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Abstract

Fine-tuning large language models (LLMs) is
a crucial process to align them with human
intentions, yet this process remains memory-
intensive, varying across tasks and model archi-
tectures. These huge and variable memory costs
complicate scaling and deployment of LLMs,
especially on limited hardware. However, ex-
isting surveys on memory efficiency are often
either superficial or too narrow in scope, typ-
ically focusing on specific subfields. To ad-
dress this gap, this survey presents the first sys-
tematic review of memory-efficient fine-tuning
(MEFT) tailored for LLMs. To structure the
research landscape, we first categorize existing
approaches by their optimization environments
(i.e., model itself and systems) and further clas-
sify model-based approaches by their specific
optimization targets. We also discuss evalu-
ation strategies for assessing MEFT methods
and provide empirical analyses. By highlight-
ing challenges and future directions based on
current methods, this survey aims to serve as a
practical guide for developing MEFT methods.

1 Introduction

Large language models (LLMs) have revolutionized
a wide range of research fields far beyond lan-
guage processing. While these LLMs demonstrate
remarkable capabilities, they still exhibit misaligned
behaviors with human intentions and task require-
ments. Fine-tuning has therefore emerged as a cru-
cial approach to steer LLMs toward desired behav-
iors. However, fine-tuning LLMs requires consid-
erable memory costs. For instance, fine-tuning the
LLaMA-70B on multiple sentences exceeds 700GB
of memory (Zhang et al., 2024b), which poses sig-
nificant constraints on commodity hardware. Fur-
thermore, the memory requirements are not static but
highly dynamic depending on the task setups (e.g.,
sequence lengths, batch size).

Despite this complexity and the growing interest in
memory-efficient fine-tuning (MEFT), a comprehen-
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sive survey remains absent. Existing surveys either
focus narrowly on a single subfield, e.g., model com-
pression (Zhu et al., 2024b) or parameter-efficient
fine-tuning (Ding et al., 2022; Lialin et al., 2023), or
they address MEFT superficially within the broader
context of efficiency (Treviso et al., 2023; Wan et al.,
2024). Consequently, practitioners and researchers
may lack a unified view of MEFT—including mem-
ory component, accuracy, and computational cost-
across variable configurations. This gap underscores
the pressing need for a dedicated survey on MEFT.

This survey fills this gap by providing a compre-
hensive overview of MEFT, with a particular focus
on LLMs. We structure the research landscape by
first categorizing existing methods by their optimiza-
tion environments (the model itself and the system)
and then further classifying them by their primary op-
timization targets (activations, optimizer states, and
model weights). Moreover, we discuss performance
metrics and benchmarks used to evaluate these MEFT
approaches1. We then present an empirical survey
to assess the strengths and weaknesses of the current
methods and share potential future research directions
in this rapidly evolving field.

2 Taxonomy of MEFT Approaches

Memory efficiency can be achieved through two pri-
mary strategies: (i) reducing the model’s intrinsic
memory usages, or (ii) distributing the memory load
across multiple devices. Accordingly, we first cat-
egorize MEFT methodologies into model-level and
system-level optimizations. Figure 1 provides a
structured overview starting from this categorization.

Model-level Optimization Model-level methods
are further categorized into three groups based on the
training memory components they target:

• Activations: Activations stored for backpropaga-
tion create a major memory bottleneck. Methods
in this category reduce this cost by recomputing

1This survey does not explicitly denote specific methods for
pre-training or post-training, as fine-tuning methods can be natu-
rally applied to different phases.
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System-level
Optimization (§4)

Memory Offloading (§4.2)
SwapAdvisor (2020) ZeRO-Offload
(2021) Zero-Infinity (2021) Sparse
Adapter (2024a)

Distributed Training (§4.1) Megatron-LM (2019) GPipe (2019)
ZeRO (2020) FSDP (2023)

Model-level
Optimization (§3)

Model Weights
(§3.3)

Low-rank Factorization (§3.3.4)
ASVD (2023) CALDERA (2024)
SVD-LLM (2025) MoDeGPT
(2025)

Knowledge Distillation (§3.3.3)
SCOTT (2023a) Socratic CoT
(2023) Self-instruct (2023b)
MiniLLM (2024)

Pruning (§3.3.2)
SparseGPT (2023) LLM-Pruner
(2023) Wanda (2024a) SliceGPT
(2024)

Quantization (§3.3.1) LLM-int8() (2022) OWQ (2024a)
SpQR (2024) OmniQuant (2024)

Optimizer
(§3.2)

Zeroth-order Training (§3.2.3)
MeZO (2023) MeZO-SVRG
(2024) AdaZeta (2024a) Sparse
MeZO (2024b)

Gradient Projection (§3.2.2)
GaLore (2024) GaLore-mini
(2024) Flora (2024b) COAP
(2024)

Parameter-efficient Training (§3.2.1)
Adapters (2021) LoRA (2021)
QLoRA (2023) LLaMA-Adapter
(2024a)

Activations
(§3.1)

Rematerialized Training (§3.1.3)
MEFT (2023b) RevBERT
(2023b) VeLoRA(2024) DropBP
(2024)

Side Training (§3.1.2) LST (2022) QST (2024b)
SHERL (2024a) UniPT (2024b)

Adaptive Training (§3.1.1)
LayerDrop (2020) Random-LTD
(2022b) LISA (2024) CoLM
(2025)

Figure 1: Research taxonomy. Taxonomy of MEFT methods for LLMs.

them when needed (Rematerialization), optimiz-
ing lightweight auxiliary networks instead of LLMs
(Side training), or adaptively optimizing computa-
tions (Adaptive training).

• Optimizer: Optimizers like Adam require memory
to store states (e.g., momentum) for each parame-
ter. Methods in this category reduce this overhead
by updating only a subset of parameters (Parameter-
efficient training), projecting gradients (Gradient
projection), or avoiding backpropagation altogether
(Zeroth-order optimization).

• Model Weights: The billions of high-precision pa-
rameters are a primary memory burden. Methods in
this category directly shrink the model size by re-
ducing the numerical precision of weights (Quanti-
zation) or decreasing the parameter count (Pruning,

Knowledge distillation, Low-rank factorization).

Note that these categories are not mutually exclu-
sive and can often be combined for greater efficiency.

System-level Optimization These methods are fur-
ther categorized based on their strategy for managing
memory burden beyond a single device:

• Distributed training: This strategy partitions the
model, data, or training process across multiple
computing devices (e.g., GPUs, TPUs) to execute
them in parallel.

• Memory offloading: This technique dynamically
moves transient components—such as optimizer
states and activations—from the limited GPU mem-
ory to a larger but slower storage like CPU memory
or NVMe SSDs.
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Figure 2: Illustrations of research for Activations. (a) LayerDrop (Fan et al., 2020) for adaptive training; (b)
LST (Sung et al., 2022) for side training; (c) RevBERT (Liao et al., 2023b) for rematerialized training.

3 Model-based Optimization

3.1 Activations
Training phase requires retaining intermediate activa-
tions for gradient computation during backpropaga-
tion. These memory usages can be reduced by adap-
tively decreasing computational operations, training
auxiliary networks while freezing LLMs, or recom-
puting or bypassing activations.

3.1.1 Adaptive Training
The number of retained activations is closely associ-
ated with the number of computational operations in
LLMs. Accordingly, adaptively reducing these op-
erations can reduce the number of retained activa-
tions. In the current literature, adaptivity can emerge
in three aspects: data (i.e., batch computation), to-
kens (i.e., sequence computation), and layers (i.e.,
layer-wise computation).

Data-wise adaptivity For data-level adaptivity,
CoLM (Nguyen et al., 2025) achieves memory effi-
ciency by selectively processing data through core-
set selection (Yang et al., 2023), ensuring that train-
ing with an adaptively reduced batch yields gradi-
ents similar to those from the original batch. Like-
wise, online selection approaches based on perplexity
(Marion et al., 2023) and submodular facility location
(Bhatt et al., 2024) also enhance memory efficiency
by compressing each batch into only a few represen-
tative samples.

Token-wise adaptivity The number of tokens pro-
cessed in layers is strongly correlated with the num-
ber of computational operations. Consequently, re-
ducing the tokens used in each transformer block
provides memory efficiency in terms of activations.
For instance, PoWER-BERT (Goyal et al., 2020) and
LazyLLM (Fu et al., 2024b) introduces a token prun-
ing based on attention maps. Random-LTD (Yao
et al., 2022b) randomly samples tokens in each layer

without a specific selection mechanism. However,
not all token pruning methods guarantee memory
savings; in some cases, learnable approaches (Guan
et al., 2022; Kim et al., 2023b) may actually increase
memory usage, since these methods were originally
designed to accelerate inference rather than MEFT.

Layer-wise adaptivity Similar to token-level adap-
tation methods, skipping computations at the layer
level can also reduce the number of retained acti-
vations. For instance, LayerDrop (Fan et al., 2020)
randomly drops entire transformer blocks for more
efficient inference. Likewise, LISA (Pan et al.,
2024) randomly freezes certain layers, guided by each
layer’s convergence. Similarly, IST (Yao et al., 2024)
selectively trains a small subset of important layers
based on their contributions to the training losses.

3.1.2 Side Training
A primary contributor to high activation memory us-
age is that retained activations are high-dimensional
vectors produced by LLMs. To address this ineffi-
ciency, side-tuning (Zhang et al., 2020) freezes the
LLM and trains a small-dimensional side network,
resulting in lower-dimensional retained activations.
Building on this idea, LST (Sung et al., 2022) adds
an adaptation layer to each block of the LLM, con-
necting the original LLM with side networks. QST
(Zhang et al., 2024b) further refines this concept by
quantizing the original LLM into fewer bits while re-
taining higher precision in the side network.

In these methods, the side networks typically mir-
ror the original LLM’s architecture. However, sev-
eral studies indicate that different architectures (e.g.,
CNNs, Adapters) can be effectively integrated into
transformer-based LLMs, particularly for image pro-
cessing. Notably, IISAN (Fu et al., 2024a) and UniPT
(Diao et al., 2024b) explore the use of PET modules
for side networks, and SHERL (Diao et al., 2024a)
shows the effectiveness of late fusion network as side
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Figure 3: Illustrations of research for Optimizer. (a) LoRA (Hu et al., 2021) for parameter-efficient training;
(b) GaLore (Zhao et al., 2024) for gradient projection; (c) MeZO (Malladi et al., 2023) for zeroth-order training.

networks. Note that, since the side networks con-
tain far fewer trainable parameters than the original
LLMs, they can also benefit from reduced optimizer
states, similar to PET (see §3.2.1).

3.1.3 Rematerialized Training
Instead of caching all activations during the forward
pass, we can either cache only a subset of activa-
tions or skip caching entirely. For instance, gradi-
ent checkpointing (Chen et al., 2016) mitigates mem-
ory overhead by not storing intermediate activations
in certain layers. However, these skipped activations
must then be recomputed during backpropagation, in-
creasing computational costs. Reversible networks
(Liao et al., 2023b) similarly avoid saving activations.
Compared to gradient checkpointing, reversible net-
works do not require additional forward passes to re-
compute activations, as they can directly derive the
activations during backpropagation.

Instead of recomputing activations during the back-
ward pass, several works avoid recomputation for
specific components of LLMs (e.g., layers or se-
quences). TokenTune (Simoulin et al., 2024) by-
passes intermediate activation retained at randomly
selected token positions across all operations. Instead
of the random selection, SAGE (Kim and Lee, 2025)
selectively caches activations based on their saliency
during the forward pass. DropBP (Woo et al., 2024)
performs a standard forward pass in every layer but
skips storing intermediate activations in randomly se-
lected layers. Since aforementioned methods are typ-
ically orthogonal to other MEFT approaches, they
are often integrated with complementary techniques,
such as parameter-efficient fine-tuning.

3.1.4 Challenges
Reducing memory usage from activations is partic-
ularly beneficial when processing long sequences or
using larger batch sizes. However, current methods
still face several challenges. First, adaptive train-
ing approaches can introduce instability, as they by-

pass certain computations. In addition, the metrics
used to modify computation—often heuristics based
on attention maps or norms—tend to lack general ap-
plicability in diverse settings. Side training, on the
other hand, involve additional backbone networks, re-
sulting in more parameters and slightly higher mem-
ory consumption during inference (Sung et al., 2022).
Moreover, because these methods rely only on orig-
inal features without the task adaptation, they often
underperform on challenging datasets (Sung et al.,
2022; Zhang et al., 2024b). Finally, while rematerial-
ized training indeed conserves memory, it often incurs
higher computational costs due to the recomputation
process.

3.2 Optimizer

The optimizer occupies a significant portion of train-
ing memory by maintaining state variables (e.g., mo-
mentum, variance) and gradients. These memory us-
ages can be reduced by minimizing the number of
trainable parameters, projecting gradients onto lower-
dimensional subspaces, or avoiding backpropagation
process entirely.

3.2.1 Parameter-efficient Training
The number of optimizer states maintained during
training scales directly with the number of trainable
parameters. Parameter-efficient training (PET) ad-
dresses this by restricting updates to only a subset
of model parameters, which can be implemented via
three modification types: additive, selective, or repa-
rameterization.

Additive PET This approach augments the model
with lightweight trainable modules while keeping the
backbone parameters fixed. For example, adapter-
based methods insert bottleneck layers—with nonlin-
ear activation functions—into Transformer blocks, ei-
ther along a serial path (Houlsby et al., 2019; Pfeiffer
et al., 2021) or a parallel path (He et al., 2022a). Re-
cently, to enhance the efficiency of adapters, several

963



studies have employed a sparse activation mechanism
(Lei et al., 2023; He et al., 2022b) or utilized hyper-
networks to generate task- and layer-specific adapter
weights dynamically (Karimi Mahabadi et al., 2021).

Prompt-based methods (Lester et al., 2021; Li
and Liang, 2021) steer LLMs by prepending learn-
able embeddings to activations (e.g., input embed-
dings or key, value representations in attention lay-
ers). For example, LLaMA-Adapter (Zhang et al.,
2024a) prepends a set of learnable prompts controlled
by a zero-initialized gating mechanism, allowing the
model to adaptively regulate prompt embeddings.
Otherwise, (IA)3 (Liu et al., 2022) injects learnable
prompts into both the attention and feed-forward lay-
ers, which learns to rescale the activations.

Selective PET This approach fine-tunes only a
small subset of LLMs’ parameters—leaving the rest
frozen—rather than introducing additional modules.
Therefore, identifying which parameters to update
is a crucial design choice. For example, Lee et al.
(2019) demonstrate that selectively fine-tuning a sub-
set of layers can yield strong results, and Gheini et al.
(2021) show that updating only the cross-attention
weights suffices to achieve competitive translation
performance. BitFit (Zaken et al., 2022) extends this
concept by demonstrating that tuning only the bias
terms can still yield competitive performance to full
fine-tuning. To automate parameter selection, subse-
quent methods employ learnable criteria: Diff Prun-
ing (Guo et al., 2021) learns a binary mask to iden-
tify tunable parameters; PaFi (Liao et al., 2023a) se-
lects parameters with the smallest absolute magni-
tudes; and SAM (Fu et al., 2023) leverages a second-
order approximation to refine this mask, enhancing
both efficiency and performance.

Reparameterization-based PET This approach
reconstructs the existing parameters with learn-
able low-rank adaptation weights. A representa-
tive method is LoRA (Hu et al., 2021), which in-
troduces a bottleneck layer to approximate changes
in the attention weights during fine-tuning. Subse-
quent work has enhanced LoRA’s training stability,
initialization schemes, and dynamic parameter uti-
lization. For example, LoRA-FA (Zhang et al., 2023)
further reduces both trainable parameters and acti-
vation memory by freezing LoRA’s down-projection
weights. DyLoRA (Valipour et al., 2023) introduces
a dynamic search over the low-rank dimensions at
each layer. DoRA (Liu et al., 2024a) decomposes
the pre-trained weights into magnitude and direc-
tional components—better aligning with the capacity
of full fine-tuning—and then applies LoRA-style low-
rank updates to both components. MoLE (Wu et al.,

2024b) learns to compose multiple pre-trained LoRA
modules, enabling adaptation to diverse tasks and in-
puts. Likewise, MoDULA (Ma et al., 2024) combines
a universal LoRA module with task-specific LoRA
adapters for multi-task learning.

3.2.2 Gradient Projection
While effective, PET methods often underperform
compared to full-rank weight training. This perfor-
mance gap stems from constraining optimization to
a low-dimensional subspace of the parameter space,
which impairs training dynamics. To improve learn-
ing capacity while still reducing memory usage, Ga-
Lore (Zhao et al., 2024) applies a low-rank projection
only to the gradients, enabling high-rank parameter
updates with minimal memory overhead. Subsequent
methods try to address GaLore’s reliance on frequent
SVD computations: Flora (Hao et al., 2024b) lever-
ages random projections to compress gradients; RGP
(Saheb Pasand and Bashivan, 2024) employs random-
ized SVD to preserve gradient-informed subspaces at
lower cost; and Q-GaLore (Zhang et al., 2024c) intro-
duces layer-wise adaptive subspace updates. These
approaches collectively reduce computational burden
while maintaining effective gradient updates. To fur-
ther enhance memory efficiency, GRASS (Muhamed
et al., 2024) introduces structured sparse projections,
and GaLore-mini (Huang et al., 2024) groups param-
eters into blocks that share the same second-order op-
timizer state. Additionally, COAP (Xiao et al., 2024)
introduces correlation-aware projections, and Grad-
NormLoRP (Huang et al., 2025) incorporates weight
normalization into the gradient projection process to
improve training stability.

3.2.3 Zeroth-order Training
First-order optimization is often considered a bottle-
neck for memory efficiency. Zeroth-order (ZO) train-
ing offers a promising alternative by avoiding gradi-
ent backpropagation, thereby removing the need to
store activations and optimizer states. At its core,
ZO training estimates weight gradients via simulta-
neous perturbation stochastic approximation (Spall,
1992), which approximates gradients using only two
forward passes per update. Consequently, ZO train-
ing requires memory resources similar to those used
during inference.

A representative work is MeZO (Malladi et al.,
2023), which adapts the classical ZO-SGD algorithm
for in-place operation. However, ZO training still ex-
hibits substantial performance gaps and training in-
stability compared to first-order optimization (e.g.,
SGD, Adam). Therefore, the following works attempt
to reduce such limitations. Specifically, AdaZeta
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(Yang et al., 2024a) introduces fast forward ten-
sorized adapters to address divergence issues from
larger training parameters with an adaptive query
schedule. Instead of training additional weights,
Sparse-MeZO (Liu et al., 2024b) identifies a small
set of salient parameters first and then optimizes these
weights selectively using sparse masks. Several meth-
ods attempt to use additional information to more ac-
curately estimate the gradients. MeZO-SVRG (Gau-
tam et al., 2024) iteratively combines full-batch and
mini-batch information to facilitate asymptotically
unbiased and low-variance gradient estimators of ZO
method. HiZOO (Zhao et al., 2025) estimates the di-
agonal Hessian using an additional forward pass to
address heterogeneous curvatures across parameters.
LOZO (Chen et al., 2025) tries to match the low-rank
property of the first-order gradients by sampling the
low-rank perturbation matrix.

3.2.4 Challenges

While PET methods leverage low-rank approxima-
tions to achieve efficiency, this property can be a
double-edged sword—for example, leading to poor
generalization in noisy environments (Kim et al.,
2024d) or in federated learning settings (Babakniya
et al., 2023). This observation underscores the need
for more comprehensive studies across diverse envi-
ronments. For gradient projection methods, the eval-
uation in most prior works primarily have focused on
model scales up to 13B parameters. The effectiveness
of these methods for significantly larger LLMs, ex-
ceeding hundreds of billions of parameters, requires
further exploration. For ZO training methods, while
they effectively reduce memory consumption, these
methods still often suffer from slower convergence
and lower model performance compared to first-order
methods such as Adam optimizer. From a theoretical
perspective, conducting a theoretical analysis of how
zeroth-order gradient estimates regularize the perfor-
mance of first-order methods is an important future
research direction.

3.3 Model Weights

Large-scale model weights incur overall memory re-
quirements for storing activations, weights, and opti-
mizer states during training. These memory usages
can be reduced by lowering numerical precision or
minimizing the number of LLM parameters.

3.3.1 Quantization
Quantization is a technique to represent the weights
from high-precision to lower-precision data. These
techniques in model compression can be broadly cat-
egorized into two paradigms: quantization-aware
training and post-training quantization.

Quantization-aware training (QAT) QAT tech-
niques explicitly integrate quantization into the train-
ing phase. A prominent trend within QAT is to
form hybrid methods by combining quantization with
adapter-based approaches, particularly LoRA (see
§3.2.1), to effectively preserve model performance.
For example, QLoRA (Dettmers et al., 2023) fine-
tunes 4-bit quantized LLMs with LoRA. PEQA (Kim
et al., 2023a) finetunes only quantization scales per
weight group in downstream tasks to avoid additional
adapter parameters. LoftQ (Li et al., 2024b) jointly
optimizes the quantization parameters and LoRA ini-
tialization. QA-LoRA (Xu et al., 2024) employs
group-wise quantization during fine-tuning to effec-
tively balance quantization and adaptation parame-
ters. RA-LoRA (Kim et al., 2024b) dynamically ad-
justs adapter ranks to counteract quantization errors
in extremely low-bit scenarios efficiently.

Post-training quantization (PTQ) PTQ com-
presses models after training, primarily aiming for ef-
ficient inference. Early PTQ methods like ZeroQuant
(Yao et al., 2022a) and nuQmm (Park et al., 2022) use
direct rounding of weights to the nearest quantization
level. To minimize quantization errors, GPTQ (Fran-
tar et al., 2022) introduces an approximate large-scale
solver conducting layer-wise reconstruction, while
AWQ (Lin et al., 2023), SpQR (Dettmers et al., 2024),
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and OWQ (Lee et al., 2024a) isolate "outlier weight."
SqueezeLLM (Kim et al., 2024c) introduces a non-
uniform quantization to represent the distribution of
weights better. Although these PTQ methods pri-
marily target inference-time compression, their ad-
vanced quantization techniques, such as sophisticated
rounding strategies and grouping methods, can di-
rectly benefit QAT frameworks (e.g., NF4 and group-
wise quantization).

3.3.2 Pruning
Pruning (LeCun et al., 1989) is a powerful technique
to reduce the size of the model by removing redun-
dant parameters. Pruning methods can be categorized
into structured, semi-structured, and unstructured
pruning. However, we exclude unstructured pruning
from the scope of this survey due to its reliance on
specialized hardware and software support.

Structured pruning Structured pruning removes
redundant components of LLMs in various gran-
ularities, such as layers, attention heads, and
rows/columns of weights. For instance, ShortGPT
(Men et al., 2024), Shortened LLaMA (Kim et al.,
2024a), and SLEB (Song et al., 2024) identify and
remove less impactful layers, while LaCo (Yang
et al., 2024b) gradually merges similar layers from
deep to shallow. Beyond layer-level pruning, LLM-
Pruner (Ma et al., 2023) eliminates “coupled struc-
tures” (e.g., attention heads or row/column blocks)
identified via gradient-based importance metrics, and
FLAP (An et al., 2024) prunes entire columns us-
ing a fluctuation-based metric. Meanwhile, SliceGPT
(Ashkboos et al., 2024) re-maps each layer’s weights
with a PCA-based orthogonal transformation, then
slices off the least important dimensions.

Semi-structured pruning Despite those efforts,
structured pruning is still overly coarse, often result-
ing in significant performance degradation. There-
fore, semi-structured pruning methods such as
SparseGPT (Frantar and Alistarh, 2023) and Wanda
(Sun et al., 2024b) are proposed. Those methods
adopt finer-grained sparsity patterns (e.g., 2:4 or 4:8),
balancing hardware-friendly acceleration with more
precise control over parameter pruning. MaskLLM
(Fang et al., 2024) also advances semi-structured
pruning by learning transferable N:M sparsity masks
through end-to-end training with frozen weights.

3.3.3 Knowledge Distillation
Knowledge distillation (Hinton et al., 2015) trans-
fers knowledge from a larger teacher model to a
smaller student model. We categorize methods into
text-based distillation, which trains students using

teacher-generated texts (e.g., chain-of-thought (CoT),
instructions), and representation-based distillation,
which utilizes teacher’s internal representations (e.g.,
logits, hidden activations), thus limited to open-
source models.

Text-based distillation To compensate for the inac-
cessibility of closed-source LLMs, prior works lever-
age their textual outputs to distill knowledge. One
major stream is chain-of-thought distillation, where
student models enhance their reasoning ability by
learning reasoning traces generated by LLMs (Li
et al., 2022; Ho et al., 2023; Magister et al., 2023;
Hsieh et al., 2023). To advance this paradigm, So-
cratic CoT (Shridhar et al., 2023) decomposes com-
plex questions into sub-questions, SCOTT (Wang
et al., 2023a) enforces rationale-answer consistency,
and PAD (Zhu et al., 2024a) incorporates structured
reasoning programs. Another stream of work is in-
struction following distillation, where students learn
with instruction-response pairs generated from LLMs
(Wang et al., 2023b; Peng et al., 2023; Wu et al.,
2024a). It aims to improve the zero-shot capability
of small-language models. Meanwhile, recent works
(Li et al., 2023, 2024a) aim to improve textual out-
puts through reflection-based self-improvement and
student-guided selection.

Representation-based distillation Initially, it was
widely used to compress pre-trained language mod-
els. Early methods such as DistillBERT (Sanh et al.,
2019), TinyBERT (Jiao et al., 2020), and Mobile-
BERT (Sun et al., 2020) distilled soft labels, hid-
den states, and attention distributions, while later
approaches like MiniLM (Wang et al., 2020) and
MiniLMv2 (Wang et al., 2021) focused solely on
attention-based distillation for greater architectural
flexibility. Tutor-KD (Kim et al., 2022) extends this
line by generating training examples that are easy for
the teacher but challenging for the student, enhancing
the quality of transferred representations.

However, due to the dominance of closed-source
LLMs, this line of research had stagnated for a while.
Recently, with the release of open-source models like
LLaMA (Dubey et al., 2024), momentum has been re-
gained. For instance, MiniLLM (Gu et al., 2024) in-
troduces reverse Kullback-Leibler divergence to han-
dle the complexity of LLM output spaces. In paral-
lel, Mentor-KD (Lee et al., 2024b) introduces an in-
termediate mentor model to bridge the gap between
closed-source LLMs and student models, enabling
richer representation-based distillation even without
access to the teacher’s internal states.

966



Acts.

Training 
Batch

GPU #3

LLM
Block #3

LLM
Block #2

GPU #2

LLM
Block #1

GPU #1

Acts. Acts.

Opt. Opt. Opt.

(a) Distributed Training

GPU

CPU

Training 
Batch

LLM
Block #1

LLM
Block #1

LLM
Block #1

Acts. Acts. Acts.

(b) Memory Offloading

Figure 5: Illustrations of research for System-level Optimization. (a) Pipeline parallel (Huang et al., 2019)
for distributed training; (b) CPU Offloading of activations for memory offloading.

3.3.4 Low-rank Factorization

Another practical way to compress LLMs is by fac-
torizing large-weight matrices into low-rank forms,
typically via Singular Value Decomposition (SVD).
However, naive SVD can yield large compression er-
rors when truncating singular values crucial to model
performance. To address this, FWSVD (Hsu et al.,
2022) addresses the mismatch between SVD’s recon-
struction objective and task accuracy by incorporating
Fisher information to weight parameter importance,
while ASVD (Yuan et al., 2023) manages activation
outliers and adaptively assigns ranks across layers.
Meanwhile, SVD-LLM (Wang et al., 2025) intro-
duces a truncation-aware whitening step with sequen-
tial low-rank updates to address SVD’s misalignment
with compression loss and the lack of post-truncation
parameter tuning, while MoDeGPT (Lin et al., 2025)
applies joint decomposition across sub-modules with-
out additional adapters.

3.3.5 Challenges

Compressing the model’s weights can significantly
reduce the overall memory requirements during train-
ing, but each compression approach introduces dis-
tinct challenges. Quantization requires frequent de-
quantization (up-scaling) steps to accommodate high-
precision computations, thereby increasing computa-
tional costs and latency. Pruning generally incurs sub-
stantial accuracy loss, and although semi-structured
pruning can partially mitigate this issue, its effec-
tiveness remains limited to specific hardware support.
Knowledge distillation poses the challenge of select-
ing an appropriate student model, as its size and ar-
chitecture must be determined empirically. There is
no guarantee that a given student can effectively ab-
sorb the teacher’s knowledge, and multiple rounds of
distillation with different configurations are often re-
quired. Lastly, low-rank factorization necessitates ag-
gressive rank reductions to achieve meaningful com-
pression, thereby inevitably leading to slower conver-
gence or performance degradation.

4 System-level Optimization

4.1 Distributed Training

Fine-tuning recent LLMs typically requires substan-
tial memory, often exceeding the capacity of a single
GPU. This limitation has motivated the development
of distributed training strategies that parallelize com-
putation along different dimensions (e.g., data, layers,
or sequences) to reduce the memory burden on indi-
vidual devices. To further enhance scalability and ef-
ficiency, these strategies are often integrated into hy-
brid approaches.

Data Parallelism (DP) This approach replicates
the entire model across N devices, with each device
processing a different micro-batch of data. While
standard DP implementations (e.g., PyTorch DDP)
are relatively straightforward, they incur high mem-
ory redundancy since each device must store a com-
plete copy of the model’s parameters, gradients, and
optimizer states. To mitigate this issue, memory-
efficient variants such as ZeRO (Rajbhandari et al.,
2020) and its native PyTorch implementation, FSDP
(Zhao et al., 2023), have been introduced. These
methods shard the model states (parameters, gradi-
ents, and optimizer states) across devices, thereby re-
ducing the per-GPU memory footprint to roughly 1/N
of the original and enabling the training of substan-
tially larger models.

Tensor Parallelism (TP) This approach partitions
the model within individual layers, also known as
intra-layer (tensor) parallelism. Large matrix mul-
tiplications are split across multiple devices, with
each GPU storing only a slice of the weight matri-
ces and activations. This distributes both the com-
putational load and the memory required for param-
eters. However, it also introduces substantial com-
munication overhead, typically necessitating an all-
reduce operation to synchronize results after the par-
allel computation. This technique was first popular-
ized by Megatron-LM (Shoeybi et al., 2019) and later
optimized to overlap computation with communica-
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tion, enabling near-linear scaling to trillion-parameter
models (Narayanan et al., 2021).

Pipeline Parallelism (PP) This approach parti-
tions the model across layers, also known as inter-
layer (pipeline) parallelism. The model’s layers are
grouped into stages, with each stage assigned to a dif-
ferent device. A data batch is divided into micro-
batches, which are passed through the pipeline of
stages to keep all devices utilized. This substantially
reduces per-GPU memory requirements, as each de-
vice only stores the parameters of its assigned lay-
ers. Efficient scheduling—such as the micro-batching
strategy in GPipe (Huang et al., 2019)—is critical
to minimizing pipeline idle time, while alternative
schemes such as 1F1B (Narayanan et al., 2019) offer
a trade-off between idle time and weight staleness.

Sequence Parallelism (SP) For long sequences,
activation memory—particularly in attention lay-
ers—can become a critical bottleneck. SP alleviates
this by partitioning the input data along the sequence-
length, thereby distributing the activations across
devices. To reconstruct the full activations when
needed, the approach relies on communication pat-
terns such as all-to-all or ring-based exchanges. Rep-
resentative methods include Ulysses (Jacobs et al.,
2024) and Ring Attention (Liu et al., 2023).

4.1.1 Challenges
Distributed training can enlarge the feasible scale of
fine-tuning by distributing the memory and compu-
tation load across multiple devices, but each strategy
has a challenge that remains unsolved. Data paral-
lelism, even with a sharded optimizer, still incur high
memory for activations and communication overhead
because devices must gather full parameters and gra-
dients during forward/backward passes. Tensor par-
allelism divides matrices across devices, but it re-
quires storing complete intermediate activations and
performing multiple all-reduce operations per layer.
Although multi-dimensional partitioning reduces this
cost, communication overhead and activation stor-
age remain bottlenecks. Pipeline parallelism cuts
per-device parameter memory by splitting layers into
stages. Micro-batching creates pipeline bubbles (or,
under 1F1B, reduces bubbles at the cost of possible
weight staleness), and each stage still has to keep ac-
tivations until the backward pass, so overall mem-
ory savings are limited. Sequence parallelism alle-
viates activation memory for long inputs, but it relies
on expensive all-to-all communication to reconstruct
full sequences and still has a high peak memory foot-
print even with optimized ring-attention and selective
recomputation. Moreover, none of these approaches

reduce the inherent memory required for fine-tuning,
so they cannot support real-world on-device training
without combining with other MEFT methods.

4.2 Memory Offloading

Since a large portion of memory during training is
consumed by temporarily retained activations and op-
timizer states for backpropagation, storing these ten-
sors on expensive high-computing hardware leads to
inefficient resource utilization. This inefficiency has
driven research into memory offloading, a technique
that moves these transient tensors to larger-capacity
resources like CPU main memory or lower-cost stor-
age, such as an NVMe SSD.

The effectiveness of memory offloading hinges on
the swapping policy between different devices. In-
stead of designing the policy in heuristic manner (Rhu
et al., 2016; Le et al., 2018), SwapAdvisor (Huang
et al., 2020) introduces an optimization-based swap-
ping system to support various kinds of large model
training. Specifically, given the computational graphs
of the large model, it plans for what and when to swap
prior to execution through genetic algorithms. Sparse
Adapter (Hao et al., 2024a) integrates an offloading
policy into the parallel adapter (He et al., 2021)(see
§3.2.1), such that only the necessary activations for
the current inputs are retrieved (i.e., swapped) from
the CPUs.

The principles of distributed training and memory
offloading are not mutually exclusive; in fact, several
approaches integrate both. A prominent example is
ZeRO-Offload (Ren et al., 2021), a hybrid method
that extends the ZeRO sharding strategy (see §4.1),
which complements data parallelism by partitioning
optimizer states and update computations to the larger
CPU memory pools while keeping the forward and
backward passes on GPUs. Similarly, ZeRO-Infinity
(Rajbhandari et al., 2021) integrates 3D parallelism
(i.e., tensor, pipeline, data parallelism) with a hetero-
geneous offloading system which exploits CPUs and
NVMe memory simultaneously.

4.2.1 Challenges
Offloading transient data (e.g., activations and opti-
mizer states) to lower-cost devices enables more effi-
cient utilization of GPU resources. However, since
this approach requires frequent communication be-
tween heterogeneous devices, it can introduce latency
and cause GPUs to remain idle, depending on the
scheduling design. Moreover, variations in LLM ar-
chitectures, computational mechanisms, and system
configurations demand carefully optimized offload-
ing and communication strategies tailored to each en-
vironment. Therefore, striking the right balance be-
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Figure 6: Usage ratio of MEFT benchmarks. We report the top 12 benchmarks in each of the three cate-
gories—activations, optimizer, and model weights—collected from the 84 papers surveyed in this work.

tween communication overhead and GPU memory
usage is critical, as it can significantly impact over-
all system performance.

5 Metrics and Benchmark Datasets

Before presenting the empirical analysis of represen-
tative methods, we discuss the evaluation metrics and
benchmarks used to assess MEFT approaches.

5.1 Metrics
Memory efficiency in fine-tuning LLMs can be eval-
uated using two primary metrics, peak memory us-
age and average memory usage. These metrics are
commonly presented alongside training time, compu-
tational costs, and task-specific performance to assess
the MEFT methods comprehensively.

Peak Memory Usage. Peak memory usage refers
to the maximum amount of memory utilized during
the training process. It serves as a critical indicator of
worst-case memory demands, thereby ensuring that
proposed methods can operate on hardware with lim-
ited resources. Excessively high peak memory usage
may result in out-of-memory (OOM) errors during
the most resource-intensive segments of training.

Average Memory Usage. Average memory usage
represents the mean amount of memory consumed
during the entire training process. While it is not the
primary metric for avoiding OOM errors—since it de-
pends more directly on peak memory usage—it pro-
vides valuable insight into the overall resource con-
sumption profile. In cloud-based environments, lower
average memory usage can lead to reduced opera-
tional costs, improved hardware stability, and poten-
tially more efficient scheduling of concurrent tasks.

Convergence Speed and Computational Costs.
Current MEFT methods effectively reduce memory
usage during fine-tuning, but this efficiency often
comes at the expense of slower convergence and in-
creased computational overhead. Therefore, it is
essential to evaluate practical efficiency holistically,

considering metrics beyond memory consumption.
Convergence speed is typically measured by wall-
clock training time and by comparing loss trajectories
against a baseline model, while computational cost
is often quantified in terms of floating-point opera-
tions (FLOPs). By examining these metrics alongside
memory usage, researchers can determine whether a
given technique genuinely improves overall efficiency
or merely shifts the bottleneck.

Task-specific Performance. Efficiency is typically
formalized as the cost of a model relative to the re-
sults it produces (Schwartz et al., 2020). Preserv-
ing task-specific performance of the original mod-
els is therefore crucial. Researchers typically report
task-specific metrics (e.g., ROUGE, perplexity, accu-
racy) to assess whether MEFT methods adversely af-
fect model performance or to demonstrate the trade-
off between costs and task-specific performance.

5.2 Benchmark Datasets

Benchmark datasets are essential for evaluating
MEFT methods, providing standardized references to
test generalization across scenarios. To capture cur-
rent practices, we gather all benchmarks from the sur-
veyed papers and analyze their usage frequencies.

Figure 6 presents the usage distributions. One no-
table observation is the marked imbalance in evalu-
ation practices for activation- and optimizer-focused
methods. Over 70% of studies evaluate their effi-
cient methods on the GLUE benchmark (Wang et al.,
2019). Although GLUE is valued for its diverse
task suite, such heavy reliance raises concerns about
whether proposed MEFT methods generalize beyond
relatively simple linguistic scenarios. Beyond GLUE,
recent works evaluate on commonsense reasoning
benchmarks such as PIQA (Bisk et al., 2020), Com-
monsenseQA (Talmor et al., 2019), ARC (Clark et al.,
2018), and WinoGrande (Sakaguchi et al., 2021),
as well as on math problem datasets like GSM8K
(Cobbe et al., 2021). Moreover, to test the general-
ization capabilities of fine-tuned LLMs, several stud-
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Figure 7: Investigation of MEFT Methods. The reported values for accuracy, peak memory, and training time
represent relative changes compared to full fine-tuning. Here, we used Llama-3.2-3B-Instruct as the backbone.

ies train on instruction-following corpora (e.g., Al-
paca (Taori et al., 2023), OpenAssistant Conversa-
tions (Köpf et al., 2023)) and then measure zero-shot
performance on MMLU (Hendrycks et al., 2021),
BigBench-Hard (Suzgun et al., 2023), or conversa-
tional benchmarks such as MT-Bench (Zheng et al.,
2023), using LLM-based evaluation.

6 Empirical Survey

In this section, we empirically analyze the represen-
tative methods for MEFT.

6.1 Experimental Setups
Methods In this analysis, we focus on model-
level optimizations, as system-level methods can
be applied orthogonally across different approaches.
Specifically, we compare methods aimed at reduc-
ing memory associated with activations and opti-
mizers, since weight-compression techniques can be
seamlessly integrated with existing approaches and
have been thoroughly analyzed in a prior survey (Zhu
et al., 2024b). To select appropriate methods for
our experiments, we considered three key aspects:
i) Reproducibility: The method must have an offi-
cial implementation, and its codebase should be easy
to integrate without requiring significant modifica-
tions. ii) Representativeness: The method should
be well-recognized within its category (e.g., semi-
nal or widely cited work), serving as a representa-
tive of its research direction. iii) Practicality: The
method should avoid overly complex components and
be broadly applicable across various tasks and do-
mains. Based on these criteria, we compare the fol-
lowing methods: LoRA (Hu et al., 2021), Flora (Hao

et al., 2024b), and AdaZeta (Yang et al., 2024a)
which aim to reduce memory associated with the op-
timizers; LST (Sung et al., 2022), PoWER (Goyal
et al., 2020), and VeLoRA (Miles et al., 2024) which
aim to reduce memory associated with the activations.
The implementation details (e.g., hyper-parameters,
maximum sequence lengths, model architectures) are
described in Appendix A.

Datasets To assess the general applicability of
surveyed methods, we conduct experiments on di-
verse benchmarks: SST-2 (Socher et al., 2013) and
QNLI (Rajpurkar et al., 2016) from GLUE (classifi-
cation); PIQA and CommonsenseQA for common-
sense reasoning (multiple-choice question answer-
ing); 20NewsGroups (Lang, 1995) and LEDGAR
(Tuggener et al., 2020) for document understanding.

Evaluation Metrics We evaluate each method
across three dimensions: task accuracy, peak GPU
memory usage, and training time. Peak memory
usage is measured using nvidia-smi to measure
practical usage, and wall-clock time is used to mea-
sure the training time. All results are normalized by
computing their relative change from full fine-tuning.

6.2 Evaluation Results
Figure 7 presents comparison results from simple
sentence classification to document-level understand-
ing. From this analysis, we observe that almost
all methods achieve strong performance on GLUE
tasks (SST-2, QNLI), preserving accuracy within
5% of full fine-tuning. Importantly, however, sev-
eral methods perform poorly on challenging bench-
marks. Side training method (LST) suffers a signifi-
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cant accuracy drop relative in commonsense reason-
ing benchmarks, i.e., more than 5% loss in accuracy.
Specifically, while zeroth-order training (AdaZeta)
shows promising results in terms of memory usages,
it fails to achieve competitive accuracy beyond the
GLUE benchmarks—a limitation that has also been
noted in several studies (Malladi et al., 2023). This
suggests that evaluating methods solely on GLUE
tasks—the most frequently used evaluation bench-
mark (Figure 6)—risks overestimating their gener-
alization ability. Nevertheless, since LST delivers
substantial gains in memory efficiency—and even
in training time—using it when resource constraints
outweigh accuracy considerations can be advanta-
geous. Interestingly, the adaptive training method
(PoWER), which is not originally designed for mem-
ory efficiency, performs well across diverse bench-
marks—achieving reduced training time and signifi-
cant memory savings. These results suggest that ex-
ploring more diverse adaptive methods is a promising
direction for MEFT. Overall, methods that reduce ac-
tivation memory (LST, PoWER) tend to incur lower
resource costs but risk decreased accuracy, whereas
methods targeting memory associated with the opti-
mizers often match full fine-tuning accuracy at the
expense of higher memory or time overhead than acti-
vation research. Consequently, choosing methods tai-
lored to specific resource environments and situations
(accuracy vs. memory and time) is advisable.

7 Discussion and Future Research

7.1 Further Exploration on Adaptive Methods

While adaptive training is originally designed for ac-
celerating inference rather than MEFT, they exhibit
promising results in improving memory efficiency
compared to existing MEFT approaches. Therefore,
exploring more advanced and diverse adaptive meth-
ods represents a promising direction for achieving a
better trade-off between accuracy and resource costs.

7.2 Evaluation on Diverse Environments

While existing methods have empirically demon-
strated memory efficiency, most evaluations are con-
ducted on the GLUE benchmark, which primarily
comprises relatively simple tasks rather than complex
reasoning challenges. We also show that strong per-
formance on GLUE does not always generalize to
other tasks. To validate the broad efficiency of MEFT
methods, it is important to explore diverse experi-
mental setups (e.g., diverse sequence length, noisy
label environments) and more challenging datasets
(e.g., mathematical reasoning, commonsense reason-
ing). Moreover, recent studies have revealed that ef-

ficient methods exhibit distinct limitations in learning
capacity—such as handling noisy labels (Kim et al.,
2024d), heterogeneous federated settings (Babakniya
et al., 2023)—underscoring the need to investigate di-
verse data distributions.

7.3 Evaluation Metrics and Trade-offs

Evaluating the practical efficiency of MEFT methods
is always challenging, as it involves multiple consid-
erations beyond memory savings alone. However,
many current research papers provide only a partial
view or focus solely on theoretical efficiency, which
can lead to suboptimal performance and unexpected
overheads in real-world applications. Therefore, it is
essential to assess each method across multiple di-
mensions—at a minimum, training time, peak GPU
memory usage, and task accuracy—to obtain a com-
prehensive evaluation.

8 Conclusion

In this survey, we present the first comprehensive sur-
vey dedicated to MEFT for LLMs. By categoriz-
ing existing methods according to optimization envi-
ronments and key components that significantly con-
tribute to memory usage, we provide a structured un-
derstanding of the design space. We also discuss cur-
rent benchmarking strategies and evaluation metrics,
highlighting their limitations and challenges. Our em-
pirical comparisons further reveal the trade-offs asso-
ciated with each approach, offering practical insights
for real-world applications. Through this systematic
investigation, we aim to provide a valuable and acces-
sible reference that helps researchers and practitioners
better understand the current landscape and encour-
ages continued exploration in the MEFT of LLMs.
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Appendix
A Training Details on Empirical Survey

Here, we describe the implementation details of the
methods used in the empirical analysis (Section 6).
The hyperparameters for each method are summa-
rized in Table 1. Since PoWER was not originally
designed for efficient training, we apply LoRA (Hu
et al., 2021) to enhance overall memory efficiency
instead of performing full fine-tuning. In addition,
within this method, the upper- and lower-bound ra-
tios are determined based on the maximum sequence
length, which automatically specifies the number of
tokens in each layer. For each method, we adopt the
hyperparameter settings from the original papers and
their official code implementations. All experiments
are conducted on NVIDIA RTX A6000 GPUs.
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Table 1: Training Setups. Common and method-specific hyper-parameters used in empirical analysis.

Method Hyper-parameters SST-2 QNLI PIQA CSQA 20NewsGroups LEDGAR

Common

Data Type bfloat16
Batch size 16 16 16 16 8 8

Epochs 3 6 3
warm-up ratio 0.06
Seq. Length 128 256 512

Model Llama-3.2-3B-Instruct

Full Fine-tuning
Learning rate 2e-5

Optimizer AdamW
LR Schedule Linear

LoRA
(Hu et al., 2021)

Learning rate 2e-4
Optimizer AdamW

LR Schedule Linear
rank (r) 16 (all-linear)

scaling (α) 8

Flora
(Hao et al., 2024b)

Learning rate 5e-4
LR Schedule Constant

rank (r) 16 (all-linear)
scaling (α) 8

κ 1000

LST
(Sung et al., 2022)

Learning rate 3e-4
Optimizer AdamW

LR Schedule Linear
reduction factor 8

Init. of side network Random

PoWER
(Goyal et al., 2020)

Learning rate 2e-4
Optimizer AdamW

LR Schedule Linear
Max seq. ratio 0.9
Min seq. ratio 0.3

VeLoRA
(Miles et al., 2024)

Learning rate 2e-4
Optimizer AdamW

LR Schedule Linear
rank (r) 1

num groups 32

AdaZeta
(Yang et al., 2024a)

Learning rate 1e-4
LR Schedule Constant

ϵ 1e-3
Sparse ratio 0.85
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