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Abstract

Deep learning has achieved remarkable progress across many domains, largely

powered by large-scale neural networks. Their substantial computational

demands, however, hinder deployment on resource-constrained edge devices. To

address this, lightweight techniques, such as efficient architecture design, pruning,

quantization, decomposition, and knowledge distillation, have been explored to

reduce the required resources while preserving accuracy. While prior surveys typ-

ically investigate these methods one by one, limited attention has been given to

how their composition, ordering, and optimization dependencies affect efficiency

and accuracy in real-world settings. In this survey, we introduce a taxonomy of

lightweight method compositions, organized by which lightweight methods are

selected and how those methods are composed and interact, including sequen-

tial application, joint optimization, and hybrid approaches. We qualitatively and

quantitatively analyze these categories, with particular attention to within-study

comparisons, to assess the effectiveness of different compositions in improving

efficiency and accuracy, providing guidance for future research in this area and

practical deployment of deep neural networks.

Keywords: Model Compression, Lightweight, Composition of Compression methods,
Deep Learning, Neural Network

1 Introduction

Deep learning has achieved significant performance gains across many fields, largely
through the use of large neural networks (NNs). However, these models require
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substantial memory and computational resources. Early-stage convolutional neural
networks (CNNs) like VGG Simonyan and Zisserman (2015) and ResNet He et al.
(2016) consist of 144 million (VGG-19) and 26 million (ResNet-50) parameters,
respectively. Transformer-based models, such as GPT-3, contain 175 billion parame-
ters Brown et al. (2020). These models often require gigabytes of memory and trillions
of multiply-accumulate operations. As a result, operating them typically requires
high-performance hardware on device or cloud servers.

As mobile phones, IoT devices, and other edge platforms become more widely used,
the volume of generated and processed data continues to grow rapidly. Because limited
computational resources on edge devices often make it difficult to run large NN models
locally, data is commonly transmitted to a central server for processing and then
returned to the edge device. This process, however, burdens network infrastructure
through heavy data transfer, making it inadequate for applications that require real-
time responses. Beyond technical issues, moving data to the server raises privacy issues.
Transferring healthcare, financial, personal communication, or social-network data to
other devices is often prohibited because such data may contain personal information,
either directly or indirectly.

These challenges have increased the demand for technologies that perform compu-
tation directly on edge devices instead of relying on centralized servers. This paradigm,
known as on-device AI, processes data locally on the device rather than transmitting
it to the cloud. A key challenge in on-device AI is to optimize model size and resource
requirements so that models can operate within strict hardware constraints. To address
this, model compression and lightweight architectures have been extensively studied,
with the goal of preserving or even enhancing the accuracy of deep learning models
while reducing their complexity and computational requirements.

Lightweight methods can be broadly classified into five categories: efficient archi-
tecture design, decomposition, pruning, quantization, and knowledge distillation (See
Figure 1). Many previous works have focused on improving efficiency using a single
lightweight method. Several survey papers have explored individual methods in depth,
providing a comprehensive overview of the current state of research in each area:
lightweight architectures Li et al. (2021); Liu et al. (2017); Mi et al. (2022); Nan et al.
(2019), pruning Liu et al. (2020); Augasta and Kathirvalavakumar (2013); Blalock
et al. (2020); Cheng et al. (2024); He and Xiao (2023); Vadera and Ameen (2022); Xu
et al. (2020), quantization Gholami et al. (2022); Guo (2018); Kulkarni et al. (2022);
Mishra et al. (2020); Nagel et al. (2021); Rokh et al. (2023); Wei et al. (2024); Weng
(2021), and knowledge distillation Gou et al. (2021); Kaleem et al. (2024); Wang and
Yoon (2021). Many surveys also provide broader introductions covering several of these
methods Cheng et al. (2017, 2018,?); Choudhary et al. (2020); Deng et al. (2020);
Ghimire et al. (2022); Li et al. (2023); Liang et al. (2021); Mishra et al. (2020); Neill
(2020); Sze et al. (2017); Chen et al. (2024).

In practical applications, developing an efficient AI model that meets resource
constraints typically requires integrating multiple compression techniques. Composing
lightweight methods often achieves better accuracy and lower computational cost than
single method.
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Fig. 1: A brief taxonomy of the individual lightweight methods.

Several existing surveys discuss the combination of multiple methods, but none
use composition as the main organizing principle. Broad compression surveys, such as
Deng et al. (2020) and the lightweight-CNN review of Chen et al. (2024), organize the
literature by individual techniques and, in some cases, by hardware platforms. In these
surveys, combined methods appear only as parts of larger compression or deployment
pipelines, rather than as a dedicated taxonomy axis. Among them, the pruning survey
of Cheng et al. (2024) is closest to our scope by covering combinations of pruning
with other compression methods, although its analysis remains pruning-centric. The
quantization survey of Gholami et al. (2022) and the knowledge distillation taxonomy
of Gou et al. (2021) mention other compression methods mainly as supporting context
or as application examples within a single-method framework. The language-model
survey of Park et al. (2024) applies this technique-oriented view to Transformers and
treats the combination of methods mainly as future work. Overall, existing surveys
cover each individual method thoroughly. However, they rarely treat method order
or optimization dependencies as primary dimensions and offer limited quantitative
comparison of the compositions themselves.

The key feature of this survey is not just that it collects papers using multiple
lightweight methods. It treats the composition itself as the object of study. Specif-
ically, we classify compositions according to optimization dependencies, distinguish
sequential, joint, and hybrid pipelines, examine how ordering and mutual influence
produce complementary or conflicting behavior, and compare composition-level abla-
tions reported in prior work. This perspective helps identify when a second method
adds orthogonal compression, recovers damage from an earlier stage, or requires joint
optimization rather than a staged pipeline. These questions are not systematically
addressed in technique-centered surveys.

In this survey, we select studies from major conferences and journals in AI, machine
learning, computer vision, natural language processing, embedded AI, and hardware-
aware AI. We select papers based on citation count, influence, and relevance to the
proposed taxonomy. For recent or underexplored composition patterns, we include
arXiv preprints when they present a distinct strategy or useful empirical evidence.
The main collection consists of papers that clearly combine two or more lightweight
methods, analyze ordering or optimization dependencies, or discuss composition-level
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ablations. Single-method papers are mainly referenced as background when they clarify
the role of an individual component.

Building on this scope, the main contributions of this survey are as follows:

• We comprehensively review compositions of lightweight methods for deep neural
networks.

• We propose a taxonomy based on how the component methods interact: sequential
application, joint optimization, and hybrid composition.

• We use comparative qualitative and quantitative analyses of prior studies to assess
how method composition affects model efficiency and effectiveness.

• We identify promising yet underexplored compositions, highlight potentially incom-
patible methods, and provide empirical evidence to support complementary
lightweight composition strategies.

The remainder of this paper is organized as follows. Section 2 reviews the princi-
pal lightweight methods and their main trade-offs. Section 3 presents the taxonomy of
sequential, joint, and hybrid compositions, including those for large language models.
Section 4 synthesizes quantitative evidence on the accuracy and efficiency of repre-
sentative compositions. Section 5 examines their latency and memory behavior on
physical hardware. Section 6 analyzes recurring complementary and conflicting inter-
action patterns and provides practical guidance for selecting, ordering, implementing,
and deploying lightweight-method compositions. Section 7 identifies unresolved chal-
lenges and future research directions. Finally, Section 8 summarizes the findings and
implications for efficient real-world deployment.

2 Overview of individual lightweight methods

This section reviews five main lightweight methods: architecture design, decompo-
sition, pruning, quantization, and Knowledge Distillation (KD), and introduces the
terminology and method-level trade-offs considered in the later composition analysis.
Figure 1 illustrates the taxonomy of these lightweight methods.

2.1 Efficient Architectures

Early research focuses on designing efficient architectures by arranging components
such as convolution, activation, and pooling layers in various orders, and/or by tun-
ing model parameters such as width, depth, and input size Simonyan and Zisserman
(2015); Szegedy et al. (2015); Huang et al. (2017); Han et al. (2017); Zagoruyko and
Komodakis (2016); Hu et al. (2018); Tan and Le (2019). Although these hand-crafted
architectures have been successful, the design process is time-consuming and slow to
scale. The search space of possible architectures is vast due to many dependencies,
which often hinders hand-crafted design from finding an optimal or even suboptimal
architecture.

To overcome these limitations, Neural Architecture Search (NAS) has emerged in
the field of AutoML Zoph and Le (2017). NAS automatically discovers efficient network
architectures that achieve a favorable balance between accuracy and resource efficiency
for a given application. NAS, however, inherently requires substantial computational
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Fig. 2: (a) Low-rank matrix factorization (b) Low-rank tensor decomposition (Tucker
decomposition) Liu and Parhi (2023): A matrix or tensor can be decomposed into
the product of lower-dimensional components, such as smaller matrices or tensors.
Decomposition reduces the number of parameters, thereby lowering both memory
requirements and computational cost.

resources due to the iterations. Subsequent research efforts focus on reducing the
computation required for NAS Pham et al. (2018); Liu et al. (2018, 2019), and several
studies He et al. (2018); Tan et al. (2019); Wu et al. (2019); Cai et al. (2019, 2020) have
used NAS to search for architectures tailored to specific applications and hardware
platforms. Thus, efficient architectures are most useful when the deployed model must
be small from the start. However, their effectiveness can depend strongly on the task,
hardware, and search space. This motivates the later use of pruning, quantization, or
KD when further compression or recovery is required.

Recently, network architectures based on transformers Vaswani (2017) have
been increasingly used in various applications, including large language models
(LLMs) Devlin et al. (2019); Radford and Narasimhan (2018), computer vision Doso-
vitskiy et al. (2021); Carion et al. (2020); Liu et al. (2021), image generation Ramesh
et al. (2021); Chen et al. (2020), and speech recognition Gulati et al. (2020). Transform-
ers, however, require extensive matrix multiplications, resulting in high computational
complexity. Many studies therefore reduce attention computation by limiting atten-
tion to a subset of token pairs Kitaev et al. (2020); Beltagy et al. (2020); Li et al.
(2019); Zaheer et al. (2020). Li et al. (2022) further suggest that patch-embedding
and linear layers, rather than attention modules, are the main latency bottlenecks in
vision transformers (ViTs) on mobile devices. For comprehensive overviews, see Liu
et al. (2017); Li et al. (2021); Nan et al. (2019); Mi et al. (2022); Chen et al. (2024);
Tay et al. (2020).
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2.2 Decomposition

Matrix (or tensor) decomposition is a popular technique to reduce the computational
load in neural networks by breaking down complex matrix multiplications, such as
fully connected layers and convolutional layers, into several smaller multiplications.
Because matrix multiplications account for most of the computational cost of neural
networks, decomposing them significantly reduces overall complexity and accelerates
inference without substantial loss in accuracy.

Tensor or matrix decomposition methods Sainath et al. (2013); Tai et al. (2015);
Zhang et al. (2015,?); Shim et al. (2017); Saragadam et al. (2024); Yu et al. (2017);
Hameed et al. (2022); Liebenwein et al. (2021), such as low-rank decomposition and
singular value decomposition (SVD), factorize weight tensors into lower-rank compo-
nents, reducing parameters and computational complexity while maintaining model
performance (Figure 2). Decomposition is attractive when dense, low-rank operators
can be executed efficiently. However, the rank choice controls the accuracy-efficiency
trade-off, and aggressive decomposition may require KD or fine-tuning to recover
performance. For more detailed discussion, see Liu and Parhi (2023); Deng et al.
(2020).

Researchers have also investigated lowering the computational cost of convolu-
tion by decomposing complex operations into simpler, more efficient components.
VGG Simonyan and Zisserman (2015) shows that a convolution with a large kernel,
such as 7 × 7, can be decomposed into multiple sequential 3 × 3 convolutions. Sim-
ilarly, the GoogLeNet studies Ioffe and Szegedy (2015); Szegedy et al. (2016, 2017)
propose decomposing a K×K convolution into K×1 and 1×K convolutions. Grouped
and depthwise separable convolutions follow a similar idea by reducing inter-channel
computations and then restoring channel interactions with operations such as chan-
nel shuffling or pointwise convolution Ma et al. (2018); Zhang et al. (2018); Guo et al.
(2018); Howard (2017); Sandler et al. (2018).

2.3 Pruning

Pruning reduces model complexity by removing unnecessary weights from a trained
network, particularly weights close to zero, because they contribute little to the output.
Early methods Han et al. (2015, 2016) iteratively prune and fine-tune the model
to shrink its size with minimal performance loss. Pruning strategies are commonly
categorized by what is removed and how importance is measured Cheng et al. (2024).
Importance is typically measured using weight magnitude, gradients, or regularization
that drives unimportant parameters toward zero Wen et al. (2016); Louizos et al.
(2018); Scardapane et al. (2017); Liu et al. (2017).

Based on granularity, pruning can be divided into unstructured and structured
pruning Unstructured pruning removes individual weights Han et al. (2015, 2016);
Guo et al. (2016); Molchanov et al. (2017), but it often yields limited latency gains
because sparse weight patterns make matrix multiplications irregular. Structured
pruning removes entire channels or layers Li et al. (2017); He et al. (2018); Yu et al.
(2018); Peng et al. (2019); Anwar et al. (2017); He et al. (2017); Liu et al. (2017);
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Ye et al. (2019); Zhao et al. (2019); Kang and Han (2020), keeping the pruned model
dense and more hardware-friendly.

Pruning is most effective for redundant models, but its benefit may be limited
for compact models or hardware without efficient sparse kernels. Because removing
weights or channels can still affect accuracy, pruning is often followed by fine-tuning or
KD-based recovery. Several survey papers provide comprehensive overviews of pruning
techniques Liu et al. (2020); Augasta and Kathirvalavakumar (2013); He and Xiao
(2023); Vadera and Ameen (2022); Xu et al. (2020); Blalock et al. (2020).

2.4 Quantization

Quantization reduces numeric precision by mapping high-precision floating-point val-
ues to lower-precision representations, often integers. Parameters and activations are
typically stored as 32-bit float and quantization encodes them with fewer bits such as
16 or 8 instead of 32, reducing the model size by half or a quarter. Beyond shrinking
memory, quantization can boost throughput when both weights and activations are
quantized because integer arithmetic is generally faster than floating-point on modern
processors. The reduced precision, however, introduces quantization errors that can
harm accuracy.

The amount of quantization error depends on the quantization intervals, each of
which defines the range of original values mapped to the same quantized value. Uni-
form quantization uses intervals of equal width, which simplifies quantization but can
significantly degrade accuracy when the original values have a highly skewed distribu-
tion. In contrast, non-uniform quantization adjusts the interval width depending on
the original value distribution Cai et al. (2017); Faraone et al. (2018); Tung and Mori
(2018); Frederick and Greg (2018); Yang et al. (2019); Gupta et al. (2015); Jung et al.
(2019); Wu et al. (2016); Zhang et al. (2018).

Quantization methods can be divided into static quantization and dynamic quan-
tization. Static quantization uses a predefined interval that is determined before
inference and fixed during inference Jacob et al. (2018); Zhao et al. (2019). In con-
trast, dynamic quantization adjusts the interval based on the distribution of input
values at runtime Zhang et al. (2018); Esser et al. (2020); Bhalgat et al. (2020). Quan-
tization techniques can also be grouped into Post-Training Quantization (PTQ) and
Quantization-Aware Training (QAT), depending on when quantization is applied Ban-
ner et al. (2019); Cai et al. (2020); Choukroun et al. (2019); Fang et al. (2020); Li
et al. (2021); Nagel et al. (2019); Zhao et al. (2019); Fan et al. (2021); Zhuang et al.
(2018); Cai et al. (2017); Leng et al. (2018); Liu et al. (2018); Nagel et al. (2020).
PTQ is easy to compose after pruning or architecture search, whereas QAT can be
jointly optimized with pruning, KD, or NAS. PTQ is preferable when retraining cost
is important, whereas QAT offers better adaptation to quantization error in aggressive
low-bit settings at the cost of additional training. For an in-depth overview, see Gho-
lami et al. (2022); Rokh et al. (2023); Nagel et al. (2021); Weng (2021); Guo (2018);
Kulkarni et al. (2022); Mishra et al. (2020); Wei et al. (2024).
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2.5 Knowledge Distillation (KD)

Unlike pruning and quantization, which reduce the size of a large model, KD builds
a compact model from scratch. Training a small model entirely from scratch often
results in lower performance than a large model. To address this issue, KD transfers
knowledge from a large model, called the teacher, to the small model, known as a
student model. This transfer helps the student model perform better than it would if
trained alone.

KD methods can be grouped based on the type of knowledge transferred from the
teacher model to the student model. These categories include response-based, feature-
based, and relation-based KD Gou et al. (2021). In response-based KD, the student
is trained on the teacher’s output probability distribution, often called soft labels or
dark knowledge, rather than only on one-hot ground-truth labels Romero et al. (2015);
Hinton (2015); researchers have also transferred the teacher’s logits directly Ba and
Caruana (2014). Feature-based KD transfers intermediate features to the student Kim
et al. (2018); Heo et al. (2019); Chen et al. (2021), while relation-based KD preserves
relationships between data points or output features Yim et al. (2017); Tung and Mori
(2019); Lee et al. (2018); Zhang and Peng (2018); Wang et al. (2020); Passban et al.
(2021).

KD usually relies on a pretrained teacher model to guide the student, but knowl-
edge transfer can also be done in parallel by training both teacher and student
simultaneously, known as online KD Zhang et al. (2018); Zhu et al. (2018); Song and
Chai (2018); Chen et al. (2020). A specialized form of online KD is self-distillation,
in which the teacher and the student are parts of the same model Zhang et al. (2019,
2021). In compositions, KD often serves as a guidance or recovery mechanism, training
better compact models or restoring accuracy after pruning, quantization, or decom-
position. For broader surveys, see Gou et al. (2021); Kaleem et al. (2024); Wang and
Yoon (2021).

3 Composing lightweight methods

This survey focuses on compositions because a single lightweight method may not
satisfy accuracy, memory, and latency constraints simultaneously. A composition uses
two or more lightweight methods in one model-development or deployment pipeline,
where at least one method affects another through the model state, constraints, objec-
tive, architecture, or optimization decisions. Independent comparisons, applications to
unrelated models, and alternative baselines without such dependence are excluded.

We broadly classify the composition of lightweight methods into the following
three categories: sequential application, joint optimization, and hybrid approaches.
Sequential application performs multiple techniques one after another, whereas joint

optimization refines the network using multiple lightweight methods simultaneously
(Figure 3). The hybrid approach combines sequential and joint optimization strategies.
Table 1 summarizes the existing compositions of lightweight methods.

The three categories are distinguished by the optimization dependency between
component methods. In sequential application, one method produces a compressed
model that is subsequently used as input to another method, but earlier stages are not
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Fig. 3: Comparison of sequential application and joint optimization strategies for
composing lightweight methods. Pruning, quantization, and KD are shown as rep-
resentative examples. (a) In sequential application, lightweight methods are applied
as separate stages, so each stage inherits the model state produced by the previous
one. (b) In joint optimization, multiple method-specific constraints or losses are opti-
mized under a shared objective, allowing their interactions to be considered during
the update loop.

updated using feedback from later stages. In joint optimization, multiple lightweight
methods are integrated into the same training, search, or fine-tuning process. This
allows their variables or objectives to be optimized with mutual influence. Hybrid
methods combine these two patterns: at least one part of the pipeline is jointly
optimized, while another part is introduced as a separate sequential stage.

This taxonomy captures not only which lightweight methods are combined, but
also how their optimization decisions interact. Accordingly, the same pair of methods
may be assigned to different categories depending on whether they are applied as inde-
pendent stages, optimized under a shared objective, or integrated into a multi-stage
pipeline. For instance, pruning and quantization are sequential when quantization
follows pruning, but joint when pruning masks and quantization parameters are opti-
mized together. Implementation-level variants, such as alternating and simultaneous
updates in joint optimization, are discussed as subpatterns within each category rather
than treated as separate top-level classes.

Table 1: Overview of surveyed compositions of lightweight methods. Strat-
egy: Seq.=sequential, Joint=joint optimization, Hybrid=mixed. Methods:
Ar=architecture/NAS, De=decomposition/low-rank, Pr=pruning, Qt=quantization,
KD=knowledge distillation, PEFT=parameter-efficient fine-tuning (LoRA),
AO=activation optimization, MoE=mixture-of-experts routing.

Ref. Strat. Meth. Task Model Main conclusion

Han et al.
(2016)

Seq. Pr+Qt Img. cls. CNN
Prune, quantize, then Huffman-code for
35–49× compression.
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Ref. Strat. Meth. Task Model Main conclusion

Hawks et al.
(2021)

Seq. Qt+Pr Low-lat. Compact
QAT before pruning yields sparser
low-latency models.

Zhang et al.
(2022)

Seq. Pr+Qt Img. cls. CNN
Channel pruning then QAT keeps
accuracy at high compression.

Choi et al.
(2020)

Seq. Pr+Qt Img. cls. CNN
Learnable pruning/quantization
regularizers close the precision gap.

Kim and
Rush (2016)

Seq. KD+Pr
NLP
(MT)

Seq2seq
Sequence-level KD lets later pruning
double compression.

Aghli and
Ribeiro (2021)

Seq. Pr+KD Img. cls. CNN
A pruned teacher avoids transferring
redundant information.

Prakosa et al.
(2021)

Seq. Pr+KD Img. cls. CNN
KD after pruning recovers
pruning-induced accuracy loss.

Wu et al.
(2020)

Seq. Pr+KD Img. cls. CNN
KD improves a pruned model as a
post-processing step.

Chen et al.
(2021)

Seq. Pr+KD Img. cls. CNN
Distilling from the original restores a
better pruned model.

Xie et al.
(2021)

Seq. Pr+KD Re-ID CNN
Pruning with KD efficiently compresses
re-identification models.

Hua et al.
(2019)

Seq. Pr+KD Img. cls. CNN
Dynamic channel gating skips
computation while KD keeps accuracy.

Liu et al.
(2021)

Seq. Pr+KD
Img.
synth.

GAN
KD-guided content-aware pruning
compresses GANs.

Mishra and
Marr (2017)

Seq. Qt+KD Img. cls. CNN
Apprentice distills a full-precision
teacher into a low-precision net.

Yuan et al.
(2021)

Seq. Qt+KD Img. cls. CNN
KD enables low-bit quantization with
limited training data.

Wu et al.
(2020)

Seq. Pr+Qt+KD Img. cls. Binary
SBNN slims binary nets via pruning,
binarization, and KD.

Dong and
Yang (2019)

Seq. Ar+KD Img. cls. CNN
Transformable search prunes
width/depth, then KD transfers
knowledge.

Ma et al.
(2023)

Seq. Pr+PEFT
Lang.
model.

LLM
LLM-Pruner structurally prunes and
recovers with LoRA.

Muralidharan
et al. (2024)

Seq. Pr+KD
Lang.
model.

LLM
Minitron prunes then KD-retrains with
far fewer tokens.

Yao et al.
(2022)

Seq. Qt+KD
Lang.
model.

LLM
ZeroQuant combines PTQ with
layer-wise KD for low-bit inference.

Dettmers
et al. (2023)

Seq. Qt+PEFT
Lang.
model.

LLM
QLoRA trains LoRA over a frozen 4-bit
backbone to save memory.

Mozaffari
et al. (2025)

Seq. Qt+Pr+De
Lang.
model.

LLM
SLiM does one-shot quantization,
pruning, and low-rank correction.

Liebenwein
et al. (2021)

Joint Ar+De Img. cls. CNN
Finds the optimal per-layer low-rank
decomposition automatically.

Li et al. (2021) Joint Ar+Pr Img. cls. Mobile
NPAS jointly does compiler-aware
pruning and NAS for mobile.
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Ref. Strat. Meth. Task Model Main conclusion

Liu et al.
(2019)

Joint Ar+Pr Img. cls. CNN
MetaPruning generates weights for
candidate pruned architectures.

Wang et al.
(2020)

Joint Ar+Pr+Qt Img. cls. CNN
APQ jointly searches architecture,
pruning, and quantization.

Chen et al.
(2018)

Joint Ar+Qt Img. cls. CNN
Joint NAS and quantization finds
quantization-friendly nets.

Shen et al.
(2021)

Joint Ar+Qt Img. cls. CNN
One-shot QAT reuses low-bit
evaluations for very low-bit search.

Sheng et al.
(2018)

Joint Ar+Qt Img. cls. Mobile
Quantization-friendly separable
convolutions reduce MobileNet error.

Kulkarni
et al. (2021)

Joint Ar+Qt
Vision
(emb.)

Mobile
QF-MobileNet redesigns blocks for
post-quantization accuracy.

Phan et al.
(2020)

Joint Ar+Qt Img. cls. Binary
Evolution-based search binarizes
MobileNet effectively.

Shen et al.
(2019)

Joint Ar+Qt Img. cls. Binary
Searches for accurate binary neural
architectures.

Bulat et al.
(2020)

Joint Ar+Qt Img. cls. Binary
BATS tailors the search space to binary
networks.

Guo et al.
(2020)

Joint Ar+Qt Img. cls. CNN
SPOS one-shot NAS enables
mixed-precision search via path
sampling.

Li et al. (2020) Joint Ar+KD Img. cls. CNN
Block-wise NAS uses KD to supervise
the architecture search.

Peng et al.
(2020)

Joint Ar+KD Img. cls. CNN
Cream of the Crop distills prioritized
paths during one-shot NAS.

Liu et al.
(2020)

Joint Ar+KD Img. cls. CNN
Search-to-distill finds students best
matching a teacher.

Macko et al.
(2019)

Joint Ar+KD Img. cls. CNN
Ensemble learning improves
NAS-designed classifiers.

Kang et al.
(2020)

Joint Ar+KD Img. cls. CNN
Joint search is not always better than
KD applied after search.

Yao et al.
(2021)

Joint Ar+Pr+KD Detection CNN
Joint-DetNAS unifies NAS, pruning,
and dynamic distillation.

Hu et al.
(2021)

Joint Pr+Qt Img. cls. CNN
OPQ computes pruning mask and
quantization once, then fine-tunes.

Tung and
Mori (2018);
Frederick and
Greg (2018)

Joint Pr+Qt Img. cls. CNN
CLIP-Q prunes and quantizes in
parallel at each training step.

Yang et al.
(2020)

Joint Pr+Qt Img. cls. CNN
Sparsity-quantization joint learning can
beat the sequential order.

Jung et al.
(2019)

Joint Pr+Qt Img. cls. CNN
Learning quantization intervals acts as
implicit pruning.

Long et al.
(2019)

Joint Pr+Qt+De Img. cls. CNN
Low-rank regularization yields sparse
quantized CNNs.
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Ref. Strat. Meth. Task Model Main conclusion

Ren et al.
(2019); Ye
et al. (2018)

Joint Pr+Qt Img. cls. CNN
ADMM-NN splits joint
pruning-quantization into ADMM
subproblems.

Li et al. (2021) Joint De+Pr Img. cls. CNN
Jointly applies channel pruning and
low-rank decomposition per layer.

Liu et al.
(2023)

Joint Pr+KD Img. cls. CNN
Jointly optimizes distillability and
sparsability by loss ratio.

Bai et al.
(2019)

Joint Pr+KD
Img. cls.
(FS)

CNN
Cross-distillation with pruning
compresses under few-shot data.

Cho and Lee
(2019)

Joint Pr+KD Embedded CNN
Group sparsity and KD compress
models for embedded sensors.

Yao et al.
(2019)

Joint Pr+KD Segment. CNN
A sparsity loss added to KD removes
redundant weights.

Kim et al.
(2019)

Joint Qt+KD Img. cls. CNN
QKD couples quantization and KD in a
co-studying schedule.

Polino et al.
(2018)

Joint Qt+KD Img. cls. CNN
Quantized distillation learns
quantization points via KD loss.

Choi et al.
(2020)

Joint Qt+KD Img. cls. CNN
Data-free quantization uses a generator
and KD, no real data.

Pham et al.
(2023)

Joint Qt+KD Img. cls. CNN
Multiple quantized teachers beat one
full-precision teacher.

Wei et al.
(2018)

Joint Qt+KD Detection CNN
Quantization mimic matches quantized
teacher/student feature maps.

Movva et al.
(2022)

Joint Pr+Qt+KD NLP Transf.
Pruning, quantization, and KD
together give multiplicative scaling.

Wang et al.
(2020)

Joint Pr+Qt+KD
Img.
synth.

GAN
GAN Slimming unifies KD, channel
pruning, and quantization.

Liu et al.
(2024)

Joint Qt+KD
Lang.
model.

LLM
LLM-QAT does data-free QAT distilling
weights, activations, KV cache.

Xu et al.
(2024)

Joint Qt+PEFT
Lang.
model.

LLM
QA-LoRA aligns quantization groups so
adapters merge in quantized.

Saha et al.
(2024)

Joint Qt+De
Lang.
model.

LLM
CALDERA compresses weights via
joint low-precision and low-rank.

Zhang et al.
(2024)

Joint Pr+PEFT
Lang.
model.

LLM
LoRAPrune uses LoRA gradients to
guide structured pruning.

Klein et al.
(2023)

Joint Ar+Pr
Lang.
model.

LLM
NAS-based structural pruning selects
efficient LLM subnetworks.

Guo et al.
(2024)

Joint Pr+Qt
Lang.
model.

LLM
JSQ co-designs sparsity and
quantization to suppress outliers.

Qu et al.
(2025)

Joint Pr+Qt Img. cls. CNN/ViT
GETA builds a graph for joint
structured pruning and quantization.

Zhang and
Papyan (2025)

Joint Pr+De Vision ViT
OATS splits weights into sparse outlier
and low-rank terms.

Li et al. (2025) Joint Qt+De
Img.
synth.

Diffusion
SVDQuant absorbs outliers into a
low-rank branch for 4-bit diffusion.
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Ref. Strat. Meth. Task Model Main conclusion

Kim et al.
(2023)

Joint MoE+Qt
Lang.
model.

MoE
LLM

MoQE aggressively quantizes expert
weights, keeping sparse routing.

Xie et al.
(2024)

Joint MoE+Pr
Lang.
model.

MoE
LLM

MoE-Pruner removes experts using
router-weight information.

Chen et al.
(2025)

Joint Pr+Qt+AO
Lang.
model.

MoE
LLM

Expert pruning, mixed-precision, and
activation opt. deploy DeepSeek-V3
under 128GB.

Kim et al.
(2021)

Hybrid Pr+Qt+KD
KWS /
img.

CNN
PQK builds a teacher from pruned
weights, needing no pretrained one.

Li et al. (2020) Hybrid De+Pr+KD Img. cls. CNN
Group sparsity prunes and decomposes,
then fine-tunes with KD.

Oguntola
et al. (2018)

Hybrid Pr+De+KD Img. cls. VGG
Pruning, factorization, and KD give an
85× smaller VGG.

Liu et al.
(2021)

Hybrid Pr+De+KD
NLP

(GLUE)
BERT

ROSITA yields a 7.5× smaller BERT at
98.5% performance.

Li et al. (2024) Hybrid
Qt+De
+PEFT

Lang.
model.

LLM
LoftQ jointly initializes quantization
and a low-rank branch.

Guo et al.
(2024)

Hybrid
Qt+De
+PEFT

Lang.
model.

LLM
LQ-LoRA splits weights into quantized
plus low-rank parts.

Bercovich
et al. (2025)

Hybrid Ar+KD
Lang.
model.

LLM
Puzzle uses distillation-NAS for 2.17×
throughput at 98.4%.

3.1 Sequential Application

The simplest composition strategy is sequential application, in which individual
lightweight methods are performed one after another in a predetermined order. This
approach is straightforward and easy to implement, making it suitable for a wide range
of applications. The preceding lightweight method may affect subsequent methods,
subsequent methods do not systematically influence the preceding one.

3.1.1 Compression Methods on Efficient Architectures

Compression methods are commonly employed on large pretrained models. The typical
strategy is to first achieve high accuracy with a large model and then reduce its
size with a compression method while preserving the accuracy level. Interestingly,
lightweight methods are often applied even to models with efficient architectures to
achieve additional compression. Researchers often evaluate their proposed methods
on lightweight models such as MobileNet Howard (2017); Sandler et al. (2018) to
demonstrate that lightweight methods are orthogonal to efficient architecture design.
Efficient architectures are combined sequentially with different compression methods,
including pruning Guo et al. (2020); Gao et al. (2024); Yang et al. (2018); Gupta et al.
(2024); Li et al. (2020); Liu et al. (2019), quantization Gong et al. (2019); Kim et al.
(2021); Wang et al. (2022); Jin et al. (2022, 2020), and decomposition Hameed et al.
(2022); Liebenwein et al. (2021). In these cases, careful design is required because
efficient architectures are already highly optimized, and disrupting their structures
can easily result in a significant loss of accuracy.
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Fig. 4: Sequential compression followed by KD-based recovery. A large model is first
compressed by pruning or quantization, which yields a smaller model with possible
accuracy degradation. KD then transfers guidance from the original large model to
fine-tune the compressed model and recover accuracy.

Efficient architecture → Pruning: The pruning technique can be easily combined
sequentially with efficient architectures. Tu et al. (2020) apply multi-stage gradual
pruning to depthwise separable convolution in MobileNet. The pruning algorithm can
further reduce FLOPs by approximately 60% with less than a 1% loss in classification
accuracy on the CIFAR-10, SVHN, and ImageNet datasets. He et al. (2018) propose
to remove redundant channels in MobileNet Howard (2017); Sandler et al. (2018)
using reinforcement learning. Their method reduces the FLOPs of MobileNetV1 by
60% Howard (2017) and those of MobileNetV2 by 30% Sandler et al. (2018) with an
approximately 1% loss in classification accuracy on ImageNet.
Efficient architecture → Quantization: Applying quantization to efficient archi-
tectures significantly reduces computation. Baskin et al. (2021) apply quantization
to MobileNet, and Sheng et al. (2018) modify MobileNet’s separable convolution to
apply quantization efficiently. Both methods reduce computation by more than 90%
without a loss of classification accuracy on ImageNet.

3.1.2 Performance Recovery through KD

KD is often used to recover accuracy that has been degraded by the other model
compression methods Mishra and Marr (2017); Wu et al. (2020); Dong and Yang
(2019); Prakosa et al. (2021); Wu et al. (2020); Chen et al. (2021); Xie et al. (2021);
Li et al. (2020); Hua et al. (2019); Lin et al. (2018); Blakeney et al. (2021); Yuan
et al. (2021). After compression, fine-tuning with KD can recover the degraded accu-
racy. The uncompressed model is often used as a teacher because it likely contains
more information, enabling recovery of the degraded performance by transferring
undamaged knowledge to the compressed model (Figure 4).
Pruning → KD: Numerous studies on KD after pruning have demonstrated that KD
consistently improves accuracy while preserving inference efficiency Dong and Yang
(2019); Li et al. (2020); Wu et al. (2020); Blakeney et al. (2021); Liu et al. (2021);
Prakosa et al. (2021); Wu et al. (2020); Chen et al. (2021); Xie et al. (2021); Hua
et al. (2019). Li et al. (2020) present an efficient KD approach that requires only a
small fraction of the original training data. They demonstrate that a student model,
compressed through pruning or decomposition of the teacher model, can recover its
accuracy using only 1% of the training samples. Similarly, Dong and Yang (2019)
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utilize Neural Architecture Search (NAS) to identify optimal pruned architectures by
searching for the best depth and width within a given model topology. The resulting
pruned models are then trained using the knowledge distilled from the original model,
leading to improved accuracy over simply pruned models. In another approach, Wu
et al. (2020) remove insignificant channels in binary neural networks, and subsequently
apply KD to further enhance model accuracy. Blakeney et al. (2021) introduce metrics
designed to quantify model bias that arises after pruning, specifically focusing on
scenarios where overall accuracy is maintained at the cost of lower accuracy on certain
classes in classification tasks. They utilize these metrics to guide the pruning process,
and subsequently employ KD loss to mitigate the induced bias. Experimental results
demonstrate that their approach effectively reduces the measured bias, even when
applied to imbalanced datasets.

A recent application-specific extension is CaKDP Zhang et al. (2024), which com-
presses LiDAR-based 3D object detectors through category-aware pruning followed
by KD. The teacher’s category predictions are used to measure the importance of
candidate filters, so teacher information affects both the pruning criterion and the
later recovery stage. Experimental result shows that a sequential pruning–KD pipeline
can remain method-aware when the teacher also informs which structures should be
removed.
Decomposition → KD: The accuracy loss caused by model decomposition can also
be mitigated through KD. Lin et al. (2018) improve model efficiency by applying
low-rank decomposition and then training the resulting lightweight model using KD.
Similarly, Li et al. (2023) and Mao et al. (2020) employ KD loss to address the informa-
tion loss associated with decomposition and/or pruning. Li et al. (2023) represent the
weight matrix in transformer architectures as a composition of a low-rank approxima-
tion and a sparse matrix, and they train this new weight matrix with KD to enhance
accuracy. Mao et al. (2020) integrate pruning with matrix decomposition. They begin
with a student model initialized via distillation from a teacher model, and iteratively
compress the student model to the desired size. During each iteration, the student
is compressed using weight pruning and matrix factorization, followed by fine-tuning
guided by the teacher model through KD. We note that these methods are designed
to compress LLMs based on transformer architectures.
Quantization → KD: A similar strategy is used in conjunction with KD and quan-
tization. Mishra and Marr (2017) propose a sequential method, where a low-precision
student network is first trained independently and then further improved by distill-
ing knowledge from a full-precision teacher network. In another work, Yuan et al.
(2021) propose a post-training quantization method that works with limited data.
Their approach introduces group quantization and utilizes a two-stage KD process
to compensate accuracy: each network block is distilled independently, and then, all
blocks are jointly fine-tuned with KD to further enhance accuracy.

3.1.3 Pruning a Knowledge-Distilled Model

Prior work has explored pruning smaller, more efficient models produced via KD.
These studies argue that KD-trained models provide a strong starting point for further
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optimization, as opposed to pruning already lightweight architectures. Because prun-
ing methods are typically architecture-agnostic, applying them to a distilled student
model, often based on a general-purpose architecture, can yield better results. How-
ever, since KD enhances the performance of the student model by increasing weight
utilization, fewer weights or channels may need to be pruned from a student model
trained with KD, compared to the original model trained from scratch. This could
potentially lead to a lower compression ratio than would be achieved in a model that
has not undergone KD.
KD → Pruning: Kim and Rush (2016) are the first to propose applying pruning
sequentially to a knowledge-distilled model, yielding promising results. They apply
pruning to a Long Short-Term Memory (LSTM) student model trained from a large
LSTM teacher model to further improve the efficiency of the machine translation
task. The number of parameters is reduced by 63% in the KD step with marginal
performance improvement. In the pruning step, a student model with 13 times
fewer parameters than the original teacher model is developed with minor perfor-
mance degradation. Although the sequential composition of KD and pruning is tested
solely on an LSTM model for a machine translation task, the results show that the
compression contributions of KD and pruning are largely complementary.
KD with pruned teacher: Different from other studies that apply pruning on knowl-
edge distilled model, Aghli and Ribeiro (2021); Park and No (2022) propose to use a
pruned model as a teacher for KD. Aghli and Ribeiro (2021) argue that this approach
helps eliminate redundancies of the teacher model, thereby preventing the transfer of
unnecessary information to the student model. The method selectively prunes weights
in certain layers to minimize the model architecture change when creating the teacher
model. Similarly, Park and No (2022) claim that pruning the teacher model makes it
more ”student-friendly” and improves the effectiveness of KD. They theoretically show
that the pruned teacher acts as a regularizer during distillation, thereby reducing the
generalization error.

3.1.4 Quantization after Pruning / Pruning after Quantization

Pruning and quantization have been widely used to improve the efficiency of mod-
els, often with little to no loss of accuracy. Numerous studies Han et al. (2016); Choi
et al. (2020); Zhang et al. (2022); Hawks et al. (2021) have investigated the sequential
composition of these two techniques, which can achieve further model compression
The reason for the effectiveness of combining these methods lies in their complemen-
tary nature: pruning removes less important parameters, while quantization lowers
numerical precision.
Pruning → Quantization: Most studies adopting this strategy first perform prun-
ing and then apply quantization Han et al. (2016); Zhang et al. (2022); Choi et al.
(2020). This sequence is generally preferred because pruning redundant weights in the
first phase enables quantization to focus more on the important weights, which reduces
unnecessary computational overhead. A notable study Han et al. (2016) demonstrates
a sequential approach where pruning removes redundant weights, quantization com-
presses the remaining weights, and Huffman coding further reduces data size, achieving
significant model compression with minimal accuracy loss.
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Choi et al. (2020) introduce a training framework that integrates regularization
techniques for both pruning and quantization. For pruning, the method employs a par-
tial L2 regularization that selectively drives weights below a certain threshold toward
zero, effectively removing them. For quantization, the authors propose a mean-squared
quantization error (MSQE) regularization with a learnable scaling factor, which helps
to reduce the gap between high-precision weights and their low-precision approxi-
mations. Similarly, Zhang et al. (2022) adopt a two-step approach, starting with a
greedy, layer-wise channel pruning guided by a data-driven importance measure. This
is followed by Quantization-Aware Training (QAT) to enable efficient acceleration on
hardware platforms.
Quantization → Pruning: The reverse order has also been investigated. For exam-
ple, Hawks et al. (2021) propose to perform QAT first, followed by pruning on the
quantized network to achieve higher compression rates. This approach allows a better
understanding of quantized architecture behaviors during the pruning process, poten-
tially leading to sparser models with improved computational efficiency compared to
applying pruning or quantization alone.

3.1.5 Summary

Sequential application is beneficial when an existing model or compression pipeline
with minimal changes is needed. Each technique can be added as a separate post-
processing or fine-tuning stage. This approach is especially useful for situations like
further compressing an efficient architecture, recovering accuracy with knowledge dis-
tillation after pruning or quantization, or combining pruning and quantization when
each method addresses different types of redundancy. Its main limitations arise from
the predefined method order and the large design space over method selection, order-
ing, composition settings, and hyperparameters. Each stage treats the output of the
preceding stage as fixed, so a later method cannot revise an earlier compression
decision. For example, pruning may remove information needed by subsequent quan-
tization, in which case quantization alone may perform better than the sequential
composition. Exhaustively evaluating the possible pipelines is infeasible, and limited
evidence identifies the optimal order across quantization, pruning, decomposition, KD,
and efficient architectures. Sequential application is therefore easy to implement but
difficult to optimize globally, motivating more integrated joint or hybrid strategies.

3.2 Joint Optimization

Joint optimization integrates two or more lightweight methods within a shared
training, fine-tuning, or architecture-search process. The parameters, compression
decisions, or objectives associated with the component methods are optimized with
mutual influence rather than as independent stages. Joint formulations may update
the methods simultaneously or alternate their updates within the same optimization
process.
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3.2.1 Quantization and Pruning

Although quantization and pruning are often applied sequentially, as outlined in 3.1.4,
numerous studies have explored approaches to jointly leverage these two lightweight
techniques. To optimize a model with both lightweight methods simultaneously, stud-
ies such as Yang et al. (2020); Tung and Mori (2018); Frederick and Greg (2018);
Ren et al. (2019); Ye et al. (2018) adopt an alternating strategy during training. In
this approach, one method is applied to optimize the model for a fixed number of
iterations while the other method remains static, and the process alternates until con-
vergence. Despite its simplicity, this alternating optimization effectively incorporates
both techniques, resulting in enhanced performance. Additionally, some studies Long
et al. (2019); Hu et al. (2021); Jung et al. (2019) have proposed pruning strategies that
explicitly account for quantization, thereby enabling more effective joint optimization
than standard alternating optimization.

Yang et al. (2020) propose an automatic optimization of quantization and pruning
to fit within the given budget, without having to manually set the compression ratio for
each layer. They introduce a soft duplicate of the network weights, where the original
weights are sparsified and the duplicate is quantized. These two weight copies are
alternately optimized to converge toward each other. Tung and Mori (2018) propose
a single learning framework that performs pruning and quantization jointly. At each
training step, full-precision weights are used to determine which weights to prune via
weight clipping and to compute quantization levels. The loss is then calculated using
quantized weights, similar to QAT. ADMM-NN Ren et al. (2019); Ye et al. (2018)
also decomposes the joint optimization problem into two subproblems and solves them
iteratively using the Alternating Direction Method of Multipliers (ADMM).

Beyond alternating optimization, Long et al. (2019) aim to quantize network
weights and regularize the corresponding structures simultaneously, achieving low-bit
quantized networks and learning a compact structure suitable for channel pruning.
They propose to apply spectral clustering regularization to the quantized network
during training, which jointly optimizes quantization and regularization to encour-
age a compact and sparse CNN structure. Hu et al. (2021) propose to calculate the
pruning mask and the quantization interval analytically only once and then use them
to fine-tune the network. Although quantization and pruning do not interact with
each other in this work, because the model is fine-tuned by applying two methods
simultaneously, it is categorized as a kind of joint optimization. Jung et al. (2019)
parameterize the quantizer and optimize the quantization interval. During the training
quantization interval, this method eliminates small weight values that are negligible
for quantization, which can be considered a pruning operation.

GETA Qu et al. (2025) provides a recent automatic formulation of joint struc-
tured pruning and quantization. It constructs a quantization-aware dependency graph
to identify structurally coupled parameters and uses projected stochastic gradient
updates to satisfy layer-wise precision constraints while pruning. Its evaluations on
CNNs, BERT, and vision transformers also indicate that joint pruning–quantization
frameworks increasingly need architecture-general dependency handling rather than
model-specific pruning rules.
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Fig. 5: Overview of compression-aware NAS: In a NAS framework, candidate models
are compressed using other lightweight methods (e.g., distillation, pruning, and quan-
tization) and evaluated to guide the next architecture search.

3.2.2 Compression-Aware Architectures:

Pruning, quantization, and KD are often applied sequentially to a chosen base net-
work to reduce computational cost. When the architecture is fixed, the main challenge
becomes developing methods that maximize compression for that particular model.
However, certain architectures are naturally ill-suited to specific compression tech-
niques, which caps the achievable gains. This motivates a complementary direction:
designing or searching architectures that are inherently friendly to quantization,
pruning, and KD so these methods can be applied more effectively (Figure 5).
Quantization-Aware Architectures: Sheng et al. (2018); Kulkarni et al. (2021)
propose modified MobileNet architectures Howard (2017); Sandler et al. (2018) that
are more suitable for quantization. Motivated by the observation that the vanilla
MobileNet exhibits substantial quantization error, these works analyze the source
of degradation, primarily the depthwise separable convolution blocks, and introduce
architectural adjustments to improve post-quantization accuracy.

Beyond finding effective networks manually, NAS is also applied to find the optimal
network architecture for a given application. Chen et al. (2018); Shen et al. (2021);
Guo et al. (2020) propose to search for optimal network architectures suitable for
quantization. These studies aim to achieve high efficiency by exploring models that are
advantageous for quantization from scratch, as opposed to previous work that applies
quantization to a given network.

Shen et al. (2021) addresses the computational overhead of NAS to find the opti-
mal quantized model, which is mainly caused by repeated model evaluation at varying
quantization levels. Instead of evaluating a quantized architecture for each target quan-
tization level independently, this paper proposes reusing information generated when
evaluating low-bit networks to efficiently evaluate higher-bit networks. SPOS Guo et al.
(2020) proposes to optimize a super-network (or one-shot architecture) where each
path represents an architecture candidate. Training of the super-network is performed
by uniform path sampling. Thus, all architecture candidates and their weights are
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trained fully and equally at once, which drastically reduces the cost of NAS model eval-
uation. Due to the simple and efficient optimization, SPOS supports complex search
spaces such as mixed-precision quantization. This also enables the search for better
lightweight architectures with different configurations, such as weight bit widths and
numbers of channels. Chen et al. (2018) employ an evolutionary algorithm to dis-
cover high-performance models designed for mobile devices. In each generation, the
accuracy and size of a population of quantized model candidates are evaluated. The
top-performing model is mutated to generate the next generation’s population, while
the worst-performing model is excluded.

Binary neural networks (BNNs) are an extreme form of quantization where weights
and activations are restricted to binary values, such as -1 and +1. This significantly
reduces memory footprint and computational cost with risk of accuracy degeneration.
Several works Phan et al. (2020); Shen et al. (2019); Bulat et al. (2020) have explored
architecture search specifically tailored for BNNs to alleviate the accuracy drop caused
by such aggressive quantization. Bulat et al. (2020) propose a specialized search space
for BNNs that adopts the central idea of the DARTS framework Liu et al. (2019):
dividing an architecture into cells and using gradient descent to find an optimal archi-
tecture for each cell. Given this narrower search space and efficient search procedure,
they further optimize NAS by exploiting binary search. Shen et al. (2019); Phan et al.
(2020) also propose similar methods but use evolutionary search method. Specifically,
for binarizing MobileNet, Phan et al. (2020) search for optimal number of channel
groups for grouped convolution in different convolution layers, and Shen et al. (2019)
optimizes the network width of DoReFa-Net Zhou et al. (2016).
Pruning-Aware Architectures: Compared to studies on the design of architec-
tures that take quantization into account, studies on optimal architectures designed
for pruning appear to be relatively scarce. For quantization-aware NAS, the search
space is often narrowed using quantization-bit constraints that allow efficient architec-
ture search. Pruning-aware NAS, by contrast, requires additional training to remove
unnecessary weights during architecture search, which can increase computational
cost.

NPAS Li et al. (2021) proposes a layer-wise pruning approach in which the amount
pruned in each layer is controlled by a pruning rate. The framework jointly per-
forms pruning and neural architecture search, optimizing both the filter choices and
the pruning strategy on a per-layer basis. In addition, it incorporates compiler-aware
optimization to ensure the resulting network satisfies latency constraints on the tar-
get hardware. Klein et al. (2023) set a pretrained network as a super-network in
which subnetworks represent all candidate pruned architectures. The super-network
is trained once, thereby updating all candidate pruned architectures. They then per-
form NAS to search for pruned architectures that provide an optimal balance between
accuracy and model size for LLMs. This method can be seen as a way to perform prun-
ing, but it can also be seen as a joint optimization of pruning and architecture search
from the perspective of finding an optimized architecture. Similarly, Liu et al. (2019)
propose a meta-network that, given a target model, produces weights for candidate
pruned architectures and uses an evolutionary algorithm to search for the best pruned
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network. This search is highly efficient because the trained meta-network generates
weights directly, eliminating the need for fine-tuning during search.

Beyond NAS methods that consider pruning-only or quantization-only, Wang et al.
(2020) propose a unified framework that searches for architectures that are optimal for
both pruning and quantization by estimating the accuracy of quantized and pruned
subnetworks from a once-for-all network Cai et al. (2020) during the NAS process.
Decomposition-Aware Architectures: Searching for an optimal decomposed
architecture has also been pursued. Liebenwein et al. (2021) propose an automatic
layer-wise decomposition framework that jointly optimizes per-layer low-rank fac-
tors and the global compression ratio. Instead of training each decomposed network
individually, the proposed algorithm automatically determines the optimal layer-wise
decomposition scheme that satisfies the global compression ratio. Although formu-
lated as a decomposition-based compression method, it can also be interpreted as
a joint optimization of decomposition and architecture search, because it explores a
structured, continuous space of layer configurations.
KD-Aware Architectures: The KD-aware architecture design has been actively
explored Li et al. (2020); Peng et al. (2020); Liu et al. (2020); Macko et al. (2019). A
central research direction is to identify student architectures that most effectively dis-
till knowledge from the teacher network. Kang et al. (2020) apply NAS to identify an
optimal student network for KD by optimizing an oracle KD loss that distills from an
ensemble of teacher models. Naive NAS is computationally intensive mainly because
it evaluates many candidate architectures, so other prior works introduce strategies to
reduce the search cost. Li et al. (2020) propose blockwise NAS guided by distillation
loss to make the NAS process more efficient. They modularize the student architec-
ture into blocks and independently search for the optimal block architecture that can
best learn knowledge from the corresponding teacher blocks. Peng et al. (2020) pro-
pose to find optimal architecture for KD in the One-Shot NAS framework where all
candidate networks are presented in combinations of parts of one oracle architecture:
sub-networks. One-shot NAS learns shared oracle weights at once and finds optimal
sub-networks for KD. The proposed method searches for optimal sub-networks with-
out further training, which significantly reduces the search time. Macko et al. (2019)
use KD to iteratively build an ensemble of subnetworks for neural architecture search.
At each step, they generate a set of small modules as weak learners guided by accu-
racy and distillation loss, where the teacher network is an ensemble of weak learners
from the previous step. After generating sets of weak learners for all steps, they search
the ensembles from all steps for the model that maximizes accuracy. Liu et al. (2020)
propose to search for an optimal architecture for KD using reinforcement learning,
with accuracy and efficiency after distillation on a mobile device as the reward.

3.2.3 KD with Quantization and Pruning

Just as KD can be sequentially combined with lightweight techniques, it can also
be coupled with quantization and/or pruning in a joint optimization setting. In this
approach, the student model is quantized or pruned while learning from the teacher,
so the quantization and/or pruning objectives and the KD loss are optimized together
in a single training stage.
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KD with Quantization: Mishra and Marr (2017) propose both online and offline
schemes for distilling from a full-precision teacher to a low-precision student. In the
online setup, the teacher and student are trained jointly; that is, the student learns
from the teacher, and the teacher is also updated using feedback from the student.
In the offline setup, a pretrained teacher distills to the low-precision student sequen-
tially. They report that initializing the low-precision student with weights from a
full-precision counterpart yields slightly better performance than random initializa-
tion. Polino et al. (2018); Kim et al. (2019) also propose distilling knowledge from
a full-precision teacher network to recover the loss of accuracy due to quantiza-
tion. Polino et al. (2018) propose two joint methods. The first method incorporates
distillation loss while training a smaller, quantized student network, similar to prior
work Mishra and Marr (2017). The second method optimizes the location of quan-
tization points through stochastic gradient descent to better fit the behavior of the
teacher model. Kim et al. (2019) introduce a more sophisticated three-phase process.
The student network is quantized without the teacher model in the first phase. The
second phase is the online KD, where the teacher and the quantized student model are
trained simultaneously by exchanging knowledge from each network. The last phase is
the offline KD, where the teacher model is fixed and only the student model receives
knowledge from the teacher model. The second phase can be viewed as joint optimiza-
tion, since the teacher is also trained with the knowledge transfer to the quantized
network in mind, becoming more quantization-friendly and more effective at distilling
knowledge to the quantized student.

Rather than using a full-precision teacher, Wei et al. (2018) first quantize the
teacher and then train a small, quantized student to learn from this quantized teacher,
assuming that quantization narrows the gap between the two models and helps the
student better match the teacher’s feature maps. Extending this idea, Pham et al.
(2023) employ multiple teachers at different quantization levels. These teachers share
intermediate-layer knowledge and distill it to a low-precision student while all mod-
els are trained simultaneously, encouraging interaction between the teachers and the
student. They show that using multiple quantized teachers outperforms relying on a
single full-precision teacher.

Unlike other studies that use KD to improve the performance of the low-precision
student model, Choi et al. (2020) exploit KD to create a quantized network in a data-
free configuration. In more detail, a generator is trained to generate synthetic data
similar to the original distribution using the teacher model. The synthetic data from
the generator is then injected into the teacher and the student model for quantization
by mimicking the output distribution of the teacher model.
KD with Pruning: Pruning can be easily integrated with KD by jointly optimizing
the loss functions from both compression methods Yao et al. (2019); Bai et al. (2019);
Cho and Lee (2019). Yao et al. (2019) propose to add up sparsity loss in KD process
to remove redundant weights for semantic segmentation. Bai et al. (2019) introduce
a cross distillation strategy in few-shot settings that can be composed with pruning
to enhance the performance of compressed models using limited data. They observe
slightly better results with KD compared to without it, even with few-shot training
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samples. Cho and Lee (2019) apply KD and group sparsity regularization loss simul-
taneously to efficiently compress and deploy models on embedded systems. Liu et al.
(2023) propose to jointly optimize a student network with KD and pruning compres-
sion methods with three losses: knowledge distillability, sparsability and classification
loss. The ratio of knowledge distillability and sparsability losses are controlled by
Dean network which is also tuned while optimizing the student network. The proposed
method presents better accuracy with the same computations compared with prior
works, both solely using KD or pruning and composition of KD and pruning Cho and
Lee (2019); Bai et al. (2019) on image classification task.

3.2.4 Composing Three or More Lightweight Methods

So far, we have examined joint optimization of two methods. In this section, we
investigate studies that integrate three or more methods.
KD + Quantization + Prune: Movva et al. (2022) examine compositions of
pruning, quantization, and KD for NLP models, jointly optimizing each configuration
during training. They find that using all three methods yields the best perfor-
mance. Among two-method setups, KD with quantization offers the highest efficiency,
while KD with pruning is the least efficient. In the field of generative model, Wang
et al. (2020) propose a unified optimization framework for compressing GANs. Their
approach integrates KD, channel pruning, and quantization into a single joint train-
ing process. A high-capacity generator serves as the teacher, transferring knowledge
to a pruned and quantized student so the compressed model preserves image quality
comparable to the original.
NAS + Pruning + KD: Yao et al. (2021) present Joint-DetNAS, a unified frame-
work that integrates NAS, pruning, and KD for optimizing object recognition models.
During architecture search, the student architecture is flexibly modified by pruning,
adding, or rearranging components, and dynamic distillation is applied to find the
optimal matching teachers. Joint optimization of the multiple compression methods
improves the accuracy and latency of object detection models.
Pruning + Decomposition + KD: Oguntola et al. (2018) compose weight prun-
ing, low-rank factorization, and KD on a single convolutional network and analyze
the different pairwise and three-way combinations. They observe that although each
method is individually effective, composing them yields multiplicative rather than
additive compression, because each technique removes a different form of redundancy.
Combining pruning with KD produces a VGG19 model 85× smaller on CIFAR-10
while retaining 96% of the original accuracy, illustrating that the benefit of composing
three or more methods comes from their complementary redundancy targets rather
than from any single technique.

3.2.5 Other Joint Compressions

Li et al. (2021) propose a collaborative decomposition and pruning approach. For each
layer, they estimate how sensitive information loss is to the compression rate for each
layer, then progressively remove low-importance units (channels or singular values)
using a metric that consists of unit importance and the expected information loss
from removing it. This composition of decomposition and pruning reduces FLOPs by
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about 5% and slightly improves accuracy on CIFAR-10 compared with a pruning-only
baseline.

Recent studies use low-rank decomposition to separate model information accord-
ing to its sensitivity to another compression method. OATS Zhang and Papyan (2025)
replaces each original weight matrix with the sum of a sparse component and a
low-rank component. The sparse component stores a limited number of important
individual weights, while the low-rank component compactly represents the remain-
ing shared structure. These components are estimated together so that each captures
information not represented by the other. SVDQuant Li et al. (2025) instead combines
decomposition with quantization. It extracts quantization-sensitive directions into a
small high-precision low-rank branch and applies four-bit quantization to the residual
weights and activations. The outputs of the low-rank and low-bit branches are then
combined during inference. In both methods, decomposition protects information that
pruning or quantization would represent poorly, while the paired compression method
reduces the remaining storage and computation.

Mixture-of-Experts (MoE) models consist of multiple relatively small expert net-
works and a gating module that selects the most suitable experts for each input. While
MoE increases the total parameter count, inference remains efficient because only a
small subset of experts is activated per example. In this perspective, MoE is considered
as one of lightweight method and has composed with different lightweight methods.
Kim et al. (2023) introduce Mixture of Quantized Experts (MoQE), a method that
jointly leverages the MoE architecture and low-bit quantization by applying aggres-
sive quantization to expert weights while preserving sparse expert activation. Xie
et al. (2024) propose pruning MoE models by leveraging router weight information to
identify and remove less important weights in the expert layers.

Beyond two-method MoE compositions, Chen et al. (2025) jointly combine expert
pruning, mixed-precision quantization, and activation optimization to deploy the ultra-
large DeepSeek-V3 MoE on edge hardware. They argue that pruning or quantization
alone cannot meet a strict memory budget without severe quality loss, and that adding
activation optimization as a third component addresses the activation-memory bottle-
neck that weight compression leaves untouched. The collaborative framework reduces
the model storage footprint from 1.3 TB to 103 GB and enables inference under a
128 GB total memory limit while preserving higher accuracy than uniform low-bit
quantization.

3.2.6 Summary

Joint optimization is beneficial when the composition needs to consider interac-
tions among methods during training or architecture search. This includes cases like
quantization-aware NAS, prune-aware NAS, KD-aware NAS, or joint pruning. It is
most applicable when sufficient retraining or search budget is available. The target
constraints, such as model size, FLOPs, latency, and energy, should also be defined
before optimization.

The main technical challenge is optimizing multiple objectives. Sparsity, quantiza-
tion error, distillation loss, architecture quality, and hardware cost may not all improve
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at the same time with a simple joint loss. As a result, joint optimization can be bet-
ter than sequential pipelines, but its advantages depend a lot on well-designed search
spaces, loss balancing, and optimization schedules.

3.3 Hybrid

When composing multiple lightweight techniques, optimization can mix joint and
sequential compression processes. For example, pruning and KD can be performed
together, followed by quantization. We call this a hybrid strategy which supports many
variants depending on the chosen compression methods and how they are integrated.

The composition method proposed by Kim et al. (2019), discussed in 3.2.3, can
be viewed as a hybrid method. They propose three phases of model compression, and
the second phase is the joint optimization of quantization and KD, and the offline KD
is applied sequentially in the third phase. Kim et al. (2021) also propose to integrate
pruning, quantization, and KD in a hybrid manner. In phase one, the model is jointly
optimized by alternating pruning and quantization process. In phase two, the pruned
network is fine-tuned as a student via KD while QAT is applied. The teacher network
is constructed by combining the retained important weights and previously pruned
unimportant weights, enabling mutual learning without requiring a pre-trained teacher
model. This work applies two joint optimization steps sequentially within a single
framework.

Li et al. (2020) propose a hybrid method that uses a joint composition of pruning
and low-rank decomposition, followed by KD. Learnable sparse matrices are inserted
between convolutional layers to represent pruning and low-rank decomposition. The
sparse matrices are learned using a modified proximal gradient solver. The new
architecture acquired in the previous step is sequentially fine-tuned with distillation
loss.

Integrating the same three methods for language models, Liu et al. (2021) pro-
pose ROSITA, which combines weight pruning, low-rank factorization, and KD for
BERT. Rather than fixing a single pipeline, they treat the composition as a joint
design problem and explore the model architecture, KD strategy, pruning frequency,
and learning-rate schedule together. They find that these design choices, rather than
the individual methods, determine the quality of the composed model.Experimental
results highlight that hybrid strategies that mix joint and sequential steps benefit
from explicitly tuning how the constituent methods interact, rather than from adding
methods in isolation.

MobileNetV4 Qin et al. (2024) combines hardware-aware architecture search with
KD in a hybrid pipeline. Its Universal Inverted Bottleneck and Mobile Multi-Query
Attention are optimized through two-stage NAS across mobile CPUs, GPUs, DSPs,
and EdgeTPUs. Offline distilled data support the search stage, after which a separate
KD recipe improves the selected models. Experimental results demonstrate that KD
can support both architecture selection and final model training, while the deployment
objective is evaluated across multiple hardware platforms rather than by FLOPs alone.
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3.3.1 Summary

Hybrid composition is beneficial when one part of the compression process bene-
fits from joint adaptation, while another part is better treated as a later step for
refinement or recovery. The examples provided show that hybrid strategies work in
complex pipelines that involve three or more methods, like pruning, quantization, KD,
and decomposition. This approach is especially relevant when a single sequential or
combined method cannot cover the entire optimization process.

The main challenge comes from the larger design space created by mixing stage
order, combined goals, teacher-student setups, and fine-tuning schedules. Since current
evidence relies on a few specific pipelines, we should see hybrid methods as flexible
design patterns rather than as a better overall category.

3.4 Composition of Lightweight Methods for Large Language
Models

Large language models (LLMs) have expanded the composition space because their
memory requirements arise not only from model weights but also from optimizer
states, activations, and the key–value (KV) cache. In addition to pruning, quantization,
decomposition, KD, and architecture search, LLM pipelines commonly use parameter-
efficient fine-tuning (PEFT), particularly low-rank adaptation (LoRA). LoRA does
not necessarily reduce the inference cost of the frozen backbone by itself. Instead, it
reduces the number of trainable parameters and can provide a lightweight recovery
or adaptation stage after compression. We therefore treat PEFT as an LLM-specific
composition component when its parameters, initialization, or optimization explicitly
interacts with another lightweight method.

3.4.1 Pruning with Recovery

Sequential recovery remains common because pretrained LLMs are expensive to retrain
jointly. LLM-Pruner first removes coupled Transformer structures and then uses LoRA
to recover performance Ma et al. (2023). Its optional final INT8 stage further demon-
strates a pruning–PEFT–quantization pipeline. Minitron Muralidharan et al. (2024)
similarly prunes depth, attention heads, MLP dimensions, and embedding channels
before KD retraining, producing compact model families with far fewer retraining
tokens than independent pretraining.

3.4.2 Quantization with KD and PEFT

Quantization compositions address a different constraint: retaining a large pretrained
backbone while reducing memory for weights, activations, or the KV cache. ZeroQuant
uses layer-wise KD to recover aggressively quantized Transformer layers Yao et al.
(2022), whereas LLM-QAT applies KD during data-free QAT and jointly quantizes
weights, activations, and the KV cache Liu et al. (2024). For adaptation, QLoRA
freezes a 4-bit model and trains LoRA adapters Dettmers et al. (2023). QA-LoRA
instead co-designs group-wise quantization and LoRA so the adapters can be merged
into the quantized weights Xu et al. (2024). These approaches illustrate that the
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preferable composition depends on the target: QLoRA primarily reduces fine-tuning
memory, while QA-LoRA also optimizes the final quantized representation.

3.4.3 Low-Rank and Joint Compositions

Low-rank branches are also used to isolate approximation errors that are difficult to
encode at low precision. LoftQ alternates quantization and truncated SVD to initialize
a quantized backbone and LoRA factors before downstream fine-tuning Li et al. (2024).
LQ-LoRA similarly decomposes each matrix into a quantized component and trainable
low-rank factors while allocating mixed quantization configurations under a memory
budget Guo et al. (2024). CALDERA targets post-training compression by jointly
optimizing a quantized backbone and quantized low-rank residual Saha et al. (2024).

Other studies make the recovery or search component influence the compression
decision itself. LoRAPrune uses LoRA weights and gradients to guide structured prun-
ing while updating only a small set of parameters Zhang et al. (2024). JSQ jointly
selects sparsity and quantization settings to control outliers that are harmful to low-
bit representation Guo et al. (2024). SLiM combines quantization, semi-structured
pruning, and low-rank error correction in a one-shot pipeline Mozaffari et al. (2025).
Puzzle uses distillation-guided architecture search to assemble an efficient LLM under
a hardware throughput objective Bercovich et al. (2025).

3.4.4 Summary

LLM composition is beneficial when the methods address distinct training or deploy-
ment constraints. Pruning changes the deployed architecture, quantization reduces
the memory cost of retained values, KD or PEFT can recover or adapt compressed
models, and low-rank branches can preserve quantization-sensitive information. These
roles allow LLM pipelines to reduce deployment cost, adaptation cost, or both.

The main challenge is that these benefits should be evaluated along two related
but distinct axes. Deployment compression concerns model size, latency, throughput,
energy, and KV-cache memory, whereas training-efficient adaptation concerns opti-
mizer memory, trainable parameters, and adaptation data. A method may improve
one axis without improving the other. For example, LoRA greatly reduces fine-tuning
cost but does not remove the frozen backbone, while structured pruning changes the
deployed architecture but may require expensive recovery. Effective LLM composi-
tion therefore requires matching the interaction pattern to the target bottleneck and
reporting the cost of all retained components, including adapters, low-rank branches,
sparse metadata, and quantization parameters.

4 Quantitative Analysis

When composing lightweight methods, the first question is whether the composition
performs better than using each method on its own. However, fully controlled compar-
ison across papers is infeasible because the reported results are obtained from different
models, datasets, hardware platforms, and software implementations. Therefore, this
section does not use results from different papers as a unified benchmark. Instead, we
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focus on within-paper ablations under the same experimental setting and use cross-
paper results only to identify broad trends. Given these inevitable differences in the
literature, we use Accuracy Drop (AD, Equation 1) and Compression Rate (CR) as
common interpretation measures: AD normalizes the quality change relative to each
paper’s own baseline, while CR provides a single summary measure of the reported
or inferable efficiency reduction. Together, these measures provide a consistent way to
describe the accuracy–efficiency trade-off of each composition.

AD =
Baselineacc. − Compositionacc.

Baselineacc.
× 100 (1)

A lower AD indicates less accuracy degradation relative to that paper’s own baseline.
If AD is negative, the composed method achieves higher accuracy than the baseline.
CR is taken directly from the cited paper when it is reported. When CR is not
explicitly reported, we estimate it from the available reduction in FLOPs/MACs,
parameter count, model size, or bit width. If only the quantization level is provided,
we estimate the bit-width-based CR from the ratio to FP32 precision; for example,
W8A8 is treated as approximately 16× compression relative to FP32 because both
weights and activations are reduced by 4× (32/8). Because some tables include studies
with different CR bases, the source-specific basis is identified in the table notes rather
than treated as a directly comparable quantity across all rows.

4.1 Sequential: Compression Methods on Efficient
Architectures

When additional compression techniques are applied to models with efficient architec-
tures, the potential for further computational reduction is inherently limited due to
the pre-existing optimizations of these architectures. This has led to an ongoing debate
about the most effective approach: whether to achieve high compression on a larger
model or lower compression on a model with an efficient architecture. For pruning,
the reviewed studies show that efficient architectures may achieve a smaller relative
compression ratio than large models, but the final compressed model can still be more
efficient in absolute terms. He et al. (2018) apply their pruning method to VGG16,
achieving an 80% reduction in FLOPs, which is a higher CR compared to the same
algorithm applied to MobileNet (60% for V1 and 30% for V2). Despite these differ-
ences in CR, the classification accuracy on the ImageNet dataset remains similar for
both architectures. Given that MobileNetV2 has 314 million FLOPs versus VGG16’s
15 billion FLOPs, simple calculations reveal that applying compression methods to
more efficient architectures enables greater computational efficiency while maintain-
ing the same level of accuracy. Similar evidence is reported by Yang et al. (2018), who
show that MobileNetV1 and MobileNetV2 can be further compressed with up to a
1.7× measured latency speedup while maintaining or improving ImageNet accuracy.

This observation holds true when using quantization methods as well. When Baskin
et al. (2021) apply quantization to the relatively heavy and less optimized ResNet-
18, they achieve a 95% reduction in computational requirements with a 2% accuracy
loss. In contrast, applying the same quantization technique to MobileNetV1 yields a
90% reduction in computation with image classification accuracy similar to that of
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the quantized ResNet-18. Although quantizing ResNet-18 achieves a higher CR, the
resulting model still requires 2.5 times more computation than quantized MobileNetV1
at equivalent accuracy. A similar pattern appears when quantization is combined with
pruning on efficient architectures: Choi et al. (2020) apply pruning–quantization–
entropy coding to MobileNet and ShuffleNet on ImageNet, achieving 7.13× and 6.79×
compression ratios, respectively, with limited accuracy loss. Across these cases, large
models show higher relative compression, whereas compressed efficient architectures
often achieve higher deployment efficiency at comparable accuracy. However, this area
has not been thoroughly explored, and further research is necessary to identify the
optimal sequential combinations of models and compression techniques for various
applications.

4.2 Sequential: Effectiveness of Composing with KD

KD is widely used to mitigate accuracy loss from earlier compression steps. Prior
studies Prakosa et al. (2021); Chen et al. (2021); Xie et al. (2021); Liu et al. (2021)
report that KD can recover part of the pruning-induced accuracy loss. As summarized
in Table 2, applying KD afterward consistently and considerably reduces AD. Mishra
and Marr Mishra and Marr (2017) and Wu et al. Wu et al. (2020) also demonstrate
that KD can recover quantization-related accuracy loss across multiple experiments.
Quantization compresses image classification models by 16× or 58×, and using KD as
a subsequent step further reduces AD. Even when a model is initially jointly optimized
with quantization and KD, a subsequent standalone KD stage still provides marginal
gains Kim et al. (2021). These findings indicate that post-compression KD is effective
on its own and serves as a flexible tool for improving the accuracy of lightweight
models.

Alternatively, KD can be applied first to concentrate information in the model
before subsequent pruning Kim and Rush (2016). Pruning the distilled model by 50%
incurs no additional accuracy loss, while CR doubles from 2.6 to 5.3 in an NLP task.
These experimental results support KD-before-pruning as a viable strategy. However,
there is no clear evidence that KD-before-pruning outperforms KD-after-pruning or
vice versa, highlighting the need for further study.

4.3 Sequential: Pruning → Quantization

In this section, we quantitatively examine the effectiveness of sequentially applying
pruning and quantization. Table 3 reports ImageNet results for sequential pruning →

quantization composition Han et al. (2016); Zhang et al. (2022); Choi et al. (2020)
across different base models. In most cases, AD stays near zero, indicating that adding
quantization after pruning preserves the accuracy of the pruned model while delivering
additional compression.

Notably, in Zhang et al. (2022)’s experiments with DenseNet121, AD remains
near zero even at CR = 64, showing that quantization is complementary to pruning
and adds largely orthogonal compression with minimal accuracy loss. Their results
further show that, for the same overall CR, pruning typically causes greater AD than
quantization. For both DenseNet121 and MobileNetV2, assigning more compression
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Table 2: Effectiveness of KD, sequentially combined with prun-
ing and quantization across different architectures and datasets
(CR=Compression Rate, AD=Accuracy Degradation, Pr=Pruning,
KD=Knowledge Distillation, Qt=Quantization): The higher CR and the
lower AD, the better. Because the rows come from different configura-
tions, the table should be interpreted as trend evidence rather than a fully
controlled benchmark comparison. The results suggest that applying KD
sequentially after pruning and/or quantization consistently improves accu-
racy across diverse base models and datasets. When KD is applied before
pruning, accuracy can be preserved while achieving a higher CR.

Method
Base Model /

Dataset
CR ↑ AD(%) ↓

Pr Only Pr→KD

Prakosa et al. (2021)
MobileNets /
Caltech-256

1.2 2.8 0.6

Chen et al. (2021)
ResNet32x4 /
CIFAR100

10 2.7 1.1

Xie et al. (2021)
ResNet50 /
Market1501

8.4 7.2 0.7

Liu et al. (2021)*
StyleGAN2 /

FFHQ
23.7 3.6 3.1

Qt Only Qt→KD

Mishra and Marr (2017)
ResNet /
ImageNet

16 3.0 1.2

Wu et al. (2020)
CNN /

CIFAR10
58 -1.0 -2.2

Qt+KD Qt+KD→KD

Kim et al. (2021)
ResNet-50 /
ImageNet

64 -0.8 -1.3

114 0.3 -0.1

256 3.4 3.1

KD Only KD→Pr

Kim and Rush (2016)
LSTM/

WMT2014

2.6 2.5 -

5.3 - 2.5 (50% prune)

13 - 3.5 (80% prune)

* Accuracy is measured by PSNR.
(Basis of CR) Parameter size: Prakosa et al. (2021), Chen et al. (2021), Xie et al.
(2021), Mishra and Marr (2017), and Kim and Rush (2016); FLOPs/MACs: Liu et al.
(2021); bit width: Wu et al. (2020) and Kim et al. (2021).

to pruning increases AD. Specifically, at CR = 64, 4× pruning and 16× quantiza-
tion yields higher AD than 2× pruning and 32× quantization. This suggests that to
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Table 3: ImageNet classification results of pruning →

quantization sequential composition across different base
models: Note that CR = 1 indicates that no corre-
sponding compression is applied. The results consistently
indicate that quantization complements pruning, provid-
ing an orthogonal compression direction with minimal
loss in accuracy.

Base Model
CR ↑

AD(%) ↓
Prune Quantization All

Han et al. (2016)

AlexNet
9 1 9 -0.02
9 3 27 0

Zhang et al. (2022)

DenseNet121

1 16 16 -0.43
2 16 32 -0.39
4 16 64 3.21
2 32 64 0.37

MobileNetV2

1 16 16 0.07
2 16 32 1.07
4 16 64 10.67
2 32 64 5.33

Choi et al. (2020)

MobileNetV2

2 1 2 0.99
2 16 32 0.14
2 32 64 1.69
2 64 128 5.64

ShuffleNet

2 1 2 0.15
2 16 32 -0.61
2 32 64 0.92
2 64 128 9.02

(Basis of CR) Parameter size: Han et al. (2016) prun-
ing/quantization, Zhang et al. (2022) pruning, and Choi et al.
(2020) pruning; bit width: Zhang et al. (2022) quantization and
Choi et al. (2020) quantization.

achieve a high compression ratio, the optimal balance between pruning and quantiza-
tion should be explored. AD also depends on the base model. Lightweight architectures
(e.g., MobileNet, ShuffleNet) generally have less redundancy Choi et al. (2020). Thus,
even at relatively low CR, applying additional quantization compression after pruning
leads to larger accuracy drops than in heavier models such as DenseNet121.
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Table 4: Experimental comparison of quantization-
aware NAS and independent quantization on ImageNet
(Qt=Quantization, NAS=Neural Architecture Search):
Quantization-aware NAS consistently presents better AD
with higher CR than quantization, which indicates that
there is an optimal architecture for quantization compres-
sion. The CR values are either reported by the original
papers or estimated from stated bit-width and compression
settings, and the quantization methods differ across exper-
iments. The table should be read as source-specific trend
evidence because the CR basis differs by study.

Base Model
Qt-only Joint (Qt+NAS)

CR ↑ AD(%) ↓ CR ↑ AD(%) ↓

Chen et al. (2018)

ResNet50 4.1 0 6.9 -0.3
DenseNet121 4.2 0 5.2 -0.2
MobileNet-v2 4.1 5.2 3.3 -0.5

Guo et al. (2020)

ResNet-34, 2W2A 256 5.6 256 4.7
ResNet-34, 3W3A 114 3.3 114 1.5
ResNet-34, 4W4A 64 2.0 64 0.5

Shen et al. (2019)

Binary Network 3.5 10.2 3.7 1.4

(Basis of CR) Parameter size: Chen et al. (2018); bit width: Guo
et al. (2020); FLOPs/MACs: Shen et al. (2019).

4.4 Joint: Compression-Aware Architecture

Quantization-Aware architecture: Sheng et al. (2018); Kulkarni et al. (2021)
modify MobileNet block structures to create quantization-friendly variants, yielding
2–3% higher accuracy than a model, quantized from original MobileNet. This supports
the idea that architectures can be tailored to quantization (and other compression)
for better performance. Prior NAS-based studies that search for quantization-aware
architectures report similar gains Chen et al. (2018); Guo et al. (2020); Shen et al.
(2019). Table 4 compares the results of quantizing a fixed architecture with those
of searching for an optimal architecture for quantization (Quantization-Aware NAS),
and consistently shows the latter outperforming the former, reinforcing the existence
of quantization-optimal architectures.

As discussed in Section 3.1, sequential pipelines can be suboptimal because changes
from one method may leave the model poorly suited for the next. Evidence of this can
be found in the quantization, pruning, and NAS experiments of Shen et al. (2021) and
Wang et al. (2020). Fig. 4(a) of Shen et al. (2021) presents a Pareto curve comparing
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Table 5: Comparison of NAS composed with KD: KD is either
jointly applied during NAS or sequentially applied after NAS.
The table focuses on within-paper comparisons of KD placement
because the cited studies use different search spaces and training
recipes. Sequential composition of NAS and KD performs bet-
ter than joint composition, which is the opposite of the pattern
observed for NAS and quantization. Using both joint and sequen-
tial composition marginally increases accuracy.

Dataset
Apply KD

AD(%) ↓ Accuracy(%) ↑
On NAS After NAS

Peng et al. (2020)

ImageNet
✗ ✗ - 76.5
✓ ✗ -1.8 77.9

Liu et al. (2020)

ImageNet

✗ ✗ - 73.0
✗ ✓ -2.3 74.7
✓ ✗ -0.8 73.6
✓ ✓ -3.4 75.5

Kang et al. (2020)

CIFAR-100

✗ ✗ - 74.55
✗ ✓ -3.1 76.85
✓ ✗ 0 74.56
✓ ✓ -3.2 76.97

quantization-aware NAS and NAS-then-quantize approaches under 3-bit quantiza-
tion. Joint optimization achieves higher accuracy across a wide range of FLOPs,
reported in millions, with at least a 2–3% improvement over independent quantiza-
tion. Fig. 6 of Wang et al. (2020) compares joint NAS–pruning–quantization with a
sequential approach (NAS → AMC He et al. (2018) → HAQ Wang et al. (2019)). The
joint approach achieves higher accuracy for a given latency and delivers 2.3% higher
accuracy under the same latency and energy constraints.
KD-Aware NAS: Table 5 summarizes experiments with KD-guided NAS across
multiple datasets Peng et al. (2020); Liu et al. (2020); Kang et al. (2020). Depending
on when KD is applied, we distinguish two settings: (1) joint, where KD is used during
the architecture search process, and (2) sequential, where KD is applied after the
architecture is found. As shown in Table 5, architectures discovered with KD generally
achieve higher accuracy than those searched without KD. Notably, Liu et al. (2020);
Kang et al. (2020) report that applying KD after the search outperforms applying KD
during architecture search, indicating that joint optimization is not always superior
to sequential lightweight method composition. As expected, using KD in both stages
yields the best results, likely because KD-guided architectures are inherently more
compatible with KD, enabling better knowledge transfer and improved performance.

33



Prune-Aware NAS: Prune-aware NAS has shown promising results. Li et al. (2021)
demonstrate that explicitly accounting for pruning during the search yields architec-
tures with higher accuracy than those produced by conventional NAS that ignores
pruning. On the ImageNet classification benchmark, the prune-aware NAS approach
achieves AD = 4.1 while providing roughly twice the CR of NAS alone.

4.5 Joint: Effectiveness of Composing with KD

KD with Pruning: In comparing the sequential application of pruning and KD
with joint optimization, Liu et al. (2023) investigate KD and pruning individually,
as well as their sequential and joint compositions. The findings reveal that KD alone
improves accuracy by 1.25% over the baseline on the CIFAR-10 dataset, while prun-
ing alone achieves a smaller increase of 0.89%. When KD and pruning are applied
sequentially, the accuracy improvement is 1.14%, indicating limited synergy between
the two methods when combined in sequential format. In contrast, the joint optimiza-
tion approach leads to the highest accuracy improvement of 1.94%, showcasing the
better effectiveness of the joint optimization method than sequential one.
KD with Quantization: Similar to the results observed with sequential optimiza-
tion of KD with quantization, the joint optimization of quantization and KD also
achieves a better result, compared to the individual application of quantization Choi
et al. (2020). However, joint optimization of KD and Quantization sometimes presents
different results from those observed in sequential compression. Researchers Mishra
and Marr (2017); Pham et al. (2023) show that joint optimization offers no signifi-
cant advantage over the sequential method in certain scenarios. In Mishra and Marr
(2017), the joint training of teacher and low-precision student model results in slightly
lower performance than the independent application of KD to the low-precision stu-
dent. Pham et al. (2023) also report that the naive joint training does not offer better
advantage than individual KD. After applying their proposed method, accuracy is
improved by 2− 3%. This suggests that joint optimization by itself does not necessar-
ily yield substantial performance gains. Appropriate approach is required that suits
the characteristics of each method, rather than relying on naive joint optimization for
better performance. In practice, the performance impact depends heavily on how the
optimization procedure is designed and implemented.

4.6 Joint: Quantization and Pruning

Quantization and pruning target complementary aspects of model redundancy; there-
fore, their sequential composition raises the compression ratio CR while keeping the
AD low, as presented in Section 4.3. When they are composed jointly, similar behav-
iors are also observed in prior work Yang et al. (2020); Long et al. (2019). The results
from Yang et al. (2020) in Table 6 show that jointly applying both methods achieves
a significantly higher CR with an on-par AD compared with applying either quan-
tization or pruning alone. This result is from the CIFAR dataset, which is highly
overparameterized with ResNet-50 (a large model on a relatively small dataset of 60K
images). In particular, when pruning and quantization are jointly applied to the rela-
tively large ResNet-50 model, CR can reach 462 while accuracy is maintained, whereas

34



Table 6: Image classification performance between joint vs indi-
vidual applications of pruning and quantization: Within each
cited study, jointly optimizing a model with both pruning and
quantization generally presents higher CR and comparable AD
than compressing a model with a single lightweight method.
Because the table includes different datasets and base models,
comparisons across rows should be interpreted with caution.

Base Model Dataset Prune Quant. CR ↑ AD(%) ↓

Yang et al. (2020)

ResNet-20 CIFAR
✗ ✓ 16 0

Joint 35.4 0.15

ResNet-50 CIFAR
✓ ✗ 2 -1.61

Joint 462 -1.34

AlexNet ImageNet Joint 205 -0.14

Long et al. (2019)

ResNet-18 CIFAR
✗ ✓ 1.1 -0.39

Joint 1.3 -0.35

(Basis of CR) Parameter size: Yang et al. (2020); FLOPs/MACs: Long et al.
(2019).

pruning alone compresses the model by a factor of two. By contrast, Long et al. (2019)
report mixed results in Table 6. The combined approach does not clearly outperform
quantization-only. A plausible reason is that their base model, ResNet-18, is already
compact, so the compression may be near saturation.

A natural question is whether quantization and pruning should be applied sequen-
tially or jointly. Evidence from Yang et al. (2020) indicates that the joint approach can
outperform the sequential one on AlexNet when evaluated on ImageNet. Compared
with the sequential AlexNet result in Han et al. (2016) (Table 3), the joint AlexNet
result reports better accuracy and a larger parameter-size CR, but this cross-paper
comparison should be interpreted cautiously, as it is not controlled benchmark com-
parison. While more effective sequential strategies may exist, the joint approach is
generally expected to yield superior performance.

4.7 Hybrid

Hybrid approaches can be useful when a jointly optimized compression stage is fol-
lowed by a separate refinement stage to recover performance or improve the compressed
model. PQK Kim et al. (2021) shows this by first combining iterative pruning with
QAT and then refining the pruned network through KD. As shown in Table 2, this
second hybrid phase improves AD from −0.8 to −1.3 at CR = 64, from 0.3 to −0.1
at CR = 114, and from 3.4 to 3.1 at CR = 256 on ResNet-50/ImageNet. This sug-
gests that a recovery stage can still provide measurable gains even after pruning and
quantization have already been optimized together.
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The same pattern appears in hybrid pruning–decomposition methods. Group spar-
sity Li et al. (2020) learns a compact model that can act as filter pruning or low-rank
decomposition. The authors report that using the distillation loss further reduces the
Top-1 error rate after compression. In ROSITA Liu et al. (2021), adding KD-guided
depth pruning to KD-guided width pruning raises the average development score from
79.0 to 79.4. These results suggest that hybrid composition is most effective when the
jointly optimized stage and the later refinement stage have distinct roles, rather than
using multiple methods redundantly.

4.8 Others

For the image generation task, Wang et al. (2020) investigate various compositions
of the three methods. Applying pruning followed by KD resulted in slightly better
performance than pruning alone, whereas reversing the order led to worse results.
Notably, the joint optimization of KD and pruning achieves significantly improved
performance. Furthermore, when incorporating quantization, the joint optimization
of all three methods (KD, pruning, and quantization) outperforms the approach of
applying quantization after the joint optimization of KD and pruning.

Beyond vision tasks, Movva et al. (2022) apply quantization, pruning, and KD to
compress the BERT architecture, demonstrating the effectiveness of joint optimization
in NLP tasks. They evaluate the three methods individually and in several composi-
tions, including KD with QAT, QAT with magnitude pruning (MP), KD with MP,
and the combination of QAT, KD, and MP. In their experiments, the application of
individual MP results in a slight performance improvement. Meanwhile, the composi-
tion of KD and quantization leads to a notable increase of approximately 2–3% in the
BLEU score for BERT-Mini. The best performance is achieved when all three methods
are applied together, resulting in an improvement of over 5%.

5 Real-Hardware Deployment Evaluation

Section 4 uses accuracy and analytical efficiency measures, including parameter
reduction, FLOPs, bit width, and estimated compression rate, to compare method
compositions. These measures describe model-level compression but do not directly
predict deployment performance. Parameter count and bit width approximate model
storage. Floating-point operations (FLOPs) count arithmetic operations, while bit
operations (BOPs) also account for operand precision. Neither measure captures run-
time memory for activations, temporary buffers, sparse indices, quantization metadata,
and low-rank branches. Latency additionally depends on memory movement, kernel
support, parallelism, compiler optimization, and the target processor. Consequently,
a composition with a larger theoretical compression rate may be slower on physical
hardware Ma et al. (2023); Li et al. (2025); Qin et al. (2024).

Table 7 summarizes representative composition studies that report measurements
on physical hardware. The results are not intended as a controlled cross-study com-
parison because the models, tasks, devices, runtimes, precisions, batch sizes, and input
lengths differ. Instead, Table 7 shows which deployment effects become visible only
when the complete composition is executed on its target platform.
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The Table 7 highlights three deployment considerations. First, the composition
should target the resource that most limits deployment, such as memory capacity
or inference latency. Quantization can reduce memory even when latency does not
improve, as shown by LLM-Pruner Ma et al. (2023), while structured pruning, dense
decomposition, and hardware-aware architecture search can preserve operators that
existing runtimes execute efficiently Li et al. (2021); Lin et al. (2018); Qin et al. (2024).
Sparse models provide wall-clock acceleration only when the target library or acceler-
ator contains a matching sparse kernel Mozaffari et al. (2025). Second, evaluation of
the complete pipeline reveals costs hidden by layer-level or theoretical measurements.
Sparse metadata, low-rank recovery, quantization and dequantization, format conver-
sion, and device transfer can offset arithmetic savings. SVDQuant demonstrates the
effect of kernel fusion Li et al. (2025), while the layer-wise GPU speedups reported
by SLiM Mozaffari et al. (2025) do not establish complete generation speedup. Third,
results remain platform dependent because memory hierarchy, numerical support,
compiler transformations, and kernel availability vary across CPUs, GPUs, DSPs, and
accelerators Qin et al. (2024).

Overall, deployment evidence should be judged by how directly it reflects the tar-
get execution setting. Physical-device measurements provide the strongest evidence
because they capture the combined effects of hardware, software stack, precision,
workload, and runtime behavior.

6 Practical Guidance for Composing Lightweight
Methods

This Section translates the interaction and deployment evidence into practical
guidance for selecting, ordering, implementing, and evaluating lightweight-method
compositions. The appropriate composition depends on many constraints, the recom-
mendations are conditional rather than universal Qu et al. (2025); Jeon et al. (2025);
Li et al. (2025). For practical guidance, Sections 6.1 and 6.2 explain when methods pro-
vide complementary benefits and when their interactions create conflicts. Section 6.3
then summarizes libraries for creating, executing, and serving composed models.

6.1 Complementary Compositions

Lightweight methods are complementary when they reduce different costs, repair a
specific error introduced by another method, or co-adapt decisions that cannot be
optimized independently Han et al. (2016); Yao et al. (2022); Frantar and Alistarh
(2022). Compatibility depends on compression severity, order, optimization coupling,
and the deployed representation rather than on the method alone Guo et al. (2024);
Jeon et al. (2025).

Assign each method a distinct role. Pruning and quantization can accumu-
late savings because pruning removes structures and quantization lowers the precision
of retained values Han et al. (2016); Zhang et al. (2022). A sequential prune-then-
quantize pipeline is a practical starting point at moderate compression. When sparsity
and precision act on the same weights at aggressive settings, use quantization-aware
pruning or a shared reconstruction objective because retained structures become more

37



Table 7: Representative real-hardware evaluations of lightweight-method composi-
tions. The arrow denotes sequential and + denotes joint composition. MobileNetV4
is hybrid. Note that results are not directly comparable because hardware, software,
and workloads differ.

Study /
composition

Measured model
and physical setup

Measured deployment
result

Deployment observation

MobileNetV4
Qin et al.
(2024):
KD-guided
NAS → KD

ImageNet-1K.
Median latency on
Pixel 6 CPU, Pixel 8
EdgeTPU, iPhone 13,
Pixel 4 DSP, Pixel 7
GPU, and Samsung
S23 CPU/GPU.

Hybrid-L obtains 83.4%
top-1 at 3.8 ms on Pixel 8
EdgeTPU. The KD recipe
raises accuracy to 86.6%
without changing the
architecture.

Architecture search targets
latency, while KD improves
accuracy. Processor-
dependent operator efficiency
motivates evaluation across
the intended devices.

NPAS Li
et al. (2021):
NAS +
pruning

ImageNet
classification on an
off-the-shelf mobile
phone with
compiler-generated
inference code.

Representative operating
points are 78.2% top-1 at
6.7 ms, 75.0% at 5.9 ms,
and 71.0% at 3.9 ms.

Joint selection of pruning
patterns, architecture, and
compiler configuration
directly targets the mobile
latency budget rather than
FLOPs alone.

LRDKT Lin
et al. (2018):
decomposi-
tion → KD

AlexNet and VGG-16
on ImageNet. CPU
and NVIDIA GTX
Titan X GPU with
GPU batch size 32.

VGG-16 LRDKT-0.5
reports 2.61× CPU
speedup and 2.55× GPU
speedup.

KD recovers accuracy after
decomposition while the
resulting dense operators
retain practical CPU and
GPU acceleration.

LLM-
Pruner Ma
et al. (2023):
pruning →

LoRA →

INT8

LLaMA-7B and
Vicuna-7B on one
NVIDIA A5000.
Inference uses a
64-token input.

Dense: 12,884.5 MiB and
69.32 s. Pruned 5.4B:
10,488.4 MiB and 58.55 s.
Pruned+INT8: 5,444.4
MiB and 63.10 s.

INT8 nearly halves the
pruned model’s memory but
increases latency in this
implementation, exposing a
memory–latency trade-off
hidden by model size.

SVDQuant Li
et al. (2025):
low rank +
W4A4

FLUX.1, PixArt-Σ,
and SDXL on laptop
and desktop RTX
4090 and RTX 5090
GPUs.

FLUX.1 BF16 uses 22.7
GiB and 111.7 s, versus
6.5 GiB and 12.9 s for
fused INT4. An unfused
low-rank branch adds 18%
single-step latency.

Kernel fusion prevents the
low-rank recovery branch
from offsetting the
acceleration obtained from
four-bit execution.

ZeroQuant Yao
et al. (2022):
quantization
→ KD

BERT, GPT-J-6B,
and GPT-NeoX-20B
on NVIDIA A100 40
GB GPUs with fused
INT8 kernels.

BERT reports up to 5.19×
speedup. GPT-J latency
decreases from 29.13 to
7.94 ms. GPT-NeoX
deployment decreases from
two GPUs to one.

Fused quantization overhead
enables the measured INT8
speedup, while KD primarily
supports accuracy recovery in
more aggressive low-bit
settings.

precision-sensitive Frantar and Alistarh (2022); Guo et al. (2024); Qu et al. (2025).
Avoid assigning heavy structural compression to an architecture that already has little
redundancy Zhang et al. (2022).

Use recovery only for damage it can represent. KD has recovered accuracy
after pruning, decomposition, and quantization when the compact student remains
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trainable and the teacher provides targets for the affected representation Lin et al.
(2018); Yao et al. (2022); Muralidharan et al. (2024). Sequential recovery is easy to
add to an existing pipeline, but its effectiveness depends on teacher quality, recov-
ery data, and compression severity Mishra and Marr (2017); Li et al. (2020); Yuan
et al. (2021). For LLMs, pruning followed by KD or PEFT follows the same recovery
pattern, although recovery can remain incomplete after structural removal Ma et al.
(2023); Muralidharan et al. (2024). Define the compact structure first, then apply KD
while enough capacity remains for recovery. For low-bit LLM adaptation, a separate
LoRA adapter is appropriate when four-bit adaptation memory is the main constraint,
whereas quantization-aware or group-aligned PEFT is more suitable when precision
is lower or the adapter must be merged Dettmers et al. (2023); Xu et al. (2024); Jeon
et al. (2025).

Choose sequential or joint optimization from variable dependency.
Sequential composition is sufficient when a later method can consume a fixed first-
stage model without changing its masks, groups, or architecture. Joint optimization
becomes useful when methods perturb the same parameters, share a compression bud-
get, or require a common deployment representation Frantar and Alistarh (2022); Qu
et al. (2025); Jeon et al. (2025). A hybrid pipeline is appropriate when tightly coupled
methods require joint adaptation but another method is better reserved for later recov-
ery or refinement Kim et al. (2019, 2021); Li et al. (2020). This flexibility increases the
design space because both within-stage coupling and between-stage ordering must be
selected. Before adopting a joint or hybrid formulation, compare it with both appli-
cation orders at matched resources because additional coupling adds value only when
the variables are genuinely dependent.

Partition by compression sensitivity. Sparse and low-rank components can
represent localized outliers and distributed information separately, while low-rank
branches can protect directions that low-bit quantization handles poorly Zhang and
Papyan (2025); Li et al. (2025). Use this pattern only when the residual assigned to the
low-rank branch is compact enough to justify its rank, memory, and additional execu-
tion. A third method is useful when it corrects the aggregate error of earlier stages or
addresses a separate resource bottleneck, as in low-rank correction after pruning and
quantization Mozaffari et al. (2025).

Include deployment behavior in architecture and composition search.
Compression-aware NAS can avoid selecting an architecture that performs well before
compression but poorly after quantization or pruning Wang et al. (2020); Qin et al.
(2024); Gao et al. (2024). Use this approach when search is affordable and the target
platform is known. Evaluate the complete exported model with the intended compiler
and kernels rather than using FLOPs as the only objective Qin et al. (2024); Gao
et al. (2024).

Validate the complete composition. Count sparse metadata, quantization
scales, adapters, low-rank branches, and format conversions. Measure end-to-end qual-
ity, latency or throughput, peak memory, and energy on the target workload because a
corrective branch or unsupported sparse format can remove the expected deployment
benefit Li et al. (2025); Chen et al. (2025).
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6.2 Conflict Compositions

A conflict occurs when one method destroys information needed by another, changes
a shared representation or control signal, introduces an incompatible optimization
objective, or adds execution overhead that removes the intended benefit Qin et al.
(2024); Zhao and Zhao (2024); Chen et al. (2025). These conflicts are conditional.
The same pair can be complementary at moderate settings and conflicting when com-
pression becomes aggressive or when the implementation changes the interaction Guo
et al. (2024); Qu et al. (2025).

Test whether recovery is possible before increasing recovery cost. Ultra-
low-bit quantization can remove information that ordinary LoRA cannot reconstruct
reliably Qin et al. (2024); Jeon et al. (2025). Measure the gap before and after recovery
across precision, sparsity, or rank settings. If the unrecovered gap widens as recov-
ery capacity increases, preserve more information in the first stage or co-train the
compressed representation and recovery module instead of adding a larger adapter.

Separate optimization signals by their role. Joint optimization is not
automatically superior because sparsity, quantization error, distillation quality, and
architecture quality may favor different updates or model capacities Mishra and Marr
(2017); Pham et al. (2023); Long et al. (2019); Liu et al. (2020); Kang et al. (2020).
Quantization-aware KD can suffer from competing label and teacher objectives, while
feature-KD gradients that improve retained weights can distort gradient-based prun-
ing decisions Zhao and Zhao (2024); Yang et al. (2023). Ablate each loss separately
and inspect both parameter updates and structural decisions. When a loss helps train-
ing but harms selection, use task gradients for pruning or architecture decisions and
reserve the combined gradients for weight updates Yang et al. (2023).

Check representation and granularity compatibility. Independent pruning
and quantization perturbations can accumulate, pruning can preserve outliers that
are difficult to quantize, and independently trained LoRA updates may not fit the
final quantization groups Frantar and Alistarh (2022); Guo et al. (2024); Xu et al.
(2024). Compare both sequential orders with a shared reconstruction or aligned alter-
native. At aggressive sparsity or precision, use quantization-aware salience, compatible
pruning and quantization groups, and adapter sharing that matches the deployed
quantizer Guo et al. (2024); Qu et al. (2025); Xu et al. (2024).

Do not assume a larger joint search space is better. Heterogeneous subnet-
works can interfere through shared weights, and compression can change the router
or importance signals used by a conditional architecture Xu et al. (2022); Chen et al.
(2025); Huang et al. (2025). Partition NAS candidates with substantially different size
or convergence behavior. For MoE models, compare routing and sensitivity signals
before and after expert compression, then recalibrate the router rather than using
routing frequency as a universal pruning or precision score Chen et al. (2025); Huang
et al. (2025).

Preserve trainability until trainable stages are complete. When low-bit
conversion must interact with later adaptation, use a differentiable QAT formulation
so the quantizer and recovery parameters can co-adapt, as demonstrated by L4Q Jeon
et al. (2025). Use fixed PTQ as a terminal conversion when later stages do not need to
update the compressed representation. If the adapter must be merged, test the merged
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low-bit model rather than reporting only the unmerged training configuration Xu et al.
(2024); Jeon et al. (2025).

Diagnose with matched ablations. Compare each method alone, both appli-
cation orders, the sequential composition, and a joint or representation-aligned
alternative at matched quality and resource levels Frantar and Alistarh (2022); Jeon
et al. (2025). This comparison identifies whether the second method adds an indepen-
dent benefit, repairs damage from the first stage, or creates avoidable interference.
For sparse, low-rank, or routed models, include metadata, branch or expert loading,
kernel launches, and end-to-end execution under the intended batch and sequence
length Chen et al. (2025); Huang et al. (2025); Li et al. (2025).

6.3 Libraries for Composing Lightweight Methods

No single library covers the complete composition workflow. Table 8 classifies libraries
into three groups depending on the major use scenarios: creating composition,
executing an upstream composition, and serving an optimized LLM.
For creating the composition: Model Optimizer supports NVIDIA-oriented
compression workflows, Intel Neural Compressor combines quantization, pruning,
and KD, and torchao provides native PyTorch quantization and sparsity NVIDIA
(2026a); Intel (2026a); PyTorch (2026b). DeepSpeed integrates distributed training
with compression, while Olive searches and orders optimization passes across sup-
ported backends DeepSpeed (2026); Microsoft (2026a). NNCF prepares quantized
or sparse models for OpenVINO, and Hugging Face Optimum routes models to
hardware-specific optimization packages Intel (2026b); Hugging Face (2026a).
For executing an upstream composition: TensorRT compiles optimized mod-
els for NVIDIA hardware, ONNX Runtime provides execution through multiple
hardware providers, and TVM supports cross-hardware graph and kernel compi-
lation NVIDIA (2026b); Microsoft (2026b); Apache Software Foundation (2026).
ExecuTorch and LiteRT execute upstream compositions on mobile and embedded
devices PyTorch (2026a); Google (2026). Dynamic-shape behavior remains backend-
specific because compiled profiles and mobile or NPU delegates can require bounded
or static dimensions NVIDIA (2026b); Microsoft (2026b); PyTorch (2026a); Google
(2026).
For serving an optimized LLM: TensorRT-LLM targets NVIDIA LLM infer-
ence, while vLLM and SGLang combine quantized execution with LoRA, cache
management, batching, and distributed parallelism NVIDIA (2026c); vLLM Project
(2026); SGLang Project (2026). llama.cpp provides portable single-node execu-
tion, and Ollama provides a local model-management layer around preconverted
models ggml-org (2026); Ollama (2026). Triton schedules requests across existing infer-
ence backends, whereas the archived TGI project is retained primarily for existing
deployments NVIDIA (2026d); Hugging Face (2026b).

7 Challenges and Future work

The composition space grows rapidly with the number of methods, application orders,
coupling strategies, and hyperparameters. Because the best configuration also depends
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Table 8: Compact support matrix for libraries that create, execute, or serve compo-
sitions of lightweight methods. Methods: Qt=quantization, Pr=pruning or sparsity,
KD=knowledge distillation, and PEFT=parameter-efficient fine-tuning. ✓: direct
support in the listed workflow role; ◦: support through a companion package, back-
end, or upstream artifact; –: no documented method-specific support.

Library Qt Pr KD PEFT Primary hardware

A. Create or search the composition

NVIDIA Model
Optimizer NVIDIA (2026a)

✓ ✓ ✓ ✓ NVIDIA GPUs.

Intel Neural Compressor Intel
(2026a)

✓ ✓ ✓ – Intel CPUs, GPUs, and Gaudi accelerators.

PyTorch torchao PyTorch
(2026b)

✓ ✓ – – NVIDIA/AMD/Intel/Apple GPUs and
ARM CPUs.

DeepSpeed DeepSpeed (2026) ✓ ✓ ✓ – NVIDIA and AMD GPUs.
Microsoft Olive Microsoft
(2026a)

✓ ◦ ◦ ✓ Backend-dependent CPUs, GPUs, and
NPUs.

OpenVINO + NNCF Intel
(2026b)

✓ ✓ – – Intel CPUs, GPUs, and NPUs.

Hugging Face
Optimum Hugging Face
(2026a)

◦ ◦ ◦ ◦ Backend-dependent.

B. Compile or execute an upstream composition

NVIDIA TensorRT NVIDIA
(2026b)

✓ ✓ ◦ ◦ NVIDIA GPUs and DLA accelerators.

ONNX Runtime Microsoft
(2026b)

✓ ◦ – – CPUs, GPUs, and NPUs.

Apache TVM Apache
Software Foundation (2026)

✓ ◦ ◦ – CPUs, GPUs, DSPs, and custom
accelerators.

ExecuTorch PyTorch (2026a) ✓ ✓ – – Mobile CPUs, GPUs, NPUs, and MCUs.
Google LiteRT Google (2026) ✓ ✓ ◦ ◦ Mobile and embedded CPUs, GPUs, and

NPUs.

C. Serve or locally run an optimized LLM

TensorRT-LLM NVIDIA
(2026c)

✓ – – ✓ NVIDIA GPUs.

Triton Inference
Server NVIDIA (2026d)

◦ ◦ ◦ ◦ CPUs, NVIDIA GPUs, and backend
accelerators.

vLLM vLLM Project (2026) ✓ – – ✓ CPUs, GPUs, TPUs, and supported
accelerators.

SGLang SGLang Project
(2026)

✓ – – ✓ NVIDIA/AMD GPUs, Intel CPUs, TPUs,
and Ascend.

llama.cpp ggml-org (2026) ✓ – – ✓ CPUs and NVIDIA/AMD/Apple GPUs.
Ollama Ollama (2026) ◦ – – ✓ CPUs; NVIDIA, AMD, and Apple GPUs.
HF TGI Hugging Face
(2026b)

✓ – – ✓ NVIDIA GPUs, limited AMD/Gaudi
support.

on the task, hardware, and runtime, exhaustive evaluation is infeasible. Future compo-
sition search should therefore jointly optimize method selection, ordering, and coupling
against measured accuracy and deployment cost on the target platform.
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Real-device studies report latency, throughput, and peak memory Ma et al. (2023);
Li et al. (2025); Qin et al. (2024); Mozaffari et al. (2025), but measurements of DRAM
traffic, cache behavior, memory bandwidth, and energy remain rare. Hardware coun-
ters or bus-level instrumentation can reveal when quantization, sparsity, and low-rank
branches reduce data movement and when metadata or irregular access patterns offset
their benefits.

LLM composition research still covers only a small part of the design space.
Multimodal models, long-context inference, mixture-of-experts routing, and hardware-
specific KV-cache management remain underexplored Park et al. (2024). Future
studies should distinguish PEFT used only for training from adapters retained at
deployment and report the cost of all adapters, sparse metadata, low-rank branches,
and quantization parameters.

Automated pipelines for LLMs and multimodal models should minimize nega-
tive method interactions while optimizing latency, memory, energy, and adaptation
cost. Reports should identify the explored methods, composition order, hardware and
runtime, and measured accuracy and deployment cost. Controlled comparisons and
theoretical analysis are also needed to explain why particular orders and coupling
strategies succeed.

8 Conclusions

This survey treats the composition of lightweight methods as the unit of analysis and
classifies compositions as sequential application, joint optimization, or hybrid com-
position according to their optimization dependencies. The reviewed evidence shows
that no category is universally superior. Sequential application is appropriate when
later stages can operate on fixed outputs, joint optimization is useful when compres-
sion variables or objectives interact, and hybrid composition supports joint adaptation
followed by separate recovery or refinement. Across these categories, the benefit of
composition depends on whether the methods address distinct bottlenecks, preserve
trainability, and remain compatible at the target compression severity.

To further advance the field, more systematic research on combination strate-
gies across different techniques and their application in diverse domains will be
necessary. Such efforts will not only enhance model efficiency but also improve adapt-
ability to real-world constraints, contributing to more effective and broadly applicable
lightweight solutions.
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