The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B4-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission IV, 4—-11 July 2026, Toronto, Canada

Hierarchy-Aware Intent Recognition and Task-Oriented Text Generation for Non-Expert
Satellite Instructions

Li Xinyue', Wang Chunhui®", Li Hongwei?, Jiang Zifeng®

! School of Aeronautics and Astronautics, Zhejiang University — surprisemiluo@163.com
2 College of Information Science and Electronic Engineering, Zhejiang University — hytgwch@zju.edu.cn; lhw1992@zju.cn
3 STAR.VISION Aerospace Group Limited, Hangzhou, China — jiang.zifeng @star.vision
* Corresponding author: Wang Chunhui

Keywords: Intent Recognition, Hierarchical Annotation, Negative Sample, Parameter-Efficient Fine-tuning, Intelligent Remote
Sensing Task Understanding.

Abstract

With the rapid advancement of large language models, natural-language-based understanding of satellite task requests is becoming
increasingly important for improving the accessibility of remote-sensing services. However, satellite commands issued by non-
expert users are often conversational, ambiguous, and terminologically inconsistent, leading to a substantial gap between free-form
expressions and structured task representations. To address this challenge, we propose a hierarchy-aware framework for intent re-
cognition and task-oriented text generation from non-expert satellite instructions. Specifically, we design a hierarchical annotation
scheme that models intent levels, parameter structures, inter-element relations, and execution complexity, and we further construct
a hierarchical sequence representation for learning. We then introduce a boundary-aware sample organization method based on se-
mantic similarity and structural proximity, together with a retrieval-augmented multi-type negative-sample reorganization strategy
to enhance robustness. Finally, we adopt Qwen3-8B with LoRA for parameter-efficient domain adaptation and unified generation
of top-level intents and task-oriented outputs. Experiments on a manually curated dataset of 4,025 non-expert satellite instruc-
tions show that the proposed method consistently outperforms multiple baselines on both intent classification and task-oriented

generation, demonstrating a resource-efficient and scalable solution for natural-language satellite task interfaces.

1. Introduction
1.1 Research Background and Problem Statement

With the wide application of remote sensing satellite sys-
tems in land monitoring, disaster response, ecological pro-
tection, and urban governance, remote sensing services are
gradually evolving from expert-dominated closed processing
pipelines toward more intelligent, service-oriented, and inter-
active paradigms (Kuckreja et al., 2024). In particular, with the
rapid development of large language models (LLMs), using nat-
ural language to interact with complex remote sensing systems
has become an important technical path for reducing system
usage barriers and improving service accessibility (Mansourian
and Oucheikh, 2024, Zhang et al., 2024b, Manvi et al., 2023).

However, in real-world scenarios, many satellite instructions
are issued by non-expert users who lack professional know-
ledge of remote sensing. Such instructions are often conver-
sational, non-standardized, and highly implicit in parameter ex-
pression. As a result, users are often unable to express observa-
tion requirements, processing demands, or consultation needs
in the form of standardized operational parameters. Therefore,
how to map free-form natural language instructions into task
representations with explicit operational semantics has become
a key fundamental problem in intelligent remote sensing inter-
action systems.

Unlike general text classification or open-domain question
answering, understanding non-expert satellite instructions re-
quires the model not only to identify the user intent but also to
organize relevant task information to support downstream satel-
lite applications such as task planning, data recommendation,

and human—machine collaborative decision-making (Powell et
al., 2023). This problem therefore combines both domain se-
mantic modeling and task-oriented generation, and requires the
model to align natural language understanding with operational
task structures.

1.2 Key Challenges and Research Idea

Although LLMs provide new opportunities for natural language
task understanding, several challenges remain in the scenario of
non-expert satellite instructions. First, non-expert users often
use vague and colloquial expressions instead of formal opera-
tional terms, which creates a clear mismatch between natural
language expressions and remote sensing task semantics. As
a result, it is difficult for a model to achieve accurate map-
ping by relying only on general linguistic knowledge (Manvi
et al., 2023). Second, strong semantic confusion often exists
among neighboring intent categories. Some instructions are
highly similar in surface expressions but belong to different op-
erational functions, which makes classification boundaries dif-
ficult to distinguish (Wang et al., 2022). Third, high-quality an-
notated data in this domain are limited, and public resources are
scarce. Therefore, zero-shot, few-shot, or conventional super-
vised learning methods often fail to achieve stable performance
(Soudani et al., 2024, Jiang et al., 2024). Finally, this task re-
quires the model not only to output a top-level intent category
but also to generate task-oriented results for downstream pro-
cessing (Wu et al., 2020a), which places higher demands on
unified modeling ability.

To address these issues, this paper builds a unified frame-
work from three aspects: hierarchical semantic modeling,
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boundary-aware sample strategy, and parameter-efficient fine-
tuning. First, according to the operational semantic character-
istics of non-expert satellite instructions, we construct a hier-
archical annotation scheme covering intent hierarchy, para-
meter hierarchy, element relations, and execution complexity.
We further design a hierarchical sequence representation so that
non-standard natural language instructions can be mapped into
a unified semantic space with operational interpretability (Wang
et al., 2022, Zhou et al., 2020). Second, to address neighbor-
ing intent confusion and low-resource constraints, we propose
a hierarchy-aware semantic boundary modeling method. This
method jointly models textual semantic similarity and struc-
tural proximity to construct a semantic—structural neighborhood
score, and further introduces a retrieval-augmented multi-type
negative sample reorganization strategy over the existing train-
ing set to enhance the model’s discrimination ability on com-
plex boundary cases (Robinson et al., 2020, Suresh and Ong,
2021). Finally, we adopt Qwen3-8B as the backbone model and
use LoRA for parameter-efficient fine-tuning (Hu et al., 2022).
With a unified input—output template, the model jointly per-
forms top-level intent recognition and task-oriented list genera-
tion, forming a unified framework from natural language satel-
lite instructions to task-oriented outputs (Valipour et al., 2023,
Zi et al., 2023).

1.3 Main Contributions

This paper focuses on the understanding of non-expert satel-
lite instructions. The main contributions are as follows. (1)
We propose a hierarchical annotation scheme and a hierarch-
ical sequence representation for non-expert satellite instruc-
tions, which provide a unified semantic foundation for the struc-
tured representation and modeling of free-form user requests.
(2) We propose a hierarchy-aware semantic boundary modeling
method together with a retrieval-augmented multi-type negat-
ive sample reorganization strategy, which improves the model’s
ability to distinguish neighboring intent categories, ambiguous
expressions, and complex boundary samples. (3) We build a
lightweight domain adaptation framework based on Qwen3-8B
and LoRA, which enables joint modeling of top-level intent re-
cognition and task-oriented list generation, and improves prac-
ticality and stability under low-resource conditions. (4) We con-
duct experiments on a self-constructed dataset of 4,025 non-
expert satellite instructions. The results show that the proposed
method outperforms multiple baselines in both intent classific-
ation performance and task-oriented output quality.

2. Related Work

2.1 Remote Sensing Satellite Task Understanding and In-
telligent Operation

As remote sensing satellite applications continue to develop to-
ward intelligence, autonomy, and service-oriented operation,
increasing attention has been paid to satellite task planning,
task interpretation, and human—machine collaborative decision-
making (Kuckreja et al., 2024, Mubhtar et al., 2024, Zhang et al.,
2024a). Existing studies mainly focus on two directions. On the
one hand, some work investigates remote sensing question an-
swering, image content understanding, and geospatial semantic
parsing, with the goal of accessing remote sensing products and
geographic information resources through natural language in-
terfaces (Mansourian and Oucheikh, 2024, Zhang et al., 2024b,
Dubey et al., 2025). On the other hand, some studies emphasize
autonomous satellite planning and intelligent payload control,

and attempt to map high-level mission objectives into execut-
able operations (Deleglise et al., 2022).

However, most existing studies are designed for professional
operational workflows, structured task inputs, or standardized
parameter sets. Their inputs usually have relatively clear se-
mantic boundaries. In contrast, research on understanding nat-
ural language satellite instructions from non-expert users re-
mains limited. Such instructions are often conversational, non-
standardized, and implicit in parameter expression. They dif-
fer from both general remote sensing question answering and
standardized satellite task planning inputs. Therefore, this prob-
lem requires a combination of natural language understanding,
remote sensing task semantic modeling, and task result organiz-
ation. Based on this observation, this paper focuses on a unified
understanding path from non-expert natural language satellite
instructions to task-semantic outputs.

2.2 Hierarchical Text Classification and Intent Recogni-
tion

Hierarchical text classification aims to assign texts to categor-
ies by exploiting the hierarchical structure of the label system.
Its core idea is to explicitly model hierarchical dependencies
and semantic relations among labels (Wang et al., 2022, Zhou
et al., 2020). Related research has evolved from early step-
wise classification strategies to modeling frameworks based on
deep neural networks, hierarchical label representations, and
structure-aware training (Wang et al., 2022, Zhou et al., 2020).
More recently, the field has also expanded to methods that com-
bine large language models with hierarchy-aware fine-tuning
(Zi et al., 2023). In general, the main focus of this line of work
is how to effectively incorporate hierarchical label information
into text representation learning and classification decisions,
so as to improve discrimination under complex label systems
(Wang et al., 2022, Zhou et al., 2020).

Intent recognition is closely related to this topic and has been
widely studied in task-oriented dialogue, human—computer in-
teraction, and domain question answering (Wu et al., 2020a,
Louvan and Magnini, 2020). Its goal is to identify the core
intent from user input and support subsequent task execution.
Existing methods usually focus on intent category discrimina-
tion, contextual semantic modeling, and domain adaptation, and
have achieved strong performance in scenarios where the intent
space is relatively stable and expression patterns are relatively
concentrated (Louvan and Magnini, 2020, Jbene et al., 2025).
However, non-expert satellite instructions are more domain-
dependent and task-oriented. They often contain implicit oper-
ational elements such as target regions, temporal requirements,
resolution preferences, and processing demands, which makes
them different from general intent recognition problems (Manvi
et al., 2023).

Furthermore, most existing methods for hierarchical text clas-
sification and intent recognition are developed for general text
scenarios, where the input expressions, label systems, and out-
put goals are relatively fixed (Powell et al., 2023, Wu et al.,
2020a). As a result, they cannot directly cover the opera-
tional workflow attributes, parameter hierarchy information,
complexity variation, and task-oriented output requirements in-
volved in non-expert satellite instructions (Powell et al., 2023).
Therefore, based on the idea of hierarchical information mod-
eling, this paper further constructs a hierarchical annotation
scheme and a unified representation method for remote sensing
operational semantics, so as to enhance the structured under-
standing of such instructions.
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2.3 Similarity-Based Data Augmentation and Sample
Mining

In low-resource text classification tasks, similarity-based
sample organization and sample mining have been widely used
to improve model discrimination ability (Robinson et al., 2020,
Suresh and Ong, 2021). The basic idea is to exploit similar-
ity relations among samples in the representation space and
construct more informative training pairs or groups, thereby
enhancing intra-class compactness and inter-class separabil-
ity (Robinson et al., 2020). Typical studies usually organ-
ize samples of different difficulty levels, such as easy negat-
ives, hard negatives, and semi-hard negatives, to strengthen the
model’s ability to learn classification boundaries (Suresh and
Ong, 2021).

In hierarchical classification scenarios, however, sample rela-
tions are determined not only by surface-level text semantics,
but also by factors such as label hierarchy, parameter patterns,
and structural characteristics (Wang et al., 2022, Suresh and
Ong, 2021). Therefore, recent studies have begun to introduce
hierarchical labels, class priors, and structural constraints into
similarity modeling, in order to improve the accuracy of sample
selection and boundary learning (Wang et al., 2022, Suresh and
Ong, 2021). Nevertheless, most existing work is conducted
on general text classification tasks or public benchmark data-
sets, and cannot directly characterize the complex task bound-
aries found in non-expert natural language satellite instructions
(Powell et al., 2023). Based on this observation, this paper
jointly models textual semantic similarity and structural prox-
imity, and further performs retrieval-augmented multi-type neg-
ative sample reorganization within the existing training set, so
as to organize boundary-sensitive samples more accurately.

In addition to sample organization, parameter-efficient fine-
tuning of large language models has also provided important
support for domain text understanding (Hu et al., 2022, Vali-
pour et al., 2023, Xu et al., 2023). Although general LLMs have
shown strong ability in natural language understanding and gen-
eration, there is often a clear distribution gap between general
corpora and domain-specific texts. As a result, zero-shot or
few-shot inference alone is often insufficient for stable adapt-
ation to specialized scenarios, while full-parameter fine-tuning
requires high computational cost and may introduce overfitting
risks on small domain datasets (Valipour et al., 2023, Xu et al.,
2023). Parameter-efficient fine-tuning methods achieve domain
transfer by updating only a small number of additional para-
meters, and are therefore highly practical under low-resource
conditions (Hu et al., 2022, Valipour et al., 2023). For the task
of understanding non-expert satellite instructions, such meth-
ods can preserve the general semantic capability of large mod-
els while learning domain terminology, expression patterns, and
output formats. This makes them an important technical basis
for the model adaptation strategy adopted in this paper (Hu et
al., 2022, Valipour et al., 2023).

3. Method
3.1 Task Definition and Overall Framework

3.1.1 Task Definition This paper studies the problem of un-
derstanding non-expert satellite instructions. Given a satellite-
related request expressed in natural language by a general user,
the model is required to accomplish two objectives simultan-
eously. The first is to identify the top-level operational in-
tent category of the request. The second is to generate a

task-oriented list that can support downstream operational pro-
cessing. Unlike conventional single-label text classification,
this problem combines intent classification and lightly struc-
tured task representation generation, and can therefore be for-
mulated as a joint learning task.

Let the input request text be

m:{u)17u)27'“711)’71}7 (1)
where w; denotes the i-th word or subword token and n is the
input sequence length. The first output of the model is the top-
level intent label

y € Y = {ACQ, CTRL, MON, DATA, INFO}, 2)

where ACQ, CTRL, MON, DATA, and INFO denote acquisi-
tion requests, on-orbit control requests, operational monitoring
requests, data processing and delivery requests, and consulta-
tion and rule question-answering requests, respectively. The
second output is a task-oriented list

T = {t1,t2,...,tm}, 3)
where t; denotes the j-th component in the task-oriented out-
put, such as task type, target region, time requirement, resolu-
tion preference, sensor mode, product form, or additional notes.
Accordingly, the task can be formulated as a mapping from nat-
ural language instructions to a joint output space:

frz= (y, 1) )

Compared with general task-oriented intent recognition, the
problem studied in this paper has two notable characteristics.
On the one hand, the input text is conversational and con-
tains implicit semantics. On the other hand, the output must
not only identify the correct task category, but also organise
structured information for remote sensing task understanding
as completely as possible. Therefore, instead of adopting a
purely flat classification framework, this paper builds a uni-
fied approach through hierarchical annotation, similarity-driven
sample enhancement, and parameter-efficient fine-tuning.

3.1.2 Overall Framework The proposed framework
mainly consists of four stages: preprocessing and parameter
extraction, hierarchical annotation and hierarchical sequence
representation, hierarchy-aware retrieval-augmented multi-
type negative sample reorganisation, and parameter-efficient
fine-tuning. The overall workflow is as follows.

1. First, the original non-expert satellite requests are prepro-
cessed and their basic operational parameters and intent-
related parameters are extracted. Specifically, we com-
pile a comprehensive dictionary enumerating all possible
keywords, synonyms, and regular expressions for common
satellite task parameters (e.g., geographic locations, tem-
poral expressions, and sensor types). A rule-based match-
ing algorithm is then utilized for initial element extrac-
tion, providing structural inputs for subsequent hierarch-
ical modelling.

2. Second, samples are structurally annotated from four as-
pects, namely intent hierarchy, parameter hierarchy, ele-
ment relations, and execution complexity, and are further
organised into a unified hierarchical sequence representa-
tion.
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3. Third, based on the unified representation, semantic sim-
ilarity, hierarchical proximity, parameter patterns, and
complexity information are jointly considered to con-
struct boundary-aware neighbourhood relations between
samples. Positive samples and multiple types of negative
samples are then organised from the existing training set.

4. Finally, Qwen3-8B is adopted as the backbone large lan-
guage model, and LoRA is used for parameter-efficient
fine-tuning to realise top-level intent recognition and task-
oriented list generation.

As shown in Fig. 1, the proposed framework combines hierarch-
ical representation, boundary-aware sample strategy, and light-
weight domain adaptation to achieve unified modelling from
natural language satellite instructions to task-semantic outputs.

3.2 Hierarchical Annotation and Hierarchical Sequence
Representation

3.2.1 Intent Hierarchy Annotation This paper divides the
top-level intents of non-expert natural language satellite instruc-
tions into five categories: ACQ, CTRL, MON, DATA, and
INFO. On this basis, mid-level operational subcategories and
fine-grained low-level action semantic types are further defined,
forming a three-level intent hierarchy:

L = (l,ﬁ”, 12, l§3>) , (5)

where l§1) denotes the top-level intent category of sample x;,
l§2) denotes its operational subcategory, and ZEB) denotes a finer-
grained action-level semantic type. This hierarchical structure
organises originally flat labels into a semantic framework with
operational workflow attributes, providing more fine-grained

structural priors for subsequent boundary modelling.

3.2.2 Parameter Hierarchy, Relation, and Complexity An-
notation In addition to the intent hierarchy, the parameter in-
formation in each request is also organised hierarchically. Ac-
cording to their roles in task understanding, parameters are di-
vided into three categories: core parameters, constraint para-
meters, and optional parameters:

P’i — (Picore’ Picons’ Piopt) , (6)

where PS¢, P, and prt denote the sets of core paramet-
ers, constraint parameters, and optional auxiliary parameters of
sample z;, respectively. This design is used to characterise se-
mantic differences in parameter organisation among different
satellite instructions.

Since different parameter elements do not exist independently,
this paper further introduces element relation modelling. For
sample x;, its relation structure can be expressed as

R; = (Rfare“t, ReiPling R;;ross) ’ N

(3

where RP**™ denotes the dependency relations between the in-
tent category and parameter elements, R'""™# denotes the co-
occurrence relations among different parameter elements, and
R§™% denotes cross-intent composite semantic relations. Al-
though these relations are not predicted independently in this
paper, they provide supplementary information for subsequent
structural proximity modelling.

In addition, execution complexity annotation is introduced to
describe the overall complexity of a satellite instruction from
three dimensions: linguistic organisation, task semantics, and
technical processing. The complexity representation of sample
x; is defined as

Ci - (Cs'ynz c§€m7 CZeCh) ) (8)

7

yn sem

where ¢, ¢;°", and cﬁe“‘ denote syntactic complexity, se-
mantic complexity, and technical complexity, respectively.
Based on the overall score, each sample is further mapped to
a discrete complexity level, which is used for selecting and or-
ganising samples with similar complexity in subsequent mod-
elling.

3.2.3 Hierarchical Sequence Representation To incorpor-
ate the above multi-dimensional hierarchical annotations into a
unified modelling framework, this paper further designs a hier-
archical sequence representation. For sample z;, its intent hier-
archy, parameter hierarchy, complexity information, and rela-
tion information are encoded into a structured sequence:

H»L' = Serialize(Li, PZ', Ci7 Ri), (9)

where Serialize(-) denotes the sequence serialisation function.
To improve the operability of the representation, the hierarch-
ical sequence is further explicitly expanded as

H, = [151)7 Z’EQ)7 11(3)’ ]D’L_core7 PZ‘COHS, Piopt’ C«;evel7 Rzag], (10)
where C}°¥®! denotes the discrete complexity level and R;*® de-
notes the discretised relation structure tag. This representation
transforms hierarchical annotation from a static label collection

into a unified structural interface for subsequent sample neigh-
bourhood modelling and training sample organisation.

3.3 Sample Neighbourhood Modelling and Multi-Type
Negative Sample Reorganisation

3.3.1 Sample Neighbourhood Modelling In low-resource
scenarios, the organisation of training samples has a strong in-
fluence on model performance. To construct neighbourhood re-
lations that better match task semantic boundaries, this paper
first models the proximity relations among samples in the uni-
fied representation space.

Given samples x; and x;, a text encoder is used to obtain their
semantic representations:
where E(-) denotes the text encoding function. Based on co-

sine similarity, the textual semantic similarity between the two
samples is defined as

Ssem (1,7) = ol (12)
(:3) = T Ty

However, relying only on textual semantic similarity is insuf-
ficient for accurately characterising the true boundaries among
satellite instruction samples. Therefore, this paper further intro-
duces structural proximity modelling. The structural proximity
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Figure 1. Overall framework of the proposed method.

between samples x; and x; is defined as

Sstr(iyj) :Blshier(i7j) + /82Sparam(i7j)

13
+ BBScomp(iaj) + ﬁ4SY01(i7j)7 ( )

where /817 /627 /637 /64 2 0 and
Br+ Pa+ P+ fa = 1. (14)

Each component is defined as follows.

(1) Hierarchical similarity Hierarchical similarity Shier (¢, 7)
measures the closeness of two samples in the intent hier-
archy. Suppose the three-level intent labels of x; and x; are

(lgl), lz(-Q), lz@) and (l;l), l§2), l;3)), respectively. Then

Shier(i, ) =1 (11 = 1V) + 71 (1 =17

+ 1 (10 =17, (15)

where 1 > v1 > v2 > 3 > 0.

(2) Parameter pattern similarity Parameter pattern similar-
ity Sparam (2, ) measures the similarity of parameter role organ-
isation between two samples. Let P, P, and PP de-
note the core, constraint, and optional parameter sets of sample
x;, respectively. Then

Spa.ram(i, .7) :nl‘](Picorea P]?OTG) + WQJ(Piconsv P;OHS)

16
+773J(P¢0Ptapj")pt)7 (10
where AN B
N
J(A,B) = AU B[ 17

denotes the Jaccard similarity, and 1 + 72 + 73 = 1.

(3) Complexity similarity Complexity similarity Scomp (%, j)
measures the closeness of two samples in terms of overall com-
plexity. If the complexity levels of x; and z; are ¢; and c;j,
respectively, then

lei — ¢

Scom ', )=1-— 5
p(%,7) Croon

(18)

where Chax denotes the maximum possible difference in com-
plexity levels.

(4) Relation structure similarity Relation structure similar-
ity Srei1(, 7) measures the overlap between the relation structure
tags of two samples, and is defined as

Srer(i, j) = J(R;®, R}™). (19)

Finally, by jointly combining semantic similarity and structural
proximity, the boundary-aware neighbourhood score is defined
as

5(17]) = aSSem(ivj) + (1 - a)SStr(i7j)7 (20)

where o € [0, 1] is a balancing coefficient. For each anchor
sample z;, candidate samples are sorted in descending order ac-
cording to S(i, j), yielding its boundary-aware neighbourhood
set.

3.3.2 Positive and Negative Sample Organisation and Re-
trieval-Augmented Mechanism Based on the sample neigh-
bourhood modelling described above, this paper further organ-
ises positive samples and multiple types of negative samples
from the existing training set to improve the model’s discrim-
ination ability across different boundary scales. For anchor
sample x;, the positive set is preferentially selected from same-
class samples with higher hierarchical consistency and greater
structural similarity. When such candidates are insufficient,
neighbouring samples with the same top-level intent and similar
complexity are added.

For heterogeneous samples, this paper divides negative samples
into five types according to the boundary-aware neighbourhood
score and hierarchical difference information.

1. Easy negatives: samples with different top-level intents
from the anchor and low overall similarity. They help
the model quickly establish coarse inter-class separation
boundaries.

2. Semi-hard negatives: samples with different classes but
some similarity in local semantics or parameter patterns.
They help improve training stability.

3. Hard negatives: samples that are highly similar to the
anchor in semantics but belong to different classes, espe-
cially neighbouring confusing samples. They are used to
strengthen fine-grained boundary learning.
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4. Hierarchical negatives: samples that share the same top-
level intent as the anchor but differ at the middle or lower
semantic levels, or heterogeneous samples located near
hierarchical boundaries. They are used to improve the
model’s sensitivity to hierarchical boundary changes.

5. Complexity-aware negatives: samples with complexity
levels similar to that of the anchor but different operational
semantics. They are used to prevent the model from mak-
ing decisions based only on shallow complexity cues such
as sentence length or parameter quantity.

Based on this design, the retrieval-augmented sample set of an-
chor sample z; is constructed as

_ easy semi hard hier comp
Al_{quth 7Ni 7N'L 7Ni 7N»L' }7 (21)

where P; denotes the positive sample set, and N;*%, Npemi
Nhard prhier fang N;°™P denote the five negative sample sets,
respectively. In this way, the model can explicitly perceive
intra-class aggregation relations, inter-class boundary relations,
and neighbouring confusion caused by hierarchy and complex-
ity perturbations during training, thereby improving its ability
to learn complex semantic boundaries.

positive samples

easy negatives

emi-hard

boundary-
ouncary negatives

aware retrieval

cosine simil

satellite request E
A

hard negatives
hierarchical structure

< hierarchical
616 A negatives

complexity-aware
negatives
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Figure 2. Boundary-aware sample strategy and
retrieval-augmented multi-type negative sample reorganisation
process.

As shown in Fig. 2, the sample neighbourhood modelling and
retrieval-augmented mechanism together form the boundary-
aware sample strategy process.

3.4 Parameter-Efficient Fine-Tuning Framework Based
on Qwen3-8B

34.1 Backbone Model and Lightweight Adaptation
Strategy To achieve joint understanding and output gener-
ation for non-expert natural language satellite instructions,
this paper adopts Qwen3-8B as the backbone large language
model. This model provides strong Chinese semantic under-
standing, instruction-following ability, and structured output
capability, while maintaining a reasonable balance between
performance and training cost. Considering the limited size of
the dataset used in this work, full-parameter fine-tuning would
not only require high computational cost but also introduce
a higher risk of overfitting. Therefore, LoRA is adopted for
parameter-efficient fine-tuning.

Let W denote the original weight matrix of a linear layer. Its
update under LoRA can be written as

W' =W + BA, (22)

where B and A are trainable low-rank matrices. In this way,
the model can learn domain terminology, expression patterns,
and output structures in the satellite instruction scenario with
relatively low computational overhead.

3.4.2 Input-Output Design During training and inference,
this paper adopts a unified instruction-style input—output format
to jointly model top-level intent recognition and task-oriented
list generation. Let the input satellite instruction text be x;, and
let the model be denoted by My, where 6 represents the LoORA-
adapted model parameters. The output of the model is written
as

Mo(a:) = (4, ), (23)

where §j; denotes the predicted top-level intent category, and 7}
denotes the generated task-oriented list.

To improve training consistency, the following unified template
is adopted:

Input Template: Task: Understand the following non-expert
satellite request and output its top-level intent and task-oriented
list. To help distinguish complex semantic boundaries, please
refer to the following reference samples:

[Reference Context]

Positive Reference: {Text of a sampled positive instance} —
Intent: {intent label}

Negative Reference: {Text of a sampled negative instance} —
Intent: {intent label}

Request: {user request}

Output Template:
oriented list:

Top-level intent: {intent label} Task-

e Task Type: {task type}

Target Region: {target region}
e Time Requirement: {time requirement}
e Resolution Preference: {resolution preference}

e Sensor / Product Preference: {sensor or product prefer-
ence}

Notes: {notes}

This design preserves the flexibility of generative models while
providing a relatively stable output interface for subsequent hu-
man review and operational execution.

3.4.3 Joint Training Objective This paper mainly adopts
supervised fine-tuning to learn the mapping from request text to
target output based on the enhanced training set. Let y;” denote
the ground-truth top-level intent label of sample x;, and let T}
denote its ground-truth task-oriented list. The overall training
objective is defined as

L= ﬁcls + >\Egen7 (24)

where L5 denotes the intent classification loss, Lgen denotes
the task-oriented generation loss, and A is a balancing coeffi-
cient. By jointly optimising these two objectives, the model can
simultaneously learn category discrimination ability and task
element organisation ability within a unified training frame-
work.
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It should be noted that this paper adopts a strategy of uni-
fied training and separate evaluation. During training, top-level
intent recognition and task-oriented list generation are jointly
learned through a unified output template. During evaluation,
intent classification metrics and task-oriented output metrics are
calculated separately. This strategy preserves the integrity of
satellite instruction understanding while also facilitating inde-
pendent analysis of classification performance and output qual-

ity.
4. Experiments

4.1 Dataset Construction and Experimental Settings

4.1.1 Self-Constructed Dataset To evaluate the effective-
ness of the proposed method in realistic scenarios, this pa-
per constructs a dataset containing 4,025 non-expert natural
language satellite instructions. The data are collected from
anonymised natural language satellite request samples, with
a focus on common input forms from general users in scen-
arios such as remote sensing data acquisition, task consultation,
task expression, and result feedback. Unlike public general-
domain text classification datasets, this dataset exhibits clear
domain-specific characteristics. The instruction texts are often
conversational, contain non-standard terminology, have incom-
plete parameter expressions, and involve implicit intents, which
makes the dataset more consistent with real-world application
scenarios.

According to the hierarchical annotation scheme proposed in
this paper, all samples are manually annotated from the fol-
lowing aspects: (1) top-level intent category; (2) hierarchical
intent labels; (3) parameter hierarchy information; (4) element
relation labels; (5) execution complexity labels; and (6) task-
oriented outputs.

The top-level intent categories are divided into five classes:
ACQ, CTRL, MON, DATA, and INFO. To ensure annotation
quality, we adopt a double-annotation and review procedure.
Samples with inconsistent annotations are discussed and re-
vised, and a third-party reviewer is introduced when necessary.
This process yields a structured dataset that can be used for
model training and testing.

4.1.2 Dataset Split and Experimental Settings The data-
set is divided into training and test sets, while the distributions
of intent categories, expression styles, and complexity levels
are kept as consistent as possible across subsets. The category
distribution is shown in Table 1.

Table 1. Category distribution of the self-constructed non-expert
satellite instruction dataset.

Intent Class  Description Train Test Total

ACQ Acquisition requests 651 156 807

CTRL On-orbit control re- 639 164 803
quests

MON Operational monit- 646 159 805
oring requests

DATA Data processing and 641 163 804
delivery requests

INFO Consultation and 648 158 806
rule Q&A requests

Total 3225 800 4025

All experiments are conducted under a unified training and eval-
uation framework. Qwen3-8B is used as the backbone model

and is fine-tuned with LoRA. In terms of input organisation,
a unified instruction template is adopted so that top-level in-
tent recognition and task-oriented list generation are learned
within the same supervised fine-tuning framework. The main
hyperparameters include learning rate, batch size, number of
training epochs, LoRA rank, maximum sequence length, and
the weighting parameters used in sample neighbourhood mod-
elling.

4.2 Baselines and Evaluation Metrics

4.2.1 Baselines To evaluate the effectiveness of the pro-
posed method, baseline methods are introduced from both the
intent classification and task-oriented output perspectives, cov-
ering general pre-trained models, large language models, and
representative hierarchical text classification methods.

For general pre-trained models, BERT-base and MacBERT-
base are used as classification baselines. For large lan-
guage models, Qwen3-8B and Llama-3-8B are selected as
open-source models of comparable scale. For each model,
zero-shot, few-shot, and LoRA fine-tuning settings are con-
sidered, so as to compare the effects of different adaptation
strategies and analyse generalisation across backbone mod-
els. For hierarchical text classification methods, HHAGM(Wu
et al., 2020b)and HPT(Wang et al., 2022) are selected as rep-
resentative baselines, corresponding to hierarchy dependency
modelling and hierarchy-aware prompt learning, respectively.
These public methods are adapted to the task setting of the self-
constructed satellite instruction dataset and are evaluated under
the same data split and metric criteria.

It should be noted that the intent classification experiment fo-
cuses on classification performance and therefore includes all
baselines. In contrast, the task-oriented output experiment only
includes methods that can produce structured outputs. For
BERT-base and MacBERT-base, task results are generated us-
ing a classifier-plus-template-filling strategy. Ours denotes the
complete method proposed in this paper, which integrates hier-
archical sequence representation, boundary-aware sample mod-
elling, and multi-type negative sample reorganisation within the
Qwen3-8B + LoRA framework.

4.2.2 Evaluation Metrics This paper evaluates model per-
formance from two aspects: intent classification performance
and task-oriented output quality. A strategy of unified training
and separate evaluation is adopted.

(1) Intent classification metrics

e Accuracy: overall classification accuracy.

e Macro-F1: the average F1 score over all classes, which is
used to measure overall performance under potential class
imbalance.

(2) Task-oriented output metrics

e Task Intent Accuracy: the accuracy of intent consistency
in the task-oriented output.

e Structured Exact Match (EM): a prediction is con-
sidered correct only when all key fields and their values
are completely correct.

e Field-level F1: the F1 score calculated based on the
matching of key fields and their values.
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e Human Evaluation Score: a manual assessment of out-
put quality from the aspects of correctness, readability, and
practical usability.

For human evaluation, let A;, R;, and U; denote the scores of
correctness, readability, and usability for the i-th sample, re-
spectively. The sample-level human score is defined as

A+ R AU

H;
3

(25)

The final human evaluation score over a test set with NV samples
is computed as

N
1
Human Score = ~ ; H;. (26)

All three dimensions are rated on a 1-5 scale by domain-
informed annotators following a unified guideline.

4.3 Main Experimental Results

Table 2. Intent classification results of different methods.

Method Accuracy (%) Macro-F1 (%)
BERT-base 91.08 89.36
MacBERT-base 91.87 90.21
HiAGM 92.46 90.84
HPT 93.14 91.63
Zero-shot Llama-3-8B 86.52 83.27
Few-shot Llama-3-8B 89.43 87.12
Zero-shot Qwen3-8B 89.82 87.54
Few-shot Qwen3-8B 92.81 91.17
Qwen3-8B + LoRA 94.67 93.38
Ours 96.52 95.81
4.3.1 Main Results on Intent Classification Table 2

presents the results of different methods on the intent classi-
fication task. Overall, general pre-trained models can perform
basic intent recognition, but their ability to distinguish fine-
grained category boundaries remains limited. By introducing
structural information, hierarchical text classification methods
such as HIAGM and HPT further improve performance over
BERT-style models, which indicates that hierarchical modelling
is beneficial for this task. In comparison, large language models
show a certain level of generalisation under zero-shot and few-
shot settings, but their performance remains constrained when
domain adaptation is insufficient. After LoRA fine-tuning is
introduced, classification performance improves substantially.
The proposed method achieves the best results on both Accur-
acy and Macro-F1, which shows that hierarchical sequence rep-
resentation, boundary-aware sample modelling, and multi-type
negative sample reorganisation effectively improve intent dis-
crimination for complex satellite request scenarios.

4.3.2 Results on Task-Oriented Output Generation In
addition to intent classification, this paper further compares the
performance of different methods on task-oriented output gen-
eration. The results are shown in Table 3.

Table 3 reports the results of different methods on task-oriented
output generation. Overall, template-based pipeline methods
can produce relatively stable structured results, but they tend to
suffer from insufficient field coverage and incomplete semantic

recovery in complex request scenarios, which limits their per-
formance. In contrast, zero-shot and few-shot large language
models have stronger natural language generation ability, but
their outputs still fluctuate in structural stability and parameter
accuracy due to limited domain constraints.

After LoRA fine-tuning is introduced, both Qwen3-8B and
Llama-3-8B show clear improvements across all metrics, indic-
ating that parameter-efficient fine-tuning effectively enhances
the model’s ability to learn terminology, field organisation, and
output patterns in the satellite task domain. Furthermore, the
proposed method achieves the best results on Slot-F1, ROUGE-
L, Exact Match, and Human Score. This demonstrates that
the proposed hierarchical representation, boundary-aware mod-
elling, and multi-type negative sample reorganisation improve
both task semantic understanding and output generation quality,
resulting in task-oriented outputs that are more complete, more
accurate, and more usable in practice.

4.4 Ablation Study

The following ablation variants are considered in this paper:

e Full model: the complete proposed model;

e w/o hierarchical annotation: removing the hierarchical
annotation scheme and using only top-level intent labels;

e w/o hierarchical sequence: removing the hierarchical se-
quence representation and keeping only the original text
input;

¢ w/o boundary-aware retrieval: removing the semantic—
structural joint neighbourhood modelling and using only
random or flat sample organisation for training;

e w/o negative augmentation: removing the retrieval-
augmented multi-type negative sample reorganisation;

e w/o LoRA adaptation: removing parameter-efficient
fine-tuning or using only the base output setting.

Figure 3. Ablation results of different model variants on the
intent classification task.

The quantitative results of the ablation study are reported in
Table 4.The results show that the full model achieves the best
overall performance, which indicates that the different modules
work well together. The largest performance drop is observed
when hierarchical annotation is removed, showing that hier-
archical annotation is the foundation of the whole framework
and directly affects subsequent structural representation and
sample organisation. Further performance degradation is ob-
served when hierarchical sequence representation is removed,

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B4-2026-643-2026 | © Author(s) 2026. CC BY 4.0 License. 650



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B4-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission IV, 4—-11 July 2026, Toronto, Canada

Table 3. Task-oriented output results of different methods.

Method Slot-F1 (%) ROUGE-L (%) Exact Match (%) Human Score
BERT-base + Template 79.12 76.28 63.54 3.61
MacBERT-base + Template 81.46 78.37 66.12 3.74
Zero-shot Llama-3-8B 70.95 73.84 46.32 3.28
Few-shot Llama-3-8B 81.72 82.96 63.28 3.86
Zero-shot Qwen3-8B 72.43 75.26 48.61 341
Few-shot Qwen3-8B 83.88 84.69 65.74 3.97
Llama-3-8B + LoRA 87.94 89.15 78.63 4.18
Qwen3-8B + LoRA 89.76 90.68 81.84 4.29
Ours 93.86 94.18 88.43 4.56

Table 4. Results of the ablation study.

Variant Accuracy Macro-F1
Full model 96.52 95.81
w/o hierarchical annotation 93.68 92.75
w/o hierarchical sequence 94.83 94.12
w/o boundary-aware retrieval 94.65 93.84
w/o negative augmentation 95.42 94.76
w/o LoRA adaptation 93.31 93.00

which confirms that a unified hierarchical sequence is neces-
sary for fully exploiting structural semantic information.Fig. 3
provides a more intuitive visual comparison of the performance
differences among the ablation variants.

When boundary-aware retrieval and negative augmentation are
removed, the model performance also decreases to different de-
grees. This indicates that boundary-aware sample strategy and
multi-type negative sample reorganisation effectively improve
the model’s ability to distinguish neighbouring intent classes
and complex boundary samples. Compared with other com-
ponents, the gain brought by negative sample reorganisation
is slightly smaller, but it still provides a stable contribution to
overall performance.

In addition, performance drops clearly when LoRA adaptation
is removed, which shows that parameter-efficient fine-tuning is
also critical for adapting large language models to this domain.
Overall, hierarchical representation, boundary-aware sample
modelling, negative sample reorganisation, and LoRA adapt-
ation together constitute the main sources of performance im-
provement in the proposed method.

5. Conclusion
5.1 Summary and Main Findings

This paper studies the understanding of satellite requests issued
by non-expert users and proposes a hierarchy-aware framework
that maps free-form natural language inputs to unified “top-
level intent + task-oriented list” outputs.

Methodologically, the proposed approach combines hierarch-
ical annotation and sequence representation, boundary-aware
sample strategy with retrieval-augmented multi-type negative
reorganisation, and parameter-efficient adaptation of Qwen3-
8B via LoRA for joint intent recognition and task-oriented gen-
eration.

Experiments on a self-constructed dataset of 4,025 non-expert
satellite instructions show that the proposed method consist-
ently outperforms strong baselines in both intent classification

and task-oriented generation. Ablation results further confirm
the effectiveness of the main components of the framework.

5.2 Limitations and Future Work

Despite the encouraging results, several limitations remain.
First, the current study is validated on a self-constructed dataset,
and further expansion is needed in both data scale and expres-
sion diversity, especially for multi-turn interactions and cross-
task requests. Second, the current task-oriented output is still
represented in a lightly structured textual form, which is con-
venient for unified modelling but still insufficient for seamless
integration with downstream satellite operation systems.

Future work will focus on expanding the dataset to cover more
realistic and diverse non-expert requests, and on mapping task-
oriented textual outputs into more standardised and executable
task representations for downstream operational workflows.

In summary, this work provides a unified hierarchy-aware
framework for non-expert satellite request understanding and
offers practical support for building more accessible intelligent
satellite task interfaces.
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