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ABSTRACT
Recent advances in game AI have demonstrated the feasibility of
training agents that surpass top-tier human professionals in com-
plex environments such as Honor of Kings (HoK), a leading mobile
multiplayer online battle arena (MOBA) game. However, deploying
such powerful agents on mobile devices remains a major challenge.
On one hand, the intricate multi-modal state representation and
hierarchical action space of HoK demand large, sophisticated policy
networks that are inherently difficult to compress into lightweight
forms. On the other hand, production deployment requires high-
frequency inference under strict energy and latency constraints
on mobile platform. To the best of our knowledge, bridging large-
scale game AI and practical on-device deployment has not been
systematically studied. In this work, we propose a Pareto optimality
guided pipeline and design a high-efficiency student architecture
search space tailored for mobile execution, enabling systematic
exploration of the trade-off between performance and efficiency.
Experimental results demonstrate that the distilled model achieves
remarkable efficiency, including an 12.4× faster inference speed
(under 0.5ms per frame) and a 15.6× improvement in energy effi-
ciency (under 0.5mAh per game), while retaining a 40.32% win rate
against the original teacher model.
Full Version: The full version of this paper, including the appendix,
is available on arXiv.1
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1 INTRODUCTION
The development of powerful AI agents for complex environments
such as mobile multiplayer online battle arena (MOBA) games
marks a major milestone in artificial intelligence. In particular,
agents developed for Honor of Kings (HoK) have demonstrated
the ability to defeat top-tier professional human players [41–43].
These state-of-the-art systems are typically implemented as large,
deep neural networks with intricate, multi-branch architectures
designed to process multi-modal state inputs and hierarchical action
spaces [25]. Consequently, they demand substantial computational
resources, often requiring hundreds of millions of floating-point
operations (FLOPs) per inference.

A fundamental tension exists between the architectural com-
plexity required for high performance and the stringent constraints
of mobile platform—low latency, limited energy budget, and small
memory footprint. Directly deploying large models on-device typi-
cally leads to unacceptable inference latency and rapid battery drain,
rendering these agents impractical for real-time mobile gaming.

Conventional model compression techniques, such as knowledge
distillation (KD) [14], low-rank decomposition (LRD) [33], quan-
tization [16], and pruning [12], offer only partial solution. They
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struggle to cope with the unique characteristics of complex MOBA
policy networks, which combine heterogeneous components (e.g.,
CNNs [22, 23], LSTMs [8, 15], and Transformers [37]) under strong
inter-module coupling through skip connections and feature fusion.
Applying generic compression uniformly across such architectures
often results in severe performance degradation, as perturbations
in one component propagate throughout the system. More impor-
tantly, existing works lack a principled, reproducible pipeline for
practical on-device deployment, leaving a significant methodologi-
cal gap between research prototypes and deployable systems.

To address this gap, we reframe the on-device deployment prob-
lem as a multi-objective optimization task. We propose a struc-
tured, Pareto-oriented engineering pipeline to approximate the
Pareto-optimal frontier between agent performance and on-device
efficiency. Our approach integrates a distillation-based architec-
ture search pipeline specifically engineered for the MOBA domain.
This end-to-end methodology transforms a complex teacher agent
into a deployable mobile counterpart, embedding efficiency con-
siderations at every design stage rather than treating them as an
afterthought.

Our main contributions are as follows:
• Pareto-Guided Systematic Pipeline. We introduce and
formalize the problem of on-device deployment for large-
scale multi-agent systems from a Pareto optimality [29] per-
spective, proposing an end-to-end engineering pipeline that
systematically explores the trade-off between performance
and efficiency.
• Lightweight Student Architecture Design. We design
a high-efficiency student architecture optimized for policy
distillation in mobile MOBA environments, achieving sub-
stantial computational and energy savings with only minor
performance degradation.
• Comprehensive Empirical Validation. Through exten-
sive experiments, we demonstrate that our method achieves
a 12.4× inference speedup and a 15.6× improvement in en-
ergy efficiency while maintaining a competitive win rate
against the teacher model. We further provide detailed ab-
lations and design analyses, offering practical insights for
future research into on-device game AI.

The remainder of this paper is organized as follows: Section 2 re-
views related work. Section 3 formulates the problem and describes
the HoK environment. Section 4 details our proposed methodology.
Section 5 presents experimental results. Finally, Section 6 concludes
the paper and discusses future research directions.

Full Version: The full version of this paper, including the ap-
pendix, is available on arXiv.2

2 RELATEDWORK
Model compression has been a central topic in efficient deep learn-
ing, aiming to accelerate neural networks and reduce their size
while maintaining competitive accuracy. Extensive research in both
academia and industry has produced four major categories of meth-
ods: low-rank decomposition, pruning, quantization, and knowl-
edge distillation. LRD methods compress networks by approximat-
ing the weight tensors of linear and convolutional layers through
2https://arxiv.org/abs/2602.07521

tensor decomposition, thereby reducing computational redundancy
while preserving a degree of structural interpretability [1, 19, 21, 28].
However, their rigid structural constraints often lead to accuracy
degradation in complex, highly nonlinear models [17, 19, 21]. Prun-
ing methods, in contrast, selectively remove redundant neurons
or connections to achieve sparsity. Structured pruning and auto-
mated strategies have enabled high compression rates with mini-
mal accuracy loss [6, 7, 12, 13, 24], though excessive pruning can
destabilize training and impair generalization [6, 26]. Quantiza-
tion reduces the numerical precision of weights and activations,
making models more hardware-friendly and improving inference
efficiency [5, 11, 16, 18, 27]. Compared to LRD and pruning, quanti-
zation offers greater runtime acceleration but introduces numerical
instability that must be mitigated through robust quantization-
aware training [18, 27, 38]. Finally, KD bridges the performance gap
left by structural compression methods by transferring knowledge
from a large teachermodel to a compact studentmodel [3, 14, 31, 45].
KD preserves accuracy without imposing architectural constraints,
yet its effectiveness critically depends on the alignment between
teacher and student network designs.

KD has proven effective across domains such as computer vision
and natural language processing [9, 10, 20, 34, 40, 46]. Its reinforce-
ment learning counterpart, policy distillation (PD), extends this
concept to compress deep reinforcement learning agents [4, 30, 32,
35, 36, 39, 44]. However, most PD studies to date have been confined
to relatively simple benchmarks such as Atari games [2], which lack
the continuous dynamics, partial observability, and multi-agent co-
ordination present in MOBA environments. In contrast, the HoK
environment poses a substantially greater challenge. Unlike Atari,
which uses low-dimensional pixel inputs and a small discrete action
space (18 actions), HoK requires real-time reasoning over multi-
modal state representations, a hierarchical action space with over
22 million possible actions, and partial observability (e.g., fog of
war) across multiple agents [25]. These properties make HoK an
ideal testbed for studying large-scale policy compression under
realistic and demanding conditions.

Despite progress in model and policy compression, most existing
approaches overlook the stringent requirements of mobile environ-
ments, where policies must support high-frequency, low-latency,
and energy-efficient inference under severe hardware constraints.
These challenges are particularly acute in mobile MOBA games,
which require consistent responsiveness and prolonged device op-
eration. Critically, current compression approaches provide only
partial solutions and lack a principled, reproducible pipeline for
on-device deployment. This gap leaves a disconnect between re-
search prototypes and deployable, resource-efficient systems. Con-
sequently, distilling large-scale policy models from complex en-
vironments like HoK into computationally and energy-efficient
student agents for on-device deployment remains a challenging
and underexplored problem.

3 PRELIMINARIES
This section formalizes the core on-device deployment challenge
and introduces the experimental environment. We first frame the
problem using multi-objective optimization and then describe the
HoK environment that serves as our testbed.
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3.1 Problem Formulation
The deployment of complex game AI agents onto mobile devices
presents a fundamental conflict: the computational demand for high-
performance agents versus the stringent resource constraints of
mobile platforms. We formalize this challenge as a multi-objective
optimization problem, where the goal is to find an optimal trade-off
between competing objectives.

Consider a design point 𝑑 within a vast design space 𝐷 , encom-
passing all possible model architectures and their configurations.
We evaluate 𝑑 along two primary axes:
• Performance (𝑃 (𝑑)): The capability of the agent, quantified
as its win rate against a benchmark.
• Efficiency (𝐸 (𝑑)): The on-device efficiency, quantified by
minimizing a set of resource consumption metrics:
– Inference Latency (𝐿(𝑑)): Time per decision.
– Energy Consumption (𝐵(𝑑)): Energy used per decision.
– Peak Memory Usage (𝑀 (𝑑)): Maximum RAM during in-
ference.

– Model Size (𝑆 (𝑑)): Storage footprint.
The ideal solution would simultaneously maximize 𝑃 (𝑑) while

minimizing all efficiency metrics. However, these objectives are
inherently competing. This tension leads us to adopt the concept
of Pareto optimality to define the best possible compromises.

Definition 3.1 (Pareto Dominance). A point 𝑑𝑖 Pareto dominates
another point 𝑑 𝑗 (denoted 𝑑𝑖 ≺ 𝑑 𝑗 ) if and only if 𝑑𝑖 is strictly better
in at least one objective and no worse in all others. Formally, for
the primary objectives (𝑃, 𝐿, 𝐵,𝑀, 𝑆):

[𝑃 (𝑑𝑖 ) ≥ 𝑃 (𝑑 𝑗 )] ∧ [𝐿(𝑑𝑖 ) ≤ 𝐿(𝑑 𝑗 )] ∧ [𝐵(𝑑𝑖 ) ≤ 𝐵(𝑑 𝑗 )]
∧ [𝑀 (𝑑𝑖 ) ≤ 𝑀 (𝑑 𝑗 )] ∧ [𝑆 (𝑑𝑖 ) ≤ 𝑆 (𝑑 𝑗 )]

(1)

with at least one inequality being strict.

Definition 3.2 (Pareto Optimality and Pareto Frontier). A point 𝑑∗
is Pareto-optimal (non-dominated) if no other point in 𝐷 dominates
it. The set of all Pareto-optimal points forms the Pareto frontier,
representing the best achievable trade-offs.

Given the intractability of finding the global Pareto frontier for
𝐷 , our practical goal is to procedurally generate a restricted design
subspace 𝐷 ′ ⊂ 𝐷 and identify one or more design points 𝑑 ∈ 𝐷 ′
that are non-dominated and lie on or near the empirical Pareto
frontier of 𝐷 ′.

3.2 HoK Environment
We employ the HoK 3v3 game mode as our experimental testbed, a
leading mobile MOBA game that presents a challenging benchmark
for multi-agent decision-making under real-time constraints. In
this environment, two teams of three agents (heroes) compete to
destroy the opponent’s base, requiring sophisticated coordination
and decision-making at both the tactical and strategic levels.

The environment is characterized by two elements that define
the complexity:

High-Dimensional, Multi-Modal Observation Space. The
observation space is represented by a 13,758-dimensional vector
that comprehensively encodes the game state at each time step. This
representation is decomposed into three hero-specific observations,
each of 4,586 dimensions, capturing:

• Individual hero attributes (e.g., health, skill cooldowns, posi-
tion),
• Environmental obstacles and terrain features,
• The dynamic status of all game units (e.g., creeps, turrets,
monsters).

These features are systematically organized into seven distinct
categories, providing agents with a holistic perception necessary
for strategic decision-making.

Hierarchical Action Space with Validity Constraints. The
action space adopts a two-level hierarchical structure to enable
fine-grained control:

• Level 1 (Action Selection): Chooses a behavior type from
13 discrete actions, including 2 No-operations, Move, Normal
Attack, and 9 hero-specific skills.
• Level 2 (Parameter Specification): Determines the param-
eters for the chosen action through three sub-mechanisms:
– Directional Control: 25 discrete movement directions.
– Positional Control: 42 possible skill offsets along the x-axis
and z-axis.

– Target Selection: 7 target types with up to 39 possible
targets.

To ensure that actions are contextually valid, the environment
incorporates legal action masks and sub-action masks [41, 43], which
dynamically restrict the available choices to those permissible in
the current game state. These mechanisms are critical for stabilizing
training and ensuring the practicality of the learned policies.

The complexity of the state and action spaces, coupled with
intrinsic challenges such as continuous dynamics, partial observ-
ability, and multi-agent coordination, makes HoK 3v3 not only a
demanding benchmark but also an ideal platform for studying the
performance-efficiency trade-offs that underpin practical on-device
deployment.

4 METHODOLOGY
4.1 Overview
Following the problem formulation in Section 3, which frames
on-device deployment challenge as a multi-objective optimization
targeting Pareto optimality, we introduce a systematic multi-stage
pipeline. Our overarching goal is to transform a computationally in-
tensive teacher agent into a featherweight student agent suitable for
on-device deployment while optimally navigating the performance-
efficiency trade-off.

The proposed pipeline, depicted in Figure 1, comprises five
stages:

(1) Architecture Design: Profiling the teacher network to iden-
tify computational bottlenecks and design a mobile-efficient
student blueprint with tunable hyperparameters.

(2) Architecture Search: Conducting a systematic search over
the designed space, distilling each candidate, and evaluating
its performance-efficiency profile to progressively construct
the Pareto frontier.

(3) Distillation Training: Transferring policy knowledge from
the teacher to the candidate students via knowledge distilla-
tion.
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Figure 1: Overview of the proposed Pareto optimality driven distillation pipeline. The process integrates architecture design,
automated search, distillation training, evaluation, and final selection, forming an end-to-end pipeline that jointly optimizes
model performance and efficiency for on-device deployment.

(4) Agent Evaluation: Assessing candidates using key perfor-
mance (e.g., win rate) and efficiency (e.g., latency, energy)
metrics.

(5) Agent Selection: Selecting the optimal agent from the em-
pirical Pareto frontier based on predefined constraints.

4.2 Architecture Design
We commence with a rigorous profiling of the teacher model to iden-
tify computational bottlenecks. The profiling results, summarized
in Table 1, provide a quantitative breakdown of the computational
cost distribution across different modules.

Table 1: Computational profile of the teacher model. The
Encoder and LSTM modules are identified as the primary
bottlenecks.

Module FLOPs (M) Params (M) FLOPs(%) Params(%)

All 681.84 16.43 100.00 100.00
Encoder 560.92 4.83 82.27 29.39
LSTM 8.40 8.40 1.23 51.11
CNN 5.06 0.004 0.74 0.02
Others 107.45 3.20 15.76 19.47

Our analysis reveals that the Encoder and LSTM modules col-
lectively account for 83.49% of the computational cost and 80.50%
of the model parameters, despite the LSTM contributing negligible
FLOPs. This stark imbalance establishes these two modules as the
primary bottlenecks and the most promising targets for architec-
tural optimization.

Guided by this profiling, we design a featherweight and effec-
tive student architecture. As shown in Figure 2, the architecture is
tailored to address the challenges of HoK’s multi-modal inputs and
hierarchical action space while preserving the core decision-making
logic of the teacher model. Its core components are structured as
follows:

(1) Feature Extraction Module: Processes each hero’s multi-
modal observations in parallel using a combination of CNNs
and MLPs.

(2) Feature Fusion Module: In the teacher model, the Encoder
and LSTM handle cross-modal and cross-temporal fusion,
respectively. In our student model, both functions are im-
plemented as MLPs (see the red and blue dashed boxes in
Figure 2).

(3) Triplet Max-Fusion Gate: Facilitates cooperation among
heroes by sharing andmax-pooling public embeddings across
the team (indicated by the cyan dotted line in Figure 2).

(4) Prediction Heads: Comprise specialized MLPs that output
distributions for the hierarchical action space.

To further refine the student model, we parameterize the archi-
tecture using a set of tunable hyperparameters, which serves as the
foundation for architecture search in the subsequent stage.

4.3 Architecture Search
Building upon themacro-architecture defined in Section 4.2, we con-
duct a systematic search within our architectural space to identify
high-performing candidate agents. To manage the search complex-
ity and ensure a balanced distribution of candidates, we employ
a constrained sampling strategy. The space is decomposed into
seven core building blocks, each parameterized by its layer count
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Figure 2: Overview of the featherweight student architecture. The design streamlines the teacher model by removing the
attention-based components and the LSTM module, and adopting lightweight MLP structures. The red and blue dashed boxes
indicates the simplified feature fusion module, while the cyan dashed boxes highlights the triplet max-fusion gate that
enables team-level cooperation. This architecture efficiently processes multi-modal inputs and produces hierarchical action
distributions.

and per-layer feature dimension 𝑛𝑖 . Candidate architectures are
sampled from these parameter ranges, subject to a global compute
budget of [1%, 20%] of the teacher’s FLOPs.

We discretize the FLOPs range into 20 uniform intervals and sam-
ple candidate models within each interval. This structured approach
ensures efficient and representative coverage of the performance-
efficiency design space, providing a diverse population for subse-
quent Pareto-optimal selection.

Our search procedure is outlined in Algorithm 1. For each archi-
tecture 𝑞 ∈ S, we obtain its distilled weights 𝜃𝑞 and an evaluation
vector m𝑞 ∈ R𝑑 (e.g., win rate, latency, energy). The accumulated
results after round 𝑡 form the solution set D𝑡 = {(𝑞,m𝑞)}, from
which we derive the Pareto frontier P𝑡 .

4.4 Distillation Training
Knowledge transfer from the teacher to the student is formalized
as a policy distillation task. The core objective is to align the stu-
dent’s action distribution with the teacher’s policy, enabling the
lightweight model to retain expert-level decision-making capability
while achieving significant efficiency gains.

Given an input state s sampled from replay dataset B, let 𝑧 and
z be the raw logits of the teacher and student, respectively. The

temperature-scaled probability distributions are:

𝑝𝑖 =
exp(𝑧𝑖/𝜏)∑
𝑗 exp(𝑧 𝑗/𝜏)

, 𝑝𝑖 =
exp(𝑧𝑖/𝜏)∑
𝑗 exp(𝑧 𝑗/𝜏)

, (2)

where 𝜏 controls the smoothness of the output distribution and aids
knowledge transfer.

The student policy 𝜋𝜃 is optimized to minimize the divergence
from the teacher policy 𝜋𝑇 over the dataset:

min
𝜃

E𝑠∼B [D (𝜋𝑇 (·|𝑠) ∥ 𝜋𝜃 (·|𝑠))] , (3)

For the hierarchical action space of HoK with A = 5 sub-
distributions, we define the loss as the average KL divergence across
all sub-actions:

L(𝜃 ) = 1
|A|

|A |∑︁
𝑘=1

E𝑠∼B
[
KL

(
𝜋
(𝑘 )
𝑇
(·|𝑠)




 𝜋 (𝑘 )
𝜃
(·|𝑠)

)]
, (4)

where distributions are softened with 𝜏 as in Equation 2.
This distillation process is applied to each candidate architecture

sampled during the search stage, training a diverse population of
models for the subsequent Pareto-optimal selection.

4.5 Agent Evaluation and Selection
In the evaluation phase, Each candidate model is evaluated across
the dual objectives of performance and efficiency, using the
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Algorithm 1: Pareto-Guided Architecture Search with Dis-
tillation
Input: Search space S; teacher model 𝜋𝑇 ; architecture

sampler Q(· | S); batch size 𝑘 ; max iterations 𝑅;
threshold 𝜀 > 0.

Output: Pareto-optimal architecture set A★.
1 D0 ← ∅, P0 ← ∅.
2 for 𝑡 ← 1 to 𝑅 do

// (a) sample architectures

3 A𝑡 ← {𝑞 | 𝑞 ∼ Q(· | S) }
4 foreach 𝑞 ∈ A𝑡 do

// (b) distillation training (teacher 𝜋𝑇 )

5 Train student 𝜋𝑞 (·|𝑠;𝜃 ) by minimizing
L(𝜃 ) = KL

(
𝜋𝑇 (·|𝑠)



 𝜋𝑞 (·|𝑠;𝜃 )) , obtain 𝜃𝑞 .
// (c) evaluation

6 Measure m𝑞 on validation set and system metrics
(FLOPs/accuracy/win rate/latency/energy, etc.).

// (d) update the solution set

7 D𝑡 ← D𝑡−1 ∪ {(𝑞,m𝑞)}
// (e) compute new Pareto frontier

8 P𝑡 ← { u ∈ {m𝑞} | � v s.t. v ⪯ u & v ≠ u }
// (f) stopping by frontier discrepancy

9 (Example metric: symmetric Chamfer distance in
normalized objective space)

Δ𝑡 ←
1
|P𝑡 |

∑︁
u∈P𝑡

min
v∈P𝑡−1

∥u − v∥2 +
1
|P𝑡−1 |

∑︁
v∈P𝑡−1

min
u∈P𝑡
∥v − u∥2

if Δ𝑡 < 𝜀 then
10 𝑡★← 𝑡 ; break

11 A★← {𝑞 | (𝑞,m𝑞) ∈ D𝑡★, m𝑞 ∈ P𝑡★ }.

metrics described in Section 5.1, encompassing win rate, inference
latency, energy consumption, peak memory usage, and model size.

The final agent is selected from the empirical Pareto frontier
according to the principle of Pareto optimality: we choose the non-
dominated candidate that satisfies predefined on-device deployment
constraints (e.g., win rate > 40% , latency < 0.5 ms ). This constraint-
driven approach ensures the selected agent optimally balances
performance and efficiency for practical on-device deployment.

5 EXPERIMENTS
5.1 Experimental Setup
Environment.Our experiments are conducted within the HoK 3v3
game mode on the "Changping Attack and Defense" map. To ensure
a robust and comprehensive evaluation, we employ a fixed set of
eight distinct hero compositions. These compositions are systemat-
ically generated from a pool of six popular heroes (e.g., Zhao Yun,
Li Yuanfang, Zhuge Liang), covering a variety of strategic roles and
team synergies. This approach mitigates potential evaluation bias
from testing on a single, favorable composition, thereby providing
a more reliable assessment of agent performance across diverse
in-game scenarios.

Dataset. The dataset for knowledge distillation is constructed
through self-play between two identical instances of the teacher
model, generating a corpus of 2.02 million state-action transitions.
This dataset is partitioned into 2 million samples for training and
20,000 for validation.

Hyper-parametersConfiguration.The hyper-parameters used
for distillation training are set as follows. We adopt the Adam opti-
mizer with a learning rate of 2 × 10−4, where the first- and second-
order momentum coefficients are set to 𝜙1 = 0.9 and 𝜙2 = 0.999, re-
spectively, and the numerical stability constant is fixed to 𝜖 = 10−8.
Training is performed with a batch size of 512 for a total of 1 × 106
optimization steps. For knowledge distillation, the temperature
parameter is set to 𝜏 = 4.

Baseline Methods. To rigorously evaluate our approach, we
compare it against several representative baselines spanning dif-
ferent compression paradigms: (1) Teacher Model: The original,
uncompressed model serves as the performance upper bound, rep-
resenting the maximum achievable capability before any compres-
sion is applied. (2) LRD: Applies low-rank matrix factorization to
the weight tensors of the teacher model, approximating the origi-
nal parameters with lower-rank representations. Parameter count
and computational complexity are reduced while the fundamental
structure of the original network is preserved as much as possi-
ble. (3) Quantization: Reduces the numerical precision of weights
and activations from 32-bit floating point to 8-bit integers (INT8)
through post-training quantization. This technique primarily de-
creases model size and improves inference speed on supported hard-
ware, though potential precision loss may degrade policy quality.
(4) Pruning: Removes connections with the smallest magnitudes
based on a global threshold via structured weight pruning. Spar-
sity in the weight matrices is increased, leading to reductions in
parameter count and computational cost, albeit with possible loss
of structural integrity and performance. (5) Linear Model: An ex-
tremely simple architecture (a MLP) serves as the efficiency upper
bound, representing the theoretical maximum efficiency achievable
while typically exhibiting negligible performance.

Metrics. Evaluation is conducted from two primary perspectives
to holistically assess the agent’s quality: (1) Performance (𝑃 (𝑑)):
The key performance metric is the Win Rate against the original
teacher model, calculated as the average win rate over three inde-
pendent runs of 1,000 games each to ensure statistical significance.
(2) Efficiency (𝐸 (𝑑)): Metrics are measured on mobile platforms
and include: Inference Latency (𝐿(𝑑)): Average time required for
a single decision. Energy Consumption (𝐵(𝑑)): Total energy used
over 5,000 inferences, corresponding to a typical game length. Peak
Memory Usage (𝑀 (𝑑)): Maximum RAM allocated during inference.
Model Size (𝑆 (𝑑)): Storage footprint of the deployed model.

To ensure reliable and reproducible measurements of on-device
efficiency, all metrics are evaluated on a fixed set of 5,000 frames
randomly sampled from the validation set. The evaluation process
encompasses two stages: (1) a one-time initialization phase to load
all necessary components (model, frame data, libraries), followed by
(2) 5,000 consecutive inferences. The Inference Latency is reported
as the average time per inference across the entire process (stages 1
and 2 combined), while the Energy Consumption is measured for the
complete sequence. Since the initialization overhead is negligible
compared to the total computation, its impact is amortized across
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the inferences, ensuring the metrics accurately reflect sustained
performance. This controlled approach mitigates fluctuations inher-
ent in live game environments. All measurements were repeated
three times, and the mean and standard deviation are reported.

Hardware Configuration. All model training and distillation
procedures were performed on a high-performance computing
cluster consisting of four servers. Each server was equipped with
a 112-core Intel Xeon Gold 6348 CPU (2.60 GHz), 378 GB of RAM,
and eight NVIDIA GeForce RTX 3090 GPUs. The on-device effi-
ciency was evaluated on an iQOO 12 smartphone, equipped with a
Qualcomm Snapdragon 8 Gen 3 system-on-chip (which integrates
an Adreno GPU and Hexagon NPU) and 16 GB of RAM.

Wall-Clock Time. A complete run of the proposed pipeline,
including architecture search, distillation, and evaluation, completes
within approximately 10-15 days on the hardware setup described
above.

5.2 The Performance of Proposed Pipeline
This section presents a macro-level evaluation to answer the fun-
damental question: does our proposed pipeline achieve a superior
trade-off between agent performance and on-device efficiency? We
compare our final Featherweight Agent (FA) against the original
teacher model and all baseline methods across the comprehensive
set of metrics defined in Section 3.1.

Macro-Level Results. The comprehensive benchmarking re-
sults are summarized in Table 2. Our FA achieves a competitive win
rate of 40.32%, well preserving the decision-making ability of the
teacher model. Crucially, this performance is attained while achiev-
ing a dramatic reduction in resource consumption. Compared to the
teacher model, FA reduces inference latency by 91.8% (from 5.41ms
to 0.44ms) and energy consumption by 93.6% (from 7.62mAh to
0.49mAh). Furthermore, while Low-Rank Decomposition and Quan-
tization maintain reasonable performance (~40%), their efficiency
gains are modest, achieving less than 50% latency reduction. In
contrast, Pruning achieves high efficiency but suffers a catastrophic
performance collapse. Our FA, by fundamentally re-architecting
the model to be mobile-native, achieving both high performance
and superior efficiency.

Pareto Frontier Analysis. The performance-efficiency trade-
off is visually articulated in Figure 3, which plots the empirical
Pareto frontier. Each point represents a candidate model’s win rate
versus its inference latency. The plot clearly shows that our FA
resides on the estimated Pareto frontier, demonstrating that it is
a non-dominated solution. In contrast, the standard compression
baselines lie deep within the interior of the plot, indicating they are
strictly inferior in the trade-off space (i.e., other points offer better
or equal performance with lower latency). This provides compelling
visual evidence that our approach successfully identifies a superior
operating point.

5.3 Comparison with Standard Compression
Baselines

This section validates the superiority of our pipeline by contrast-
ing it against standard, architecture-preserving compression tech-
niques: Low-Rank Decomposition, Quantization, and Pruning. As
quantified in Table 2 and visually articulated in Figure 3, models
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Figure 3: The empirical Pareto frontier characterizing the
performance-efficiency trade-off. The frontier is derived
from the systematic assessment of all candidate agents, illus-
trating the set of non-dominated solutionswhere no improve-
ment can be made in one objective without deteriorating the
other.

compressed by these standard techniques reside far from the em-
pirical Pareto frontier. While they reduce model size and latency,
they incur a severe performance penalty. For instance, the pruned
model’s win rate collapses to 3.27%, rendering it practically useless,
despite its low latency (0.44ms). LRD and Quantization maintain
~40% win rates but achieve only modest latency reductions (~3ms).

The failure of each method stems from fundamental limitations
when applied to complex policy networks: Pruning causes irre-
versible structural damage by removing critical pathways in the
highly non-linear policy network, Quantization leads to informa-
tion degradation as aggressive precision loss (e.g., INT8) disrupts
the delicate policy function, Low-Rank Decomposition suffers from
representational inadequacy, as low-rank constraints poorly ap-
proximate the full-rank functions needed for sophisticated policies.

In summary, while standard compression techniques are inher-
ently architecture-preserving, merely compressing an existing, in-
efficient structure, our approach is fundamentally architecture-
agnostic. By undertaking a ground-up, mobile-native redesign based
on the teacher model, our Featherweight Agent successfully pre-
serves the core decision-making capabilities while achieving supe-
rior efficiency. These results underscore a critical insight: when the
source architecture is inherently ill-suited for the target platform,
post-hoc compression is fundamentally limited in its ability to yield
an optimal solution. This work demonstrates that a mobile-native,
ground-up architectural redesign is a substantially more effective
strategy.

5.4 Ablation Study
We conduct a comprehensive set of ablation studies to rigorously
validate the necessity and optimality of each key design choice
in our Featherweight Agent. The results, summarized in Table 3,
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Table 2: Comprehensive benchmarking results comparing the performance and efficiency of the teacher model, standard
compression baselines, and our Featherweight Agent. Results demonstrate that FA achieves a superior trade-off, dominating
other methods by simultaneously maintaining competitive performance (40.32%win rate) while achieving dramatic efficiency
improvements (12.4× faster inference speed and 15.6× improvement in energy efficiency than the teacher). Metrics are reported
as mean values with standard deviations in parentheses.

Method FLOPs(M) Parameters(M) Win Rate(%) Time(ms) Energy(mAh) Memory(MB) Size(MB)

Teacher Model 681.84 16.43 49.98 (±4.59) 5.411 (±0.188) 7.62 (±0.27) 230.35 (±1.94) 32.7
LRD 412.36 11.56 40.58 (±1.39) 3.312 (±0.104) 4.56 (±0.18) 181.22 (±0.98) 19.05
Quantization 380.18 10.13 40.17 (±1.18) 3.058 (±0.096) 4.21 (±0.13) 176.39 (±0.93) 14.23
Pruning 45.22 6.22 3.27 (±0.14) 0.443 (±0.005) 0.52 (±0.01) 156.62 (±0.17) 12.36
Linear 4.43 2.22 0.00 (±0.00) 0.05 (±0.001) 0.06 (±0.01) 79.63 (±0.06) 3.63
FA (ours) 45.74 5.96 40.32 (±1.03) 0.436 (±0.006) 0.49 (±0.01) 152.71 (±0.19) 9.89

are analyzed to demonstrate how each alteration leads to a strictly
inferior trade-off.

Table 3: Ablation study results. Key metrics include win rate
against the teacher, inference latency, and energy consump-
tion.

Model Variant Win Rate (%) Latency (ms) Energy (mAh)
Teacher Model 49.98 (±4.59) 5.411 (±0.188) 7.62 (±0.27)
FA (ours) 40.32 (±1.03) 0.436 (±0.006) 0.49 (±0.01)
FA (w/ LSTM) 40.67 (±0.91) 0.578 (±0.012) 0.72 (±0.02)
FA (w/ Encoder) 45.21 (±1.64) 4.656 (±0.128) 6.55 (±0.21)
FA (w/ Large) 44.00(±1.27) 0.601 (±0.007) 0.68 (±0.02)
FA (w/ Small) 23.02(±0.98) 0.380 (±0.005) 0.43 (±0.01)

5.4.1 Impact of Different Network Modules. To validate our archi-
tecture efficiency, we reintroduced the original complex modules
into the FA. Reinstating the LSTM (FA w/ LSTM) increases latency
by 32.6% (0.436ms to 0.578ms) and energy consumption by 46.9%,
with no meaningful win rate improvement. Reinstating the Encoder
(FA w/ Encoder) has a more severe impact, increasing latency by
10.7× and energy consumption by 13.4×, despite a modest win rate
increase to 45.21%. These results demonstrate the reasonablility
of our architecture design. The original complex modules are in-
deed computational bottlenecks, and replacing them with simpler
alternatives is essential for on-device deployment.

5.4.2 Effect of Model Scale. An ablation study on the overall model
scale validates the optimality of our selected architecture (FA).
The results, described in Table 3, demonstrate the performance-
efficiency trade-off in the vicinity of the Pareto frontier.

Scaling up the model (FA w/ Large) yields a negligible perfor-
mance gain of only 3.68% in win rate, but incurs a substantial
efficiency cost, with a 37.8% increase in latency. Conversely, scaling
down the model (FA w/ Small) achieves a minimal latency reduction
of 12.8% at the expense of a significant 42.9% performance penalty.

Our analysis reveals that the chosen FA operates near a knee
point on the empirical Pareto frontier. At this region, the trade-
off curve exhibits a characteristic sharp bend: reducing the model
scale beyond this point results in a disproportionate drop in perfor-
mance for a minimal efficiency gain, while increasing the model

scale leads to diminishing returns in performance accompanied by
a steep efficiency loss. This confirms that FA represents a balanced
operating point where the marginal utility of scaling is nearly equi-
librated, providing the most favorable compromise for on-device
deployment.

5.4.3 Summary. Collectively, these studies validate our pipeline:
architectural design enables efficiency and the chosen model scale
optimally balances both objectives. Any deviation yields a strictly
inferior solution, demonstrating the necessity of each design choice.

6 CONCLUSION AND FUTUREWORK
This paper addresses the fundamental challenge of deploying com-
putationally intensiveMOBAgameAI agents on resource-constrained
mobile devices. We present a systematic pipeline that reframes
on-device deployment as a multi-objective optimization problem,
introducing a Pareto-guided distillation pipeline coupled with an
efficient, mobile-native student architecture. Our approach enables
principled exploration of the performance-efficiency trade-off, pro-
ducing agents that achieve substantial practical improvements
while maintaining competitive gameplay ability.

Experimental results demonstrate the effectiveness of our Pareto-
optimality driven approach in balancing the performance and effi-
ciency for real-world on-device deployment scenarios.

While our approach focuses on the complex Honor of Kings envi-
ronment, the proposed methodology establishes a general pipeline
for efficient policy compression that can be adapted to other real-
time decision-making domains with stringent resource constraints.
This work represents a meaningful advancement in bridging the
gap between large-scale game AI research and practical on-device
deployment.

In future work, we plan to extend our study toward more general
mobile game environments and real-time decision-making tasks,
exploring efficient search strategies and hardware-aware co-design
to further enhance scalability and robustness.
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