1.27E-03 0.6983 0.6163 ×1
Domain Adaptation [16] 0.4697 3.93E-04 1.0331 0.7886 0.2660 9.68E-04 0.5272 0.4773 ×1
Target Only 0.5671 6.68E-04 0.9801 0.7253 0.1771 2.17E-04 0.2713 0.1156 ×1
Ensemble-WTA [2] 0.7784 4.36E-04 1.5916 0.8275 0.2604 7.00E-04 0.4874 0.4435 ×7
Ensemble-AVG [2] 0.9737 5.79E-04 1.9442 0.9750 0.2562 5.46E-04 0.5134 0.4754 ×7
Averaging [10, 68] 1.4383 1.74E-03 2.7763 0.9820 0.4329 1.47E-03 0.7534 0.6710 ×1
Task Arithmetic [22] 1.2614 1.66E-03 2.4944 0.9564 0.4196 1.39E-03 0.7120 0.6915 ×1
Ties Merging [72] 1.6028 1.85E-03 3.0906 1.0000 0.5141 2.15E-03 0.6764 0.5515 ×1
IMMP 0.5112 1.60E-04 0.9358 0.7944 0.2335 5.87E-04 0.3219 0.1842 ×1
IMMP + Finetune 0.4096 5.27E-04 0.8915 0.6789 0.1204 1.94E-04 0.2236 0.0769 ×1

Table 2. Impact of merging granularity in IMMP for SIT Datasets
with GameTheoretic. The granularity levels include Model-level,
Parameter-level, and Interaction-level.

Effectiveness Safety Goal Success
Granularity

ADE ↓ Col. Rate ↓ FDE ↓ Miss Rate ↓
Model 0.3687 7.15E-05 0.8365 0.8002
Parameter 0.3798 9.16E-05 0.7754 0.7433
Interaction 0.3380 5.12E-05 0.7626 0.6446

Qualitative Results. In Fig. 3, we qualitatively analyze
how task vectors extracted from each dataset are utilized.
Figure. 3 (a) to (g) illustrate the inference results in the tar-
get domain SIT using GameTheoretic models trained on in-
dividual source domains, while Fig. 3 (h) presents the infer-
ence result of the planner after interaction transfer merging
in the target domain. The weights above the inference re-
sults represent the actual merging weights applied by the
proposed IMMP. Notably, there is a meaningful relation-
ship between the merging weights and the performance of
individual domains. As shown in Fig. 3 (a) and (g), source
datasets with poor inference performance in the target do-

main are assigned lower weights, whereas well-performing
domain, such as Fig. 3 (f), is assigned higher weight and uti-
lized more extensively. This demonstrates that our approach
effectively prioritizes source domain datasets that are most
beneficial for the target domain.

4.3. Ablation Study

Merging Granularity. Table 2 evaluates the impact of
merging granularity in SIT datasets using GameTheoretic.
We consider three levels: ‘Model-level,’ where identical
merging weights apply to all parameters; ‘Parameter-level,’
where merging is parameter-wise; and ‘Interaction-level,’
which merges components related to past ego-trajectory,
surrounding agents, and their interactions. Results show
that Interaction-level merging achieves the best perfor-
mance across all metrics. Model-level merging fails to
adapt interactions and agent behaviors from source to target
domains, as full-model transfer lacks flexibility for domain-
specific interactions. Parameter-level merging allows finer
adaptation but disrupts the feature hierarchy of trajectory
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Figure 3. Qualitative results on the SIT dataset with GameTheoretic planning model. (a) to (g) represent the inference results of SIT using
models trained on individual dataset from the source domains. The values above, denoted by w, indicate the average of contributions of
task vectors per epoch and per module for each source domain in the IMMP planner.

Table 3. Ablation study on checkpoint types and pool size for
merging. IMMP planning performance with best checkpoints
(across all metrics) and intermediate-epoch for planning (P) / fore-
caster (F) models; fine-tuning results included.

Selection Method Effectiveness Safety Goal Success
All Metric Epoch

Finetune
ADE ↓ Col. Rate ↓ FDE ↓ Miss Rate ↓
0.3646 8.12E-05 0.8063 0.6516

✓ 0.3543 6.44E-05 0.7730 0.6196
✓ ✓(P) 0.3390 5.12E-05 0.7639 0.6400
✓ ✓(F,P) 0.3380 5.12E-05 0.7626 0.6446

✓ 0.3203 5.40E-05 0.7365 0.5743
✓ ✓ 0.3186 5.09E-05 0.7358 0.5981
✓ ✓(P) ✓ 0.3176 4.31E-05 0.7399 0.5906
✓ ✓(F,P) ✓ 0.3157 4.28E-05 0.7300 0.5934

encoding and interaction modeling, introducing instability.
While it offers slight improvements over Model-level merg-
ing, it does not outperform Interaction-level merging in
most cases. These findings underscore the need for proper
merging granularity to retain interaction structures and im-
prove planning model adaptation in the target domain.

Impact of Checkpoint Types and Pool Size. Table 3 eval-
uates how the composition of the checkpoint pool P affects
planning performance using GameTheoretic. ‘All Metric’
selects checkpoints based on the best performance across all
evaluation metrics, while its absence defaults to ADE-based
selection. ‘Epoch’ includes intermediate checkpoints along
the optimization trajectory. Given the separate forecaster
and planner networks in GameTheoretic, we independently
select their checkpoints. For instance, (P) includes only in-
termediate checkpoints of the planning network, while (F,P)
incorporates both. Fine-tuning on the target domain and in-
creasing the checkpoint pool size improve performance af-
ter both merging and fine-tuning. Notably, selecting check-

points using multiple metrics significantly enhances their
corresponding evaluation scores, as seen in the superior per-
formance of ‘All Metric’ over ADE-only selection. Inter-
mediate checkpoints further benefit adaptation, preventing
overfitting to the source domain. However, these results do
not necessarily imply that the pre-merging phase is essen-
tial, as IMMP still achieves promising performance com-
pared to previous approaches when using only checkpoints
selected based on ‘ADE’.

5. Conclusion
In this paper, we present the Interaction-Merged Mo-
tion Planning (IMMP), which effectively leverages di-
verse motion planning datasets. By utilizing parame-
ter checkpoints trained on different domains, IMMP ad-
dresses domain imbalance and catastrophic forgetting that
hinder conventional adaptation approaches. The proposed
two-step process—interaction-conserving pre-merging and
interaction-level merging—preserves agent behavior and
interactions, resulting in a more adaptable planning model.
Experimental results demonstrate that IMMP outperforms
traditional approaches, achieving superior performance.
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