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With the unquestionable commercial success of air cargo transportation, cargo
loading is a crucial step that selects the optimal placement solution for a
given aircraft hold and a set of cargoes. This combinatorial optimization
promotes airlines’ revenue (e.g., minimizing fuel consumption) with the en-
coded constraints in the solution space. In practical scenarios, cargo loading
includes dozens of loading constraints (e.g., isolation of dangerous cargoes).
However, existing techniques either over-simplify such constraints due to the
expensive manual modeling in combinatorial optimization, or suffer from a
time-consuming optimization process due to the large search space in heuris-
tic search. In this paper, we present FastLoader, an optimization acceleration
approach that employs large language models (LLMs) to distinguish critical
structural patterns in the simulated cargo loading data while still scaling to
numerous loading constraints in real scenarios. FastLoader’s key design fea-
tures are the following: (i) a cargo loading constructor, which converts the
information of both cargo types and loading constraints into pre-defined data
structures, thus avoiding manual modeling and improving solution accuracy;
(ii) a cargo loading solver and a search space reducer, which work together to
effectively reduce search space and accelerate the optimization process. We
evaluate the proposed approach using a list of practical scenarios from in-
dustry transportation systems, and the results show the followin: FastLoader
improves accuracy by 10% compared to combinatorial optimization, and re-
duces the optimization time by 90% with 1.5% accuracy losses compared to
heuristic search.

(cc)

1. Introduction

The rapid development  of
transportation!»2

air cargo loading is an industrial process of load-
ing air cargoes (e.g., unit loading devices, bulk
cargo, and special goods) onto flights (e.g., wide-
air cargo body and narrow-body aircraft cargo holds) in

makes the air cargo loading a  three steps. The first step is to process and pre-

promising research field. As shown in Figure 1’ pare cargoes for transformation. The second step
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Figure 1. Air cargo loading:unit load devices, bulk cargo, and special goods into wide/narrow-body aircraft.

Table 1. Description of constraints in air cargo loading scenario

Constraint

Description

Special cargo space weight constraint
Dangerous cargo isolation constraint
Unit Load Device (ULD) correspondence constraint
ULD Type Restriction Rules

ULD type and ULD number constraint
Cargo hold availability constraint
Mixed cargo space constraint

Number of ULD constraint
Front/Rear compartment constraint
Cargo Type validity constraint

‘Weight constraint

Center of Gravity (CG) constraint
Volume constraint

Joint weight constraint

Cargo space weight constraint
Continuous loading constraint

Load order constraint

Cargo features

Aircraft cargo hold features

Loading features

This constraint defines the maximum allowable weight of special cargo in the space
Any two special cargo loading locations need to maintain a specified distance

Get the corresponding relationship of cargo types and verify each piece of cargo data
If the container type in the loading data is not one of the ones defined in ULD Type, the check fails
If the container type does not correspond to the container serial number, the verification fails.

Before loading, check whether the cargo hold is available
Check whether there is mixed loading in the cargo hold
The quantity of ULD cannot exceed this specified value

Ensure weight in the front (FWD) and rear (AFT) compartments does not exceed the defined limits.

Check whether cargo type is valid and belongs to predefined cargo types.
Maximum load weight of the cargo hold
Ideal center-of-gravity range for airliner when zero fuel
The volume of cargo cannot exceed this specified value
Total load weight constraints for multiple cargo holds
This constraint defines the maximum weight limit for a cargo space.
Some types of ULDs need to be loaded according to the load sequence
Goods must be loaded in the specified order

is to transfer and load cargoes onto the aircraft,
and the third step is to prepare for the departure.
The core goal of air cargo loading is to reduce the
center-of-gravity shift after loading by optimizing,
thereby saving fuel consumption and increasing
aircraft safety.

Since the 1980s, many approaches®?* to
air cargo loading have been proposed, falling
into the following two categories: combinato-
rial optimization® ¢ and heuristic search.” ! How-
ever, since the scenarios of these approaches
are oversimplified, none of these approaches can
achieve high performance under complex con-
straints.  Oversimplify cargo loading scenarios
with only three cargo types and four constraints.
However, in practical loading scenarios, as shown
in Figure 1, there exist 13 cargo types and 17 load-
ing constraints. The limitations of these previous
approaches are divided into two challenges.

First, the combinatorial optimization (§ 2.2)
approaches achieve low accuracy under complex
constraints. Most combinatorial optimization ap-
proaches only consider the cargo features and two
loading features (weight constraint and center-of-
gravity constraint) in the constraints. They sac-
rifice the size of the search space to achieve faster
solution speed, but it results in an unsalvage-
able final solution. This is because under com-
plex constraints, optimization problem modeling
is difficult and requires high expertise in scenar-
ios. Therefore, simple scenario modeling reduces
the accuracy of the solution. The first challenge is

how to accurately model scenarios with numerous
cargo types and complex constraints.

Second, the heuristic search (§ 2.3) ap-
proaches consume a lot of computation time to
calculate solutions under complex constraints. To
solve the accuracy drop in combinatorial opti-
mization, heuristic search approaches increase the
accuracy of the solution by increasing the size of
the search space. However, most heuristic search
approaches only consider the cargo features and
the loading features in the constraints. Failure
to consider cargo hold constraints increases the
number of infeasible solutions in the search space,
and it leads to unacceptable searching time costs.
Therefore, our second challenge is how to effec-
tively reduce the search time and improve the so-
lution speed while reducing the loss of search ac-
curacy.

In this work, we propose FastLoader, a large
language model (LLM)'?"'® based optimization
method to address the difficulty in optimization
problem modeling and the high time consuming
under complex constraints. The core idea of Fast-
Loader is the search space reducer driven by LLM,
which effectively reduces the size of the search
space and improves the solution speed. In the
optimization problem modeling stage, FastLoader
models cargo data and complex constraints to
form cargo information and LLM engine. In the
search space reduction stage, FastLoader utilizes
modeling data to quickly identify infeasible solu-
tions in the search space and thus simplifies the
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search space. The main contributions of this work
are as follows.

e Optimization problem modeling. To
address the first challenge, FastLoader in-
troduces cargo loading constructor (§ 3.2)
that builds a data structure of cargo in-
formation and complex constraints, which
reduces the requirement of expertise in the
modeling process and provides data input
for the search space reduction stage.
Search space reduction. To address
the second challenge, FastLoader intro-
duces a search-space reduction stage that
augments conventional heuristic optimiza-
tion driven by LLM. Concretely, we con-
struct a cargo-loading solver (§ 3.3), which
enumerates candidate load plans from the
raw cargo manifest and engineered feature
set. We also design a search space reducer
(§ 3.4), which scores the resulting solu-
tions and prunes those that violate key
operational constraints extracted from the
LLM engine.

Summary of experimental results. We
evaluate FastLoader on four common aircraft
types, and we conduct the evaluation using seven
baselines across five LLMs. The results show the
following: (1) FastLoader achieves the best per-
formance compared to the seven baselines with
only 1.5% accuracy loss; (2) in the comparison of
time consuming between different heuristic search
baselines and FastLoader, FastLoader reduces the
time costs by 90% on average; (3) FastLoader
achieves stable performance across 5 LLMs, which
proves FastLoader is applicable to multiple LLMs.

2. Background & related work

In the cargo loading-optimization scenario(§ 2.1),
existing methods can be divided into the
following two categories: (1) combinatorial
optimization(§ 2.2) methods are designed to solve
cargo loading optimization under simplified con-
straints; (2) heuristic search (§ 2.3) methods are
designed to solve cargo loading optimization un-
der complex constraints.

2.1. Background

In typical air cargo loading scenario, cargo
types fall into two broad categories: Unit Load
Devices (ULDs) are large cargo containers suit-
able for wide-body aircraft (e.g., B777, B787).
Bulk cargo comprises loose cartons, mailbags,
live animals, and other items placed directly into
the bin-shaped holds of narrow-body aircraft(e.g.,
B737, A320). As shown in Table 1, there are 17

complex constraints in our scenario, and they are
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divided into three categories including cargo fea-
tures, cargo hold features, and loading features.

2.2. Combinatorial optimization methods

Combinatorial optimization is a mathematical op-
timization algorithm where each possible cargo
position is explored under the simple constraints.
The aim is to minimize center-of-gravity vari-
ation and satisfy all constraints. Existing re-
search can be divided into linear programming
such as COM,5 1922 ponlinear programming such
as IOM,% 2324 and mixed-integer linear program-
ming frameworks such as MLIP.2528

COMS presents a joint integer linear pro-
gramming model that solves the discretization of
cargo under simple constraints. The model maxi-
mizes loading capacity and minimizes the center-
of-gravity deviation. It performs well when con-
straints are simple but fails under complex con-
straints. Thus, it cannot deal with the cargo load-
ing case investigated in this study. IOM® pro-
poses an algorithm for the NP-hard cargo load-
ing problem. The algorithm splits the task into
four sub-problems: aircraft configuration, pallet
assembly, air-cargo palletization, and center-of-
gravity balancing. It integrates path optimiza-
tion to maximize transport benefit. However, the
four sub-problems do not cover all constraints
in our scenario, so the method performs poorly
when constraints become complex. MLIP?5 intro-
duces a mixed-integer programming model that
optimizes cargo center-of-gravity and inertia mo-
ment to improve loading efficiency and reduce fuel
burn. Using real data constraints, the method
greatly shortens search time. However, its data
modeling fails to cope with highly constrained
scenes. When constraints increase, MLIP cannot
always find feasible solutions. MLIP-ACLPDD?®
employs a similar mixed-integer model. Its ob-
jective minimizes fuel consumption and loading
cost. The method still shows low accuracy under
complex constraints.

In conclusion, when applied to complex con-
straints scenario, existing combinatorial optimiza-
tion methods lead to the following two main draw-
backs: (1) complex constraint scenario requires
people with professional knowledge to model, and
the scenario modeling is difficult; (2) combinato-
rial optimization methods have difficulty finding
the optimal solution within the modeling of com-
plex constraints. As a result, the accuracy of com-
binatorial optimization methods is limited by the
complex constraints scenario. Heuristic search is
designed to solve these two drawbacks when the
constraints become complex.
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Figure 2. The architecture of FastLoader.

2.3. Heuristic search methods

In complex constraints scenario, heuristic search
uses empirical rules and guidance to locate near-
optimal solutions. It avoids exhaustive enumera-
tion of all options. Such methods suit cargo load-
ing optimization problems under complex con-
straints. Current studies are divided into genetic
algorithms'®2933 and particle swarm optimiza-
tion techniques.® 9 11,3435

Genetic algorithms such as HGA'® propose a
hybrid genetic model for cargo loading optimiza-
tion under complex constraints. The objective is
to minimize the center-of-gravity shift and fuel
burn. GA-normal®® also employs a classical ge-
netic algorithm for the same problem. DMOPSO?
and PSO-normal® adopt particle swarm optimiza-
tion. Their goals are to reduce fuel consump-
tion and center-of-gravity deviation, respectively.
They convert diverse constraints into penalty fac-
tors, which lowers modeling complexity. How-
ever, a large search space under complex con-
straints still yields a high computational cost.
The papers3”3® adopt the Maximum Expert Con-
sensus Model (MECM) as the core framework.
They incorporate satisfaction functions and un-
certainty modeling for robust, preference-aligned
group decision support. However, the search time
is long under current multi-constraint and com-
plex scenarios.

In conclusion, heuristic search continuously
updates the optimal solution in the search space.
It solves the drawbacks of combinatorial optimiza-
tion in complex constraints scenario. However, in
order to achieve higher solution accuracy, heuris-
tic search needs to repeatedly update and iterate
the search space, which greatly increases the time
cost of the solution.

741

3. Method
3.1. Overview

FastLoader is designed based on two features
of cargo loading optimization: (1) modeling the
cargo loading scenario under complex constraints
is difficult and requires a high degree of expertise;
(2) the search space in heuristic search contains a
large number of infeasible solutions,'®2? and the
time costs of finding solutions in the search space
increases when the number of constraints in the
cargo loading scenario increases. That is, simple
modeling methods produce a larger search space,
but in our scenario, feasible solutions in the search
space only account for 40% of the search space.
The remaining 60% of infeasible solutions nega-
tively affect the accuracy and speed of the existing
methods.

Figure 2 illustrates the architecture of Fast-
Loader, which is split into two stages and three
modules: optimization problem modeling (cargo
loading constructor), search space reduction (clas-
sic cargo loading solver and search space reducer).
We design optimization problem modeling and
search space reduction to support cargo loading
optimization under complex constraints. The goal
of FastLoader is to reduce solution time costs
while maintaining high accuracy.

First, the optimization problem modeling in
FastLoader is able to clearly construct the basic
information of cargoes and the modeling informa-
tion required for the large language model (LLM).
At the stage of optimization problem modeling,
cargo loading constructor (§ 3.2) takes cargo data,
cargo hold data, and loading constraints as input.
FastLoader also develops two data structures as
the output constructor to support problem solv-
ing and search space reduction. The cargo in-
formation contains two types of cargo attributes.
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Table 2. Experimental results of different algorithms for air cargo loading on wide-body aircraft.

Al ith B7T7 B787
gorithm MAC(%)] INDEX(%)] TIME() | | MAC(%) | INDEX(%) ] TIME() |
Deepseek 24.3040.82 10.00+6.51 2.14+0.20 24.32+0.72 10.00+5.43 2.17+0.18
Llama 24.20+0.58 9.17+4.73 1.04+0.01 24.31+0.61 9.77+4.58 1.04+0.00
FastLoader Phi 24.22+0.64 9.33+5.05 1.36+0.01 24.12+0.41 8.20+2.82 1.39+0.05
Qwen-1.5 24.38+0.85 10.68+6.84 1.87+0.10 24.1040.48 7.97+3.44 1.68+0.35
Qwen-3 24.14+0.62 8.65+5.08 1.7640.49 24.19+0.72 8.79+5.86 1.70+0.46
Combinatorial COM 25.39+0.98 16.21+5.80 0.02+0.01 25.24+0.83 15.7645.03 0.04=+0.01
. e . IO0M 25.30+0.96 15.84+5.64 0.03+0.01 25.16+0.80 15.6145.03 0.03+0.01
optimization MLIP 25.25+0.97 15.75+5.78 0.05+0.01 25.17+0.84 15.5845.20 0.1240.01
HGA 23.2540.47 9.14+3.25 110.21+25.5 23.64+0.24 9.19+4.82 183.91+20.16
Heuristic GA-normal | 23.24+0.47 9.26+3.11 118.30+17.98 | 23.68+0.24 9.56+4.36 185.54+20.95
search DMOPSO 23.36+0.38 9.40+4.10 135.21+26.36 | 23.56+0.31 9.25+3.78 269.48+28.15
PSO-normal | 23.39+0.69 9.30+3.47 160.19+24.63 | 23.38+0.69 9.21+4.78 275.49420.24

Table 3. Experimental results of different algorithms for air cargo loading on wide-body aircraft.

Al ith B7T7 B787
gorithm MAC(%)] INDEX(%)] TIME() | | MAC(%) | INDEX(%) ] TIME(S) |
Deepseek 24.30+0.82 10.00+6.51 2.14+0.20 24.32+0.72 10.00+5.43 2.17+0.18
Llama 24.20+0.58 9.17+4.73 1.04+0.01 24.31+0.61 9.77+4.58 1.04+0.00
FastLoader Phi 24.2240.64 9.33+5.05 1.36=+0.01 24.12+0.41 8.20+2.82 1.39+0.05
Qwen-1.5 24.38+0.85 10.68+6.84 1.87+0.10 24.10+0.48 7.97+3.44 1.68+0.35
Qwen-3 24.14+0.62 8.65+5.08 1.76+0.49 24.19+0.72 8.79+5.86 1.70+0.46
Combinatorial COM 25.39+0.98 16.21+5.80 0.02+0.01 25.24+0.83 15.7645.03 0.04+0.01
.. IOM 25.30+0.96 15.84+5.64 0.03+0.01 25.1640.80 15.6145.03 0.03+0.01
optimization MLIP 25.2540.97  15.75+578  0.05x001 | 25.17+0.84 15.58+5.20 0.12+0.01
HGA 23.2540.47 9.14+3.25 110.21+25.5 23.6440.24 9.19+4.82 183.91+20.16
Heuristic GA-normal | 23.24+0.47 9.26+3.11 118.30+17.98 | 23.68+0.24 9.56+4.36 185.54+20.95
search DMOPSO 23.36+0.38 9.40+4.10 135.21+26.36 | 23.56+0.31 9.25+3.78 269.48+28.15
PSO-normal | 23.39+0.69 9.30+3.47 160.19+24.63 | 23.38+0.69 9.21+4.78 275.49420.24

ULD records the weight, cargo type and cargo
hold correspondence between cargo and the cargo
hold. Bulk records the weight, cargo volume,
and the bulk information, such as mail, luggage,
etc. The LLM engine consists of aircraft type and
cargo constraints. The cargo constraints include
all important constraint information for the cargo
loading scenario.

Second, the search space reduction is based
on the existing heuristic search methods. We de-
sign two modules, including a classic cargo load-
ing solver and a search space reducer. The cargo
loading solver (§ 3.3) generates its search space
and takes cargo information and cargo loading
features as input. Then, the solution is com-
pleted through classic heuristic search method.
The search space reducer (§ 3.4) calculates the
score of each solution in the search space. At the
same time, driven by LLM, it uses the important
constraint information contained in the LLM en-
gine to simplify the search space.

3.2. Cargo loading constructor

Cargo loading constructor converts the cargo in-
formation and complex constraints into simpli-
fied modeling data and inputs them into the next
stage. There are two main steps in the cargo
loading constructor, including cargo information
building and engine building.

Cargo information building. In this step,
we design a dictionary data structure to record
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the information of two main cargo types: Unit
Load Device (ULD) and Bulk. The raw mani-
fest is transformed into a high-resolution descrip-
tion of every freight item so that optimization
algorithms can consume the data with no fur-
ther cleaning. (1) Each record is first classified
as either a ULD or bulk cargo. It is then en-
riched with all operational attributes: mass, ULD
contour code (or bulk volume), special-handling
tags such as “dangerous goods” or “perishables,”
and any stated stowage preferences or prohibi-
tions. (2) The constructor also references airline
and aircraft documentation to enumerate which
cargo hold positions are structurally or geometri-
cally compatible with that piece. The output is a
pair of dictionaries keyed by unique cargo IDs. (3)
Items that violate a structural rule at this stage
(e.g., a heavy ULD that exceeds every individual
hold limit) are flagged immediately.

Engine building. The second step assem-
bles an LLM engine that fuses aircraft cargo hold
information and complex constraints into a sin-
gle data structure. (1) Numeric constants are
loaded from the trim-sheet database and stored
in a structured map. The numeric constants in-
clude the longitudinal coordinates of every hold,
individual weight capacities, and the center-of-
gravity (CG). (2) Complex constraints are then
appended as human-readable clauses: examples
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include “Dry-ice must not share a sealed com-
partment with live animals” or “Lithium batter-
ies may only occupy ULD positions equipped with
fire-suppression liners”. Unlike the numeric con-
stants, these clauses are deliberately retained in
natural language so that an LLM performs fast,
semantics-level validation before a candidate plan
is ever scored numerically. (3) LLM engine binds
the cargo dictionaries to the aircraft map, con-
structing an output that is processed by cargo
loading solver. The same output is serialized into
a concise prompt for the LLM so that complex
constraints are processed effectively by the LLM.

3.3. Cargo loading solver

Cargo loading solver only performs iteration
searching in classic heuristic search to solve the
air cargo loading problem. Note that each (k-th)
iteration has its own search space, which is de-
fined as a matrix of solutions S*):

k k k
S8 s s
k k k
'EE
Svi Snz2 Sngs
where S® represents one of the k-th iteration’s

7‘7
solutions,j N represents the length of the search
space. Here, i and j are used to identify the
position of a candidate solution in the two-
dimensional search space grid. In each iteration,
the cargo loading solver updates the solution in
the search space to facilitate the search for the
optimal solution.

In the search space, not all solutions satisfy
all the complex constraints in the scenario. We
define the solution that satisfies all constraints as
a feasible solution and assign it a value of 1. Sim-
ilarly, an infeasible solution is assigned a value of

0:
(k)
Si,j — {

A single-point mutation operator is applied
after crossover, randomly flipping selected genes
in the binary loading matrix to inject new cargo
hold positions. Roulette wheel selection then pre-
serves fitter individuals by drawing each candi-
date with probability p; = cg;/ )_; cg; where cg;
represents its center-of-gravity fitness. Even af-
ter this evolutionary update, the expanded search
space still contains a high density of infeasible so-
lutions, so convergence typically demands thou-
sands of iterations and incurs substantial compu-
tational time.

1 feasible solution

. @

infeasible solution.
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3.4. Search space reducer

We design search space reducer to reduce the sub-
stantial time caused by cargo loading solver. In
each iteration of search, the search space reducer
accepts the search space for crossover and muta-
tion and the corresponding scoring matrix:

kal) cg1,1
S%g Cd172
SEe=1 o (3)
51(@1 CYN,1
Sk con)

where the cg; ; represents the center-of-gravity fit-
ness of solution S'*). Driven by the LLM, the

17
search space reducer quickly classifies the current
infeasible solutions and achieves the goal of sig-

nificantly simplifying the search space:
gk glk)

S(k) B 1,1 1‘,2 )
update — . . ( )
k k
il Sua

where the length of the search space after simpli-
fication, n, is much smaller than N before sim-
plification. The simplified search space Sg;zjat . 18
input into the cargo loading solver to participate

in the next round of heuristic search iteration.

4. Evaluation

In this section, we evaluate the performance of
FastLoader compared with state-of-the-art base-
lines. We conduct experiments from the following
three perspectives: performance evaluation, run-
time decomposition, and module ablation anal-
ysis. The experiment comprises seven baseline
air cargo loading algorithms, five large language
models (LLMs), four representative aircraft types,
and an industrial cargo dataset containing 6.1 mil-
lion loading records.

4.1. Basic setting

Testbed. We choose five representative LLMs to
implement FastLoader. The five LLMs include:
(1) DeepSeek-R1% is a 671 billion-parameter
transformer decoder trained on about two tril-
lion multilingual tokens; (2) Llama-2-70B*° is
Meta’s 70-billion-parameter open-source founda-
tion model with an optimized transformer back-
bone for general text generation; (3) Phi-3 (3.8
B)*! is Microsoft’s 3.8-billion-parameter compact
model, tuned on curated and synthetic data to
outperform larger peers on reasoning tasks; (4)
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Qwen-1.5-72B*2 is Alibaba’s 72-billion-parameter
multilingual model that supports up to 32 k con-
text tokens and excels at chat, code, and tool
use; (5) Qwen-3-235B%3 is a 235-billion-parameter
mixture-of-experts model that activates roughly
22 billion parameters per token to achieve high
accuracy with lower compute overhead.

Dataset. The experiments rely on an air
cargo loading dataset collected by China Aviation
Information Co. from June 2024 to January 2025
at an airport in Beijing, China. The data were
collected at the flight level, with each record corre-
sponding to a specific flight’s cargo loading infor-
mation. After initial cleaning to remove erroneous
entries, the dataset comprises over 6.1 million
cargo records spanning more than 1000 aircraft
types. For this study, we sample 200,000 records
drawn from two wide-body aircraft (B777, B787)
and two narrow-body aircraft (A320, B737).

Baseline. We evaluate four state-of-the-
art heuristic search methods, including HGA,'
GA-normal,'® DMOPSO,? and PSO-normal® and
three combinatorial optimization methods, in-
cluding COM,% IOM?® and MLIP.?

Metric Following the setting o
the following three metrics:

e %MAC: The Mean Aerodynamic Chord
(MAC) represents the chord of a hypo-
thetical rectangular wing whose projected
area equals that of the real wing, thereby
maintaining the same aerodynamic and
moment characteristics. Although exact
computation is challenging, the MAC is
often established via wind tunnel testing.
As a key factor in aircraft load analysis,
the %MAC is derived based on this mean
aerodynamic chord. The MAC is calcu-
lated as

f,4 we utilize

C-(I-K)

I8 L RA - LEMAC

NMAC = VAC

x 100 (5)

where C' is the weight constant of the air-
craft, I is the index value corresponding
to the respective weight, K is the constant
that is used to avoid the negative figures,
W is the actual weight of the aircraft,
RA is the reference index values, LEMAC
is the horizontal distance in length units
from reference datum to the location from
the leading edge, and MAC is the length of
mean aerodynamic chord in length units.
The smaller %MAC represents the better
performance of algorithms.

The change rate of index: Index is an-
other significant concept in aircraft cargo
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loading, it is calculated as
w (Bg RA) (6)
where BA is the horizontal distance in
units of length from the reference datum
to the location. The smaller index change
rate represents the better performance of
algorithms.

Algorithm runtime: Algorithm run-
time refers to the measure of execution
time. The lower algorithm runtime rep-
resents the better performance of algo-
rithms.

Index = + K

4.2. Evaluation of loading performance

Hyperparameter setting. For the genetic al-
gorithms (HGA and GA-normal), we set a pop-
ulation of 10,000, run 100 generations, and use a
mutation rate of 0.7 with a crossover rate of 0.2.
For the particle-swarm optimizations (DMOPSO
and PSO-normal), we employ 2000 particles and
100 iterations. Our own method runs for 100 it-
erations on a search space of 100 individuals and
sets the LLM temperature at 0.8, top_p 0.9, and
a repetition-penalty of 1.2.

Comparison of loading accuracy. Table 2
and Table 3 show the comparison results of all
eight methods and five testbeds. We have three
key observations, which are following:

(1) Generalization analysis of FastLoader.

Compared with the combinatorial op-
timization method, FasterLoader shows
higher and more stable solution accuracy,
with higher generalization performance.
This is because the LLM fully under-
stands the complex constraints in the air
cargo loading scenario. However, com-
binatorial optimization methods are dif-
ficult to fully model complex constraints,
resulting in low solution accuracy.
Analysis of different large models. By
observing the accuracy results of the
five LLMs, we find that the accuracy of
Deepseek is lower than that of other large
models under different LLMs. This is be-
cause Deepseek lacks the knowledge of the
relevant scenarios.
Heuristic search algorithm analysis. We
observe that without considering the al-
gorithm runtime, the results of heuristic
search achieve the highest solution accu-
racy in the evaluation of all aircraft types.
This is because the heuristic search meth-
ods generate a huge search space to make
the solution meet the complex constraints
and improve the solution accuracy.
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Comparison of algorithm runtime. By
observing the algorithm runtime of evaluation un-
der four aircraft types, we find the following two
important observations: (1) compared with the
heuristic algorithm, although FastLodaer loses
some accuracy, it has a higher improvement in
algorithm runtime. This is because LLM effec-
tively reduces the search space, improves search
efficiency, and reduces the time cost of the algo-
rithm through its own understanding of complex
constraints; (2) although the combinatorial opti-
mization methods have the lowest algorithm run-
time, they cannot handle complex constraints, re-
sulting in the lowest solution accuracy.

Results. FastLoader maintains stable solu-
tion accuracy in multiple LLMs and multiple air-
craft types, with an average deviation of no more
than 1%. Compared with combinatorial optimiza-
tion methods, FastLoader has an average improve-
ment of 10% in accuracy. Compared with the
heuristic search methods, FastLoader has a loss
of no more than 1.5% in accuracy, but the algo-
rithm runtime is reduced by an average of 90%,
which greatly reduces the time cost of calculating
the solution.

4.3. Evaluation of runtime optimization

Settings. In this comparison, we break down
each step of the heuristic search and evaluate the
algorithm runtime separately. We aim to ana-
lyze in depth which step of the heuristic search
is optimized by Fastloader. Following the hyper-
parameter settings in the previous evaluation, we
choose four heuristic search methods as baselines
to conduct the experiment.

Comparison of runtime. Figures 3 and 4
show the algorithm runtime across four aircraft
types. We have two key observations as follows:
(1) the evolution phase accounts for 99% of the
heuristic search runtime. The main reason why
the heuristic algorithm consumes too much time
is that the search speed in the evolution phase is
slow, and it takes a long time to get an accurate
solution; (2) by simplifying the search space with
LLM, FastLoader significantly reduces the run-
time of the algorithm in the evolution phase. This
is because the proportion of feasible solutions in
the search space increases, while the overall size
of the search space decreases, so the runtime of
solving the problem is effectively reduced.

Results. By breaking down the heuristic
search steps, we observe that FastLoader makes
effective optimizations to the runtime during the
evolution phase, reducing the runtime by 90%.
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4.4. Module ablation analysis

Settings. In this comparison, we set up ablation
experiments for the three modules of FastLoader
to evaluate the impact of each module on this
method.

Iteration analysis. Asshown in Figure 5a-c,
we set different numbers of iterations in the eval-
uation, and we have two key observations as fol-
lows: (1) when FastLoader has a small number of
iterations (e.g., 2 and 10 iterations), the balancing
results %WMAC and %index still achieve high accu-
racy; (2) we particularly observed that when the
number of iterations is low, the solution accuracy
of each large model is basically close. When the
number of iterations exceeds 10, in the evaluation
performance of %MAC, the results of Deepseek,
phi, and llama are better than the Qwen, which
shows these three LLMs have better capabilities
in simplifying the load balancing search space un-
der complex constraints.

Token length analysis. As shown in Fig-
ure 5 d-f, we set different length of token in the
evaluation, and we have two key observations: (1)
the accuracy of the solution drops significantly
when the token is between 64 and 128 and tends
to converge in other token settings (256, 512); (2)
FastLoader has high accuracy and small differ-
ences under different token length settings. As a
result, FastLoader is robust to token length set-
tings. The reason is that all methods almost over-
lap when the token length is greater than 128 (the
difference is less than 0.05% MAC). We conclude
that whether it is Deepseek /phi based on instruc-
tion fine-tuning or the larger Qwen/Llama, as
long as the length of the token exceeds 128, they
stably output the optimal solution in the same
order of magnitude.

Population size analysis. As shown in Fig-
ure 5 g-i, we set different population sizes in the
evaluation, and we have the following three key
observations: (1) FastLoader achieves high accu-
racy in the results of %MAC and %index under
different initial population size settings; (2) when
the population size exceeds 50, the solution ac-
curacy of all LLMs further improves, but when
the population size exceeds 100, the accuracy of
Qwend decreases. This is because when Qwen3
generates the initial population, the similarity of
the solutions in the population is too high, caus-
ing the result to fall into the local optimal solu-
tion. Under the same settings, other LLMs do not
fall into the local optimal solution; (3) in terms
of algorithm runtime, when the population size
is set to 200, except for the time reduction of
Qwen3, the algorithm runtime of the other LLMs
increases. However, the overall time to complete
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the inference does not exceed 3 s, indicating that
in different large model deployments, the opti-
mization ability of FastLoader is robust under dif-
ferent population size settings.

Other parameter setting analysis. As
shown in Figure 5j-1, we evaluate four differ-
ent combinations of temperature, top_p and re-
peat penalty. The four parameter combinations
are: {0.8,0.9,1.2}, {0.3,0.3,1.0}, {0.6,0.7,1.5}, and
{0.5,0.6,1.1}. We have the following two key ob-
servations: (1) in terms of algorithm runtime, the
runtime of Deepseek and Llama improves in the
first three sets of parameter settings. However, for
the other LLMs, FastLoader still has stable run-
time under multiple experimental combinations
and still has good robustness; (2) in the first three
sets of parameter settings, the solution accuracy
of LLM remains unchanged and has high robust-
ness. But the accuracy decreases slightly under
the fourth parameter combination. This is be-
cause under this parameter setting, temperature
is 0.5, which introduces moderate generation di-
versity, while top_p is 0.6, which limits the selec-
tion space. They cause the model generation to
deviate slightly from the optimal solution, but the
accuracy remains at a high level.

Impact of Model Stability on Perfor-
mance. We further analyze the impact of large
model stability on our method’s performance. In
Stage one, modeling relies on prompts to help
the model understand complex scenarios. Fig-
ure 5 d-f, j,k reflects this effect. When the length
of tokens increases and the repetition penalty is
too high, inference time rises and accuracy drops.
This is because a high repetition penalty makes
the model’s judgment unstable in complex con-
strained settings. As a result, it fails to reduce
the search space efficiently, lowering both speed
and solution quality.

Results. Across iterations, token lengths,
population sizes, and other parameter settings,
FastLoader maintains high solution accuracy
within 8 s, confirming its robustness while expos-
ing less than 1% differences among the evaluated
LLMs.

5. Conclusion

This work presents the design and evaluation
of FastLoader, an LLM-based optimization ap-
proach for accelerating cargo loading. In the op-
timization problem modeling stage, cargo loading
constructor accurately model the scenarios with
numerous cargo types and complex constraints. It
achieves higher solution accuracy than combina-
torial optimization methods. In the search space
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reduction stage, the search space reducer effec-
tively reduces the search time and improves the
solution speed. It achieves a significantly shorter
runtime while sacrificing only a negligible amount
of solution accuracy.

We are further improving search efficiency in
the solution process for cargo hold loading prob-
lems. This aims to handle more complex and di-
verse loading scenarios effectively. Complex sce-
narios often involve more constraints across mul-
tiple dimensions. Examples include item compat-
ibility, stacking stability, and loading/unloading
order. To obtain high-quality solutions in a
shorter time, we aim to integrate reinforcement
learning into the search space reduction process
in the future.
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