Unified Prediction and Planning via
Conflict-Aware Disjoint Parameter Training

Taewon Seo'*®, Seonae Jeon'*®, Giwon Lee?*®, Kuk-Jin Yoon?'®, and
Dachee Park!f

L DGIST, Republic of Korea
{taewonseo,seonae,dhpark}@dgist.ac.kr
2 KAIST, Republic of Korea
{dlrldnjs,kjyoon}@kaist.ac.kr

Abstract. Accurate motion prediction of surrounding agents and safe
motion planning are two closely coupled key tasks for social robot nav-
igation in crowded environments. Deploying these systems on resource-
constrained edge devices necessitates compact, unified models that can
perform both tasks simultaneously. However, within these compact shared
encoders, recent unified models often overlook severe representational
conflicts that arise from the distinct objectives of predicting neighbor be-
haviors versus ego-centric safety planning. To address this issue, we first
identify the Skill Conflict—a phenomenon where overlapping parameter
assignments cause distinct tasks to compete for the same weights, pre-
venting the model from fully specializing in individual skills. To resolve
this, we propose a novel model-merging-based framework, Disjoint Pa-
rameter Training (DPT). DPT mitigates performance degradation
caused by Skill Conflict through distributed parameter learning, which
separates the key parameter regions of each task while preserving their
core capabilities prior to merging. In addition, we observe that sparse
merging, which selectively integrates only the most influential param-
eters for each task rather than combining all task-specific parameters,
yields optimal performance by preventing interference among adjacent
features and concentrating representational capacity. DPT can be ap-
plied in parallel with a variety of merging methods. Evaluated on stan-
dard crowd navigation benchmarks (JRDB and JTA), our framework
demonstrates superior performance, validating its versatility and effec-
tiveness for safe, resource-efficient robot navigation. The project page is
available at: https://dpt2026.github.io/
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1 Introduction

Motion planning [6,47, 76, 78] aims to generate future trajectories of an ego
agent based on the surrounding environment and the behaviors of nearby agents.
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Fig. 1: Comparison of learning strategies in unified models. (a) In previous methods,
the skills of each task are learned within a single shared encoder, causing conflicts be-
tween the two skills in the parameter space. (b) DPT resolves this issue by separately
training the major parameter regions allocated to each task and Sparse Merging com-
bines only their core parameter regions, thereby mitigating skill conflicts within the
shared encoder.

For safe and socially compliant navigation in highly interactive scenarios, such
as mobile robots navigating through dense crowds, the agent must accurately
predict how humans will move and plan its own trajectory accordingly [55].
Therefore, achieving both accurate prediction and safe planning simultaneously
within a constrained computational budget is essential for reliable and user-
friendly mobile service robots.

To realize this efficiently, recent research has focused on unified frameworks [15—
17,24] that jointly perform prediction and planning, replacing traditional sequen-
tial pipelines [31,41, 81, 84]. Such unified models [15-17] typically use a shared
encoder that serves as the representational backbone for both tasks, as shown in
Fig. 1 (a). While these architectures achieve strong joint reasoning performance,
they generally overlook representational conflicts that arise in the shared en-
coder, especially when the model capacity is limited for edge deployment. Pre-
diction requires representations sensitive to the varied behaviors and intentions of
surrounding agents [5,11,49,85], whereas planning demands ego-centric features
that prioritize safety and feasibility (7,48, 71, 83]. Optimizing both objectives
on the same compact encoder leads to conflicting gradient updates, which can
severely degrade the feature quality of both tasks [28,29,52,72].

To address this challenge without simply inflating model size, we propose
a model-merging-based unified framework that explicitly mitigates task inter-
ference in the shared encoder, as shown in Fig. 1 (b). Model merging [67] is a
methodology that combines the parameters of models fine-tuned for individual
tasks to create a single model that can effectively perform all tasks simulta-
neously. Unlike ensemble learning [2, 34] or mixture-of-experts [12, 14, 22, 62],
which handle multiple objectives by maintaining multiple models or expert
branches, model merging produces a single model, making it effective for au-
tonomous driving where inference latency is critical and both objectives must
be achieved within a single deployment. Existing model merging methods, how-
ever, have primarily been studied in the context of large-scale models (e.g.,
LLMs) with massive parameter counts and have mainly focused on language-
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related tasks [4,23,33,39,56,68,77]. Therefore, a significant gap exists between
these approaches and resource-constrained robot navigation settings, which rely
on compact unified models. This discrepancy induces a critical issue during the
merging process: in models with limited capacity, the parameter regions cru-
cial for each task tend to densely overlap and conflict with one another. When
the overall model size is small, each task must utilize a larger portion of the
shared parameters to achieve strong single-task performance, which inevitably
intensifies this interference.

We define this phenomenon as the Skill Conflict, a condition where over-
lapping parameter assignments cause distinct tasks to compete for the same
weights, preventing the model from fully specializing in individual skills. To re-
solve this, we propose Disjoint Parameter Training (DPT), which fine-tunes
task-specific models by distributing the parameter learning regions across tasks,
and then merges them into a single compact unified model. DPT separates the
learning regions of each task by exchanging model-sized binary masks, each in-
dicating a unique parameter region assigned to that task. Moreover, instead of
allocating all parameter regions for training from the beginning, it gradually
expands the learnable parameter space from a local region, allowing each task’s
core skill to be compactly represented within a small parameter area. Building
on this property, we further apply sparse merging, which selectively integrates
only the most influential parameters from each task rather than merging all,
enabling more efficient and skill-focused unification of the shared encoder while
preventing adjacent feature interference. This design enables each task to special-
ize in distinct subspaces of the shared representation, preserving both prediction
accuracy and planning safety within a limited model capacity.

Our main contributions are summarized as follows:

— We define and analyze the Skill Conflict problem caused by shared encoder
representations in compact, unified prediction-planning models for robot
navigation.

— We propose Disjoint Parameter Training (DPT), which separates and local-
izes each task’s core skills within distinct parameter regions, and we intro-
duce sparse merging to prevent representational interference among neigh-
boring features.

— Our method achieves superior performance, maintaining accurate prediction
and safe planning across standard crowd navigation benchmarks (JRDB and
JTA), validating its effectiveness for resource-efficient mobile robots.

2 Related Works

2.1 Unified Motion Prediction and Planning

Motion prediction and motion planning are the key tasks for achieving safe nav-
igation in mobile robots and autonomous systems. Motion prediction forecasts
the future trajectories of surrounding agents based on current and past informa-
tion [3,9,38,43,45,54,69,75], while motion planning generates the ego agent’s tra-
jectory using these predictions and scene context [26,57,64,66,80]. Conventional
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sequential pipelines predict first and plan later [25,27,40,41,79], training mod-
ules independently [1,31,44,51,59], which increases real-time inference latency
and prevents learning interdependent task relationships [20,21,30,32,50,55, 60].
To address these bottlenecks, recent studies have developed unified models that
jointly reason over planning and prediction within a single framework [15-17].
However, these prior studies often rely on scaling up model parameters, over-
looking the representational task conflict that arises in the shared encoder due
to the distinct objectives of prediction and planning. This conflict becomes par-
ticularly fatal in compact models deployed on resource-constrained edge devices.
In this work, we verify the existence of such task conflicts in unified models and
propose a framework that mitigates them through task-wise distributed learning,
ensuring high performance for both tasks.

2.2 Model Merging

Model merging [67] combines the parameters of distinct fine-tuned models into
a single architecture to perform multiple tasks simultaneously. While early ap-
proaches relied on simple or weighted parameter averaging [19,37,61], direct com-
bination often increases task interference and degrades performance. To mitigate
this, Task Arithmetic [18] uses task vectors to preserve directional characteris-
tics, Ties Merging [65] resolves sign conflicts via majority voting, and Localize-
and-Stitch [13] learns local masks to isolate critical parameter regions. Despite
these advancements in reducing task conflicts [8, 35,63, 73, 74|, most existing
methods are tailored exclusively for Large Language Models (LLMs) equipped
with massive parameter capacities [53, 58, 70, 82]. These highly parameterized
settings differ fundamentally from our target domain, which requires deploying
compact unified models on resource-constrained edge devices for robot predic-
tion and planning. In such compact architectures, parameter overlap inevitably
leads to severe representational interference. Therefore, we identify and analyze
this Skill Conflict and propose the Disjoint Parameter Training (DPT) frame-
work to actively prevent parameter collision, successfully maximizing multi-task
performance within a strictly limited parameter budget.

3 Methods

We aim to train a unified model that jointly handles motion prediction and
motion planning. Among the following sections, Sec. 3.1 provides the problem
definition, describing the objective we aim to achieve. Sec. 3.2 introduces prelim-
inaries on model merging and task vectors, and clarifies why naive fine-tuning
and merging, which work reasonably well for large foundation models, are prob-
lematic for compact unified models. Sec. 3.3 provides empirical evidence of Skill
Conflict in a shared-encoder prediction—planning setting. Sec. 3.4 introduces
Disjoint Parameter Training (DPT). This fine-tuning strategy prepares task-
specialized material models, which act as individual fine-tuned ingredients for
the merging process, with strictly non-overlapping core regions. Finally, Sec. 3.5
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describes our Sparse Merging strategy that combines these material models by
using only salient task-vector components.

3.1 Problem Definition

We consider a unified architecture with a shared encoder and two task heads: a
prediction decoder and a planning decoder. Let the input space be X and the
output space be Y, where X € X and Y € Y. In a scene with N agents, agent 0
denotes the ego, and agents 1 : N — 1 are surrounding agents.

To capture rich human behaviors, the multi-modal input incorporates human
trajectories, poses, and bounding boxes, denoted as Xiraj, Xpose; and Xpox,
respectively. The unified model input is defined as:

_ —Tobs:0 —Tobs:0 —Tobs:0
X = {Xtraj70:N717 Xpose,O:N717 Xbox,O:Nfl} . (1>

The output is defined as:
Y = {Yplaln Ypred}a (2)

where the planned future ego trajectory is

Votan = {107 | (3)

and the predicted future trajectories of neighbors are
Yored = { V01 } (4)

Here, T,ps is the number of observed steps and Tt is the prediction/planning
horizon. Our goal is to learn the shared parameters so that the unified model
can produce safe Ypan and accurate Y,.eq. We specifically focus on mitigating
representational interference within the shared encoder, a critical bottleneck
when determining parameter assignments in compact models.

3.2 Preliminaries: Model Merging and Task Vectors

Model merging begins by preparing task-specialized “material” models, and then
combines them into a unified model. Let @y be a pretrained backbone and t €
T = {pred,plan} denote the target tasks. In the naive material preparation,
each task is fine-tuned independently from the same initialization @y, with no
parameter or gradient sharing across tasks:

Oy = arg inH]E(X,Y)~Dt [Li(fo(X),Y)]. (5)
The change induced by independent fine-tuning defines the task vector [18]:

Tt = 9,5 — 90. (6)
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After preparing ©; (or equivalently 74), a merged model is produced by an op-
erator that combines task contributions:

9melrge =M (@07 Tt, ¢> ) (7>

where M denotes a chosen merging family (e.g., scalar-weighted linear combi-
nation, coordinate-wise masking, or learned gating) and ¢ denotes the merging
coefficient associated with the operator M.

For massive foundation models, naive per-task fine-tuning followed by merg-
ing often works reasonably well, as their massive capacity naturally allocates
distinct skills into separate, sparse parameter subspaces. This was observed in
the prior work [13], which found that utilizing only the top 10% (or even 1%) of
a task vector can fully preserve single-task performance in large models. How-
ever, in compact unified models designed for edge robots, parameter capacity
is strictly limited. Consequently, independent fine-tuning forces different tasks
to update densely overlapping regions. This overlap causes interference when
models are merged, particularly within the shared encoder that both tasks rely
on. We find that the other merging methods in Tab. 4 do not yield effective
performance on the compact unified model, which supports our claim.

3.3 Empirical Evidence of Skill Conflict in a Shared Encoder

We begin by defining a binary mask of the same size as the model parameters to
specify how much of a task vector is utilized. For task ¢t € T' = {pred, plan} and

utilization ratio K, the activation mask Mt(K) selects the top-K coordinates of
the task vector by magnitude:

M = (|| > Ak (7)), 8)

where Ago () is the K-th percentile of |7:|. We refer to K as the mask ratio,
representing the task-vector utilization percentage. By adjusting this mask ratio,
we can control the capacity allocated to each task and systematically observe how
differing levels of parameter usage impact both individual and joint performance.

To understand how capacity limitations affect multi-task merging, we first
investigate the relationship between parameter utilization and task performance
using Fig. 2. This figure sweeps the mask ratio K € [10%,90%] and reports
the performance (1/ADE; higher is better). For each K, we evaluate single-task

merges (Plan Merged: @oJrMéK) OTplan, Pred Merged: O +Ml£f;)i®7'pred) and a

lan

two-task merge (Both Merged: OEA%) — 9, + Mt(:fg);et O Tearget + Mé?}?zs) ©
Tother), Where the non-target task is held at a constant 40% utilization. In the
single-task cases, performance steadily improves as K increases and plateaus at a
high level, confirming that utilizing a larger portion of the task vector is beneficial
when merged alone. Conversely, in the two-task setting, attempting to increase
K yields only marginal gains before rapidly saturating at a substantially lower
ceiling. This early saturation demonstrates that greedy parameter utilization by

one task severely degrades performance of the other task.
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Fig. 2: Planning and Prediction perfor-
mance according to the mask ratio K. Plan
Merged and Pred Merged use the single
task vectors corresponding to the mask ra-
tio. In Both Merged, the parameter utiliza-
tion of the non-target task is fixed at 40%,
while that of the target task is used ac-
cording to the given parameter ratio.
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Fig. 3: Parameter distribution by layer
group and the degree of Skill Conflict be-
tween Plan and Pred Skill at different
mask ratios. Both tasks use an equal pro-
portion of task vectors for the given mask
ratio. At (a) 10% mask ratio, little Skill
Conflict occurs, whereas at (b) 50% ratio,
significant conflict is observed.

To diagnose the underlying cause of this early saturation, Fig. 3 visualizes
how the prediction and planning tasks allocate parameters within the shared
encoder. We categorize the parameters into four groups based on their activa-

tion masks M;()f;)l and M}gfizlz Plan Skill, Pred Skill, Skill Conflict (activated by
both), and Not Activated. We then quantify the exact coordinate-wise collision

by defining the overall overlap as:

M) x 100%,

plan

D
1 .
Overlap(K) = — > (MU ) A (9)
j=1

where D is the total number of parameters activated by at least one task. The
analysis reveals that at a conservative mask ratio (K=10%), the tasks activate
small, largely distinct regions with minimal conflict (Overlap 8.35%). However,
as both tasks expand their utilization to K=50%, their activated regions heavily
overlap within the same layer groups, causing the overlap metric to surge to
39.25%. Thus, the more we try to make the model stronger for each individual
task by utilizing larger parameter regions, the more entangled the shared encoder
becomes, which explains the early saturation of Both Merged in Fig. 2.

All empirical studies are conducted on the Social-Transmotion [46] backbone,
with detailed architectural specifications provided in Supplementary Section 2.
We also conduct a similar analysis on DTPP [15] (Supplementary Section 6),
showing that our findings are common across different backbones. This motivates
preparing material models that minimize overlap (Sec. 3.4) and merging them
sparsely (Sec. 3.5).
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Fig. 4: Overview of our proposed framework. In the DPT step, task-specific models
for prediction and planning are generated by separating training regions with binary
masks to minimize skill conflict. In the Sparse Merging, the two fine-tuned models are
combined into a single unified model by utilizing only the most significant task vectors,
effectively preserving each task’s skill.

3.4 DPT: Preparing Task-Specialized Material Models

To resolve the observed conflict, we focus on preparing highly disjoint, task-
specialized material models prior to merging. We propose Disjoint Parameter
Training (DPT), a strategy that progressively expands task-critical regions for
each task while strictly preventing spatial overlap, as illustrated in Fig. 4. DPT
systematically alternates training between prediction and planning tasks. At
each alternating step, it computes the task-specific loss and gradients across
the entire parameter space. Instead of updating all weights, it selects the top-K
unassigned parameters with the largest absolute gradients, permanently allocates
them to the current task via a binary mask, and updates only these activated
regions. During the first half of the training process, these task-specific masks
incrementally grow. In the second half, the masks are frozen, allowing the model
to consolidate each task’s core region without further spatial expansion. This
explicit separation produces fine-tuned models (fplan and fpred) Whose core pa-
rameter spaces in the shared encoder are mutually exclusive by construction,
drastically reducing interference at merge time. The complete procedure is sum-
marized in Algorithm 1.

3.5 Sparse Merging of Prepared Models

Although DPT effectively eliminates direct parameter overlap between tasks, we
observe that combining the full masked coordinates of the fine-tuned task vec-
tors still degrades joint performance in compact models. This indicates that even
though the fetched parameters do not overlap spatially due to the disjoint masks,
local functional interactions still persist: parameter updates in adjacent coordi-
nates or nearby layers can easily couple features. Consequently, indiscriminately
combining full vectors increases cross-task interference, even when their primary
supports are largely disjoint. To address this, we restrict each skill to a narrow,
high-signal subset, which yields significantly better composability. Operationally,
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Algorithm 1: Disjoint Parameter Training (DPT)

Data: Tasks T' = {plan, pred}, total epochs E, learning rate n, mask size K,
pretrained model 6
Result: Fine-tuned models fpian, fprea With disjoint parameter regions
1 Initialization: Mpian, Mpred <— 0, fplan, fpred < ©o
2 fore=1to E/2 do
3 for t € T do

4 Compute £; and VoL

// Find unassigned parameters
5 U={i| Mpan[i] =0 A Mpreali] =0}

// Select Top-K gradient indices
6 Ziop-i < TopK, 1y [Vo Le]d]]

// Update mask and model
7 B Mdj}(—lfOI‘jEItop_K ft(—ft—T]VQﬁt@Mt
8 for e = E/2 to E do

for t € T do

// Update model with fixed mask

10 | fi fi—mVeliO M

11 Return fplan and fpred-

we introduce Sparse Merging, which integrates only a highly restrictive frac-
tion of the largest-magnitude coordinates from each task vector utilizing the

previously defined mask Mt(K%). We define our robust merging operation as:
% %
@merged = @O + M[()l}:ed) © Tpred + Méﬁn ) © Tplan- (10)

By utilizing only the most salient coordinates, Sparse Merging strictly preserves
each task’s core skill while actively suppressing detrimental local interactions
within the compact shared encoder. Empirically, this sparse approach consis-
tently outperforms dense merging (K=100%) and moderately sparse configu-
rations (e.g., K=10%) across all joint metrics, validating that isolating skills
into narrow parameter footprints is essential for high-performance multi-task
composability on edge devices.

4 Experiments

4.1 Experimental Setup

Datasets & Backbone. We conduct experiments on two datasets that pro-
vide visual cues: the JTA [10] and JRDB [36] datasets. JRDB is a real-world
dataset collected in diverse indoor and outdoor environments and provides pedes-
trian trajectories with annotated bounding boxes. JTA is a large-scale synthetic
dataset that provides rich annotations for pedestrian motion. For both datasets,
we follow the standard protocol of predicting the future 12 time steps given the
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past 9 time steps at 2.5 frames per second (fps). Additional dataset details are
provided in Supplementary Section 1.

The unified backbone is based on social-transmotion [46]. The original archi-
tecture, which was designed solely for the prediction task, is extended by adding
a planning decoder, enabling the model to perform both prediction and plan-
ning jointly. During pretraining, we employ a game-theoretic loss [24], one of the
popular joint learning paradigms. Further architectural and learning details of
the backbone model are provided in Supplementary Sections 1 and 2.

Baselines. Our method aims to achieve both prediction and planning effectively
within a single unified model. Therefore, we compare it against other unified ar-
chitectures that share the same task objectives (1, 2), as well as multi-task learn-
ing approaches (3, 4, 5, 6) that jointly perform related tasks. (1) DIPP [17] is
a jointly unified framework of neural network based on a Transformer that uses
a differentiable nonlinear optimizer as a motion planner, enabling all operations
differentiable. (2) DTPP [15] is also a joint differentiable unified framework
that integrates ego conditioned prediction and learnable cost models in a tree
structured policy planner. (3) Ensemble [2] combines the prediction outputs of
a planner-finetuned model and a forecaster-finetuned model by averaging their
outputs, without modifying any model parameters. (4) Task Arithmetic [18]
merges finetuned models by extracting task vectors from the pretrained model
and linearly combines these vectors by weighted averaging. (5) Ties Merg-
ing [65] selects only the important parameters from each task vector, resolves
sign conflicts, and merges the remaining parameters in the direction of sign
agreement by averaging them. (6) Localize-and-Stitch [13] identifies task-
critical parameter regions within fine-tuned models by learning a binary mask
and merges only 1% of a sparse subset into the pretrained model’s weights. (7)
T-Switch [42] is a dynamic model merging method that represents task vec-
tors in a binary form and selectively activates task-specific parameter directions
through a switching mechanism.

Metrics. For planning evaluation, we use core metrics corresponding to the
categories of Effectiveness, Safety, and Goal Success, which are essential for safe
driving. ADE (Average Displacement Error) measures average displacement error
between the predicted trajectory and the ground-truth trajectory over the full
horizon, reflecting Effectiveness of trajectory. Collision Rate quantifies Safety
by computing the fraction of predicted ego positions that are within a collision
threshold of surrounding ground-truth agents; we use a distance threshold of
0.6m. FDE (Final Displacement Error) measures the displacement error at the
final timestep, serving as a proxy for Goal Success. Miss Rate also evaluates Goal
Success by checking whether the final ego position deviates from the ground truth
by more than 0.5m. For prediction evaluation, we estimate ADE and FDE over
neighbor agents by using the same definitions as above. Detailed definitions of
the evaluation metrics are provided in Supplementary Section 3.
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Table 1: Applicability of the DPT to different model merging strategies on the JRDB
and JTA datasets. The upper rows show task-specific fine-tuned models, while the lower
rows show the effect of applying different model merging methods with and without
DPT. Sparse Merging is performed with a mask ratio of K=1%.

| JRDB | JTA
| Planning Metric | Prediction Metric | Planning Metric | Prediction Metric
Method
Effectiveness Safety Goal Success (,.o;}l Success ADEL FDEL Effectiveness ) Safety Goal Success  Goal Success ADE, FDE}
(ADE/) (Col. ratel) (FDE{) (Miss ratel) (ADEL) (Col. ratel) (FDE/) (Miss ratel)
Plan Finetune ‘ 0.3965 0.0078 0.7371 0.3700 ‘ 1.9825 2.4087 1.3273 0.0056 2.6118 0.9144 8.5329 9.8826
Plan Finetune + DPT 0.3699 0.0073 0.7244 0.3600 0.7368 11702 10008 0.0055 2.0300 0.8877 12079 2.3390
Pred Finetune ‘ 0.8889 0.0195 1.2140 0.9615 ‘ 0.4967 0.9144 5.1324 0.0052 8.9957 0.9960 1.4394 2.7745
Pred Finetune + DPT 0.8469 0.0200 11244 0.9189 0.5250 0.9682 1.1139 0.0058 2.2594 0.9612 1.1834 2.3184
Task Arithmetic [18] ‘ 0.9387 0.0189 1.1798 0.8887 ‘ 0.9904 1.3870 3.4726 0.0058 6.1710 0.9973 1.1518 5.7700
Task Arithmetic + DPT 0.5865 0.0145 0.8859 0.4283 0.5849  1.0308 1.0373 0.0056 2.0936 0.9278 1.1406  2.2367
Ties Merging [65] ‘ 0.8759 0.0167 1.1503 0.9019 ‘ 0.9463 1.3412 2.3432 0.0067 3.2703 0.9786 3.6955 4.6017
Ties Merging + DPT 0.4193 0.0100 0.7346 0.3731 0.5917  1.0442 1.0354 0.0055 2.1154 0.9291 11371 2.2277
Sparse Merging ‘ 0.9246 0.0185 1.1694 0.9610 ‘ 0.6587 1.0873 1.9675 0.0075 3.1188 0.9519 1.7600 2.7035
Sparse Merging + DPT 0.4044 0.0091 0.7458 0.3706 0.5952  1.0352 1.0322 0.0055 2.1134 0.9305 1.1372  2.2206

Table 2: Performance comparison according to task-specific parameter allocation in
DPT on the JRDB dataset with Sparse Merging. Sparse Merging is performed with a
mask ratio of K=1%. A higher DPT allocation ratio leads to lower performance in the
corresponding task.

DPT allocation ratio ‘ Planning Metric ‘ Prediction Metric
Effecti af 1 ss 1

Plan (%) Pred (%) ectiveness Safety Goal Success Go.a Success ADE | FDE |
(ADE |) (Col. rate |) (FDE |) (Miss rate |)

90 10 0.4899 0.0156 0.7748 0.3802 0.5777  1.0139

75 25 0.4352 0.0121 0.7515 0.3733 0.5724 1.0107

50 50 0.4044 0.0091 0.7458 0.3706 0.5952  1.0352

25 75 0.3983 0.0083 0.7449 0.3711 0.5972  1.0375

10 90 0.3898 0.0083 0.7349 0.3676 0.6046  1.0436

4.2 Experimental Results

Applicability of DPT to Other Merging Methods. Existing merging meth-
ods mainly focus on combining task vectors that are already fine-tuned, whereas
DPT prevents Skill Conflict during task-specific training, i.e., in the process of
forming task vectors for each task. Therefore, the proposed DPT framework can
be effectively applied not only to our Sparse Merging but also to other model
merging methods. As shown in Tab. 1, we conducted experiments comparing the
performance before and after applying DPT to existing model merging meth-
ods, including Task Arithmetic [18], Ties Merging [65], and our Sparse Merging.
Sparse merging is performed using the mask ratio of K=1%. Plan Finetune and
Pred Finetune represent the performance of models fine-tuned on each respec-
tive task, and the fact that their performance remains largely unchanged even
with DPT indicates that our method does not degrade the inherent capability of
the model. Moreover, when merging is performed using DPT-based fine-tuned
models, all merging methods exhibit overall performance improvements. This
trend is consistently observed on both the JRDB and JTA datasets. These re-
sults indicate that DPT is broadly applicable regardless of the merging strategy
or dataset domain.
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Table 3: Performance comparison by mask ra- Panberged o PredMerbed - Boh Meroed
tio K under Sparse Merging. The experiment
uses a 50:50 DPT allocation on JRDB.

R T [ S——

| Planning Metric | Prediction Metric

Effectiveness  Safety ~ Goal Success Goal Success
ADE | FDE |
(ADE ) (Colrate}) (FDE])  (Miss rate |)

Planning Performance (1/ADE)

Prediction Performance (1/ADE)

5 10 15 20 25 30 35 40 45 5 10 15 20 25 30 35 40 45

1| 04044 0.0091 0.7458 03706 | 0.5952  1.0352 Mask ratio K Mask ratio K

(a) Planning Task w. DPT (b) Prediction Task w. DPT
2| 0.4041 0.0096 0.7320 0.3697 | 0.5753 1.0174
5| 04156 0.0100 0.7306 03722 | 0.5871  1.0322 Fig. 5: Performance of ( a) Planning
10| 04193 0.0100 0.7346 03730 | 0.5917  1.0442

20| 04213 0.0101 0.7389 0.3750 0.5920  1.0507 and (b) Prediction tasks tr@lned with
40 0.4229 0.0101 0.7410 0.3747 0.5895  1.0505 DPT depends on mask ratio K.

Task-Specific Parameter Allocation of DPT. DPT performance is sub-
ject to variation based on the extent of task-specific parameter allocation. As
shown in Tab. 2, we conducted experiments under the Sparse Merging setting,
where the mask ratio is K=1%. We analyzed how the DPT allocation ratio,
which defines the maximum range of learnable parameters during task-specific
fine-tuning, affects performance. The results show that as the DPT allocation
ratio increases for a particular task, its performance tends to decrease. This indi-
cates that when the learnable parameter space is large, the task’s skill becomes
distributed across a wider range of parameters, requiring the use of more task
vectors beyond the top 1%. This observation supports the finding discussed in
Sec. 3.3, which suggests that in unified models, improving single-task perfor-
mance requires leveraging a larger number of task vectors. In contrast, when
the learnable region is smaller, DPT still achieves sufficient task performance
through the Sparse Merging strategy, as it learns compactly from a localized
parameter region. These results demonstrate that DPT effectively captures each
task’s skill in a compact manner, enabling it to alleviate Skill Conflict within
the unified model.

Effectiveness of Sparse Merging in DPT. Even when applying DPT to
completely separate the trainable parameter regions, interference can still occur
during merging if the corresponding features are adjacent. Therefore, we conduct
a performance comparison experiment of Sparse Merging according to the mask
ratio K, as shown in Tab. 3. In this experiment, the maximum parameter allo-
cation ratio for DPT is set to 50:50 by default, and evaluations are performed
on the JRDB dataset. When the sparsity is high (K=2), the model achieves
the best overall performance across all metrics, while performance gradually de-
graded as the task utilization ratio increased. This demonstrates that our Sparse
Merging effectively minimizes interference between adjacent parameter regions
during merging.

Mitigating Skill Conflict through DPT. To verify whether DPT effectively
resolves the Skill Conflict observed in Fig. 2, we conduct the same experiments
with DPT applied. As shown in Fig. 5, even when a large number of parameters
are allocated to each task, DPT maintains high performance for both tasks,
unlike the results in Fig. 2. Moreover, even with a smaller parameter allocation,
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Table 4: Quantitative comparison between the proposed DPT with Sparse Merging
framework and the baselines on the JRDB dataset. Sparse Merging is performed using a
mask ratio of K=1%. We also compare the results obtained by applying joint reasoning
within the existing framework. The comparison baselines are categorized into unified
models with different architectures and methods applicable in parallel to our unified
model, including ensemble and merging-based approaches. (SM: Sparse Merging; JR:
Joint Reasoning)

‘ Planning Metric ‘ Prediction Metric

Method i 5s 5s 5s
Effectiveness Safety Goal Success G()él Success ADE| FDE|

(ADE |) (Col. rate |) (FDE |) (Miss rate |)
DIPP [17] 0.8048 0.0167 1.3542 0.6940 0.8834  1.6406
DTPP [15] 0.6232 0.0145 1.1338 0.6931 0.7686  1.4253
Ensemble [2] 0.5807 0.0146 0.9000 0.4786 1.1313  1.5258
Task Arithmetic [18] 0.9387 0.0189 1.1798 0.8887 0.9904 1.3870
Ties Merging [65] 0.8759 0.0167 1.1503 0.9019 0.9463  1.3412
Localize-and-stitch [13] 0.8838 0.0176 1.1393 0.9487 0.8104  1.2670
T-Switch [42] 0.8047 0.0199 1.1009 0.8784 0.8091 1.2112
DPT + SM 0.4044 0.0091 0.7458 0.3706 0.5952  1.0352
DPT + SM + JR 0.3640 0.0074 0.7105 0.3589 0.5097 0.9396

DPT quickly achieves high single-task performance. This is because DPT begins
training within a narrow parameter region and gradually expands the learnable
region, allowing the model to encode each task’s skill within a compact area.
These results show that DPT effectively mitigates Skill Conflict and enables each
task’s capability to be represented efficiently using a small set of parameters.
Comparison to Baselines. Tab. 4 compares the proposed DPT and Sparse
Merging framework with various baselines on the JRDB dataset. All experi-
ments are conducted with a mask ratio of K=1% in Sparse Merging. Compared
with other unified model architectures such as DIPP [17] and DTPP [15], our
method achieves superior performance across planning and prediction metrics.
This suggests that the task conflict between planning and prediction also exists
in other unified model architectures, leading to suboptimal performance for both
tasks. Among the merging baselines, the Ensemble method, which averages the
inference results of each fine-tuned model, performs notably better than other
merging strategies. This observation indicates that the conflict between planning
and prediction primarily arises at the parameter level rather than only at the
output level, supporting the existence of the previously identified Skill Conflict.
Overall, the proposed DPT combined with Sparse Merging achieves the highest
performance across all planning and prediction metrics on the JRDB dataset,
demonstrating the effectiveness of our framework.

Effect of Adding Joint Reasoning. The DPT and Sparse Merging strategies
reduce inter-task conflicts by separating the parameter regions used by each task.
However, this separation may weaken the inherent advantage of unified mod-
els—namely, joint reasoning across tasks. To preserve the task-specific charac-
teristics while still enabling joint reasoning, we perform an additional fine-tuning
stage using a joint task loss on the parameter regions that remain inactive after
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Fig. 6: Qualitative Results on the JRDB dataset. (a)—(b) show unified models with
different architectures, while (c)—(e) present results of applying various baseline model
merging methods on our backbone-based unified model. These are compared with (f)
Ours, which employs DPT and Sparse Merging. In both examples, our method accu-
rately predicts surrounding agents and produces safer plans compared to the baselines.

DPT and Sparse Merging. As shown in Tab. 4, models that incorporate this joint
reasoning stage achieve better performance than those that only separate task-
specific parameters. This highlights the importance of joint reasoning in unified
models and demonstrates that, by isolating the core task-specific parameter re-
gions while allowing the remaining parameters to support joint reasoning, our
approach is more effective than conventional unified training schemes (DIPP [17],
DTPP [15], Pretrained Model).

Qualitative Results. Fig. 6 compares qualitative results on the JRDB dataset.
(a) and (b) show the results of other unified model architectures, DIPP and
DTPP, while (c)—(e) present the results of applying different baseline model-
merging methods on our unified-model backbone. These are compared with (f)
Ours, which employs the proposed DPT and Sparse Merging approach. In the left
sample of Fig. 6, both (a) DIPP and (b) DTPP exhibit generally poor prediction
and planning performance for nearby agents, indicating that conventional unified
models fail to effectively handle skill conflict between tasks. Meanwhile, in (e)
Localize-and-Stitch, only a subset of key parameter regions from the fine-tuned
models is added to the pretrained model. As a result, the behavior of the pre-
trained model—characterized by aggressive prediction and safe planning learned
in a game-theoretic manner—remains distinctly reflected. Other model-merging
baselines show similar tendencies, suggesting that existing merging methods fail
to fully exploit the fine-tuned task skills due to skill conflict. In contrast, our ap-
proach—performing task-wise disjoint fine-tuning via DPT and applying Sparse
Merging to minimize interference between adjacent features—achieves both ac-
curate prediction and safe planning. This trend consistently appears even in
dense scenes, as shown in the right sample of Fig. 6, demonstrating that our
method effectively mitigates skill conflict in unified models and achieves strong
performance across both tasks.
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Additional analyses are provided in the supplementary material, including
additional qualitative results in dense scenes (Suppl. Sec. 5), extended empirical
studies of Skill Conflict across different architectures, model capacities, DPT
settings and random seeds, controlled overlap, sub-task decomposition, mask
evolution, and layer-wise conflict analysis (Suppl. Sec. 6), additional baseline
comparisons with T-Switch, MTL baselines, and full-JTA results (Suppl. Sec. 7),
training cost and inference efficiency analysis (Suppl. Sec. 8), and an extension
to end-to-end autonomous driving with closed-loop and open-loop evaluation in
the vehicle domain (Suppl. Sec. 9).

5 Conclusion

In this paper, we identify the Skill Conflict that arises within the shared encoder
of multiple unified models through an empirical study, and propose two sequen-
tial methods—Disjoint Parameter Training (DPT) and Sparse Merging—to ad-
dress it. DPT mitigates task interference by separating the learnable parameter
regions of the prediction and planning tasks when constructing task-specialized
material models. Sparse Merging performs merging using only the core task vec-
tors to mitigate residual conflicts that may still occur in adjacent features, even
when the main parameter regions are separated. This framework outperforms
existing baselines and demonstrates the applicability of DPT to various merging
methods. Overall, our results suggest that explicitly controlling parameter-level
task interference is important for achieving accurate prediction and safe planning
within compact unified models.
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