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ABSTRACT
While game-theoretic planning frameworks are effective at model-
ingmulti-agent interactions, they require solving large optimization
problems where the number of variables increases with the number
of agents, resulting in long computation times that limit their use in
large-scale, real-time systems. To address this issue, we propose i)
PSN Game—a learning-based, game-theoretic prediction and plan-
ning framework that reduces runtime by learning a Player Selection
Network (PSN); and ii) a Goal Inference Network (GIN) that makes
it possible to use the PSN in incomplete information games where
agents’ intentions are unknown. A PSN outputs a player selection
mask that distinguishes influential players from less relevant ones,
enabling the ego player to solve a smaller, masked game involv-
ing only selected players. By reducing the number of players in
the game, and therefore reducing the number of variables in the
corresponding optimization problem, PSN directly lowers computa-
tion time. The PSN Game framework is more flexible than existing
player selection methods as it i) relies solely on observations of
players’ past trajectories, without requiring full state, action, or
other game-specific information; and ii) requires no online param-
eter tuning. Experiments in both simulated scenarios and human
trajectory datasets demonstrate that PSNs outperform baseline se-
lection methods in i) prediction accuracy; and ii) planning safety.
PSNs also generalize effectively to real-world scenarios in which
agents’ objectives are unknown without fine-tuning. By selecting
only the most relevant players for decision-making, PSN Game
offers a general mechanism for reducing planning complexity
that can be seamlessly integrated into existing multi-agent planning
frameworks.
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1 INTRODUCTION
Most existing game-theoretic planning approaches [1, 3] focus on
static scenarios with only a small number of agents (e.g.,≤ 5), where
computational efficiency is rarely a concern. In contrast, scenarios
involving many dynamic agents demand frequent replanning, mak-
ing computational efficiency a critical bottleneck. In such settings,
the number of optimization variables, typically proportional to the
number of agents, can grow rapidly and lead to significant delays1.

We propose PSN Game—a novel game-theoretic framework that
learns a Player Selection Network (PSN) to reduce the computation
time of game-solving for multi-agent trajectory prediction and
planning. The PSN takes the interested agent and the surrounding
agents’ past trajectories as input, and outputs a player selection
mask identifying the most influential agents. Furthermore, we build
a Goal Inference Network (GIN) that infers other agents’ objectives
even when they are a priori unknown, making player selection
practical even in incomplete information settings. Ultimately, the
PSN, together with the GIN, constructs a smaller-scalemasked game
over the selected subset of agents, whose equilibrium solution can
encode trajectory predictions and planned interactions (Fig. 1).

2 MASKED NASH GAME
Definition 1 (Player Selection Mask). Suppose that the 𝑖th player
is the ego agent. Then, the player selection mask is denoted as
𝑀𝑖 := (𝑚𝑖 𝑗 ) ∈ {0, 1}𝑁−1 for 𝑗 ∈ [𝑁 ] \ {𝑖}, where

𝑚𝑖 𝑗 :=

{
1, Agent 𝑗 ∈ [𝑁 ] is included in the game
0, Agent 𝑗 ∈ [𝑁 ] is excluded from the game.

(1)

Definition 2 (Masked Nash Game). Given an open-loop Nash
game Γ(x0, f;𝜃 ), a masked Nash game for agent 𝑖 is denoted as
1Prior work [1, 2] has shown that even in simple linear-quadratic games, computation
time scales cubically with the total number of state and control variables for all agents,
rendering game-theoretic planners impractical for large-scale use.
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Figure 1: Overview of our game-theoretic prediction and planning
framework via the Player Selection Network (PSN) and the Goal
Inference Network (GIN).

Γ𝑖 (x̃0, f̃;𝜃 ), where we define the set of unmasked agents (agents
that are included in the game) 𝑈 𝑖 := { 𝑗 ≠ 𝑖 |𝑚𝑖 𝑗 = 1} and let

𝜃 := (𝜃 𝑗 ) 𝑗∈𝑈 𝑖 , x̃𝑘 := (𝑥 𝑗
𝑘
) 𝑗∈𝑈 𝑖 , f̃ := (𝑓 𝑗 ) 𝑗∈𝑈 𝑖 ,

𝑐𝑖
𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) :=

∑︁
𝑗∈𝑈 𝑖

𝑐
𝑖 𝑗

𝑠,𝑘
(x𝑘 ,u𝑘 ;𝜃 𝑖 ) . (2)

The masked game preserves only the specific parameters and states
corresponding to those agents most relevant to agent 𝑖 .

3 PSN GAME
Player Selection Network (PSN).We propose the Player Selec-
tion Network (PSN) to infer a mask𝑀𝑖 which balances performance
with sparsity. Based on the available information, we present two
variants of the network: PSN-Full, whose input is all agents’ past
states x0:𝐾 , and PSN-Partial , whose input is only a partial observa-
tion of state, i.e. {ℎ(x𝑘 )}𝐾𝑘=0 for a known function ℎ. Both variants’
output is the inferred mask𝑀𝑖 .
Loss Function Design.We train two PSN variants: PSN-Prediction
and PSN-Planning for prediction and planning tasks, respectively;
their corresponding training loss functions are structured as:

𝐿Pred = 𝐿Binary + 𝜎1𝐿Sparsity + 𝜎2𝐿Similarity

𝐿Plan = 𝐿Binary + 𝜎3𝐿Sparsity + 𝜎4𝐿Cost
(3)

where 𝐿Binary := 1
𝑁

∑𝑁
𝑗=1𝑚

𝑖 𝑗 (1 −𝑚𝑖 𝑗 ) encourages mask𝑚𝑖 𝑗 to con-

verge to either 0 or 1. 𝐿Sparsity := ∥𝑀
𝑖 ∥1
𝑁

encourages agent 𝑖 to con-
sider fewer other agents. 𝐿Similarity :=

∑
𝑘 ∥ℎ(x̂𝑖𝑘 ) −𝑝

𝑖
𝑘
∥2 encourages

agent 𝑖 to consider agent subsets which lead to Nash solutions that
recover its observed trajectory, and 𝐿Cost := 𝐽 𝑖 (x̂𝑖 ;x¬𝑖 ) encourages
agent 𝑖 to consider appropriate agents to minimize its game cost.
Goal Inference Network (GIN). To employ the PSN in more com-
plicated scenarios where the the game information 𝜃 𝑖 (in this work
we refer 𝜃 𝑖 as agent 𝑖’s 2-D goal position) is incomplete, we intro-
duce a data-driven goal inference network 𝐺𝜙 , which effectively
infers the agent’s goal 𝑝𝑖𝑔 from the (partial) observation of their past
trajectories {ℎ(x𝑘 )}𝐾𝑘=0. The network is trained from the datasetD,
which contains the Nash equilibrium trajectories of all agents from
solving a game with ground truth goals, by minimizing the mean
goal inference error 𝐿Goal := 1

|D | ·𝑁
∑
𝑑∈D

∑
𝑖∈[𝑁 ] ∥𝑝𝑖𝑔,ref−𝐺𝜙 (x0:𝐾 )∥

for each sample 𝑑 . Assisted by 𝐺𝜙 , the PSN is readily adaptable to
trajectory prediction and ego-centric planning tasks where the

Algorithm 1 Receding Horizon Planning via PSN
Input: PSN-Planning (Full, Partial), Goal Inference Network𝐺𝜙 , receding

horizon masked game Γ𝑖 (x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1, 𝑀𝑖
𝑘
) , observation interval 𝐾 ,

ego agent 𝑖’s goal 𝑝𝑖𝑔 .
Output: Agent 𝑖’s receding horizon strategy u𝑖∗RH.

// Infer the other agents’ goals via 𝐺𝜙.

1: {𝑝 𝑗𝑔 }𝑁𝑗=1
𝑗≠𝑖

← 𝐺𝜙 ({ℎ (x𝑘 ) }𝐾𝑘=0 ) if {𝑝
𝑗
𝑔 }𝑁𝑗=1
𝑗≠𝑖

not known,

else {𝑝 𝑗𝑔 }𝑁𝑗=1 ← {𝑝
𝑗
𝑔 }𝑁𝑗=1.

2: while 𝑘 ≥ 𝐾 and player 𝑖 not reaching his goal 𝑝𝑖𝑔 do
// Identify key agents via PSN.

3: 𝑀𝑖
𝑘
← PSN-Full(x𝑘−𝐾 :𝑘 ) or PSN-Partial(p𝑘−𝐾 :𝑘 ) .

// Solve Masked game for agent 𝑖.
4: 𝑢𝑖∗

𝑘 |𝑘 ← solving Γ𝑖
𝑘
(x̃𝑘 , f̃; {𝑝𝑖𝑔 }𝑁𝑖=1, 𝑀𝑖

𝑘
) .

// Update agent 𝑖’s state based on game dynamics.
5: 𝑥𝑖

𝑘+1 ← 𝑓 𝑖 (𝑥𝑖
𝑘
,𝑢𝑖∗
𝑘 |𝑘 ) based on dynamics.

6: 𝑘 ← 𝑘 + 1.
7: end while

Figure 2: Trajectory visualization for PSN-Full-Rank (Top), PSN-
Full-Threshold (Bottom) in a 4-agent planning scenario.

agents’ goals are not known to the predictor/planner, by construct-
ing and solving a masked game Γ𝑖 (x̃𝑘 , f̃; {𝑝𝑖𝑔}𝑁𝑖=1, 𝑀𝑖

𝑘
) parametrized

by the inferred goals.
RecedingHorizonApplication.We integrate the player selection
network with a (differentiable) Nash game solver [5] in the receding
time horizon for prediction and planning tasks (Algorithm 1).

4 RESULTS AND CONCLUSIONS
We tested our PSN Game in a 4-agent navigation scenario (Fig 2).
At each stage, PSN identifies the key agents (red) to the ego-agent
(blue) and wipes out the less important ones (grey), enabling the ego
agent to speed up in computation while still keeping safe during
planning.
Conclusion. PSN Game offers two key advantages over prior se-
lection methods. i) Flexible data usage: relying only on past trajec-
tory data. It also eliminates the need for online parameter tuning.
ii) State-of-the-art performances: by leveraging spatio-temporal
patterns in past trajectories, PSN outperforms existing baseline
selection methods in various metrics in multiple tasks.
More Results. For more approach details and empirical results in
prediction and planning tasks with more agents, please refer to our
technical report [4].
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