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1 Introduction
How can we compress language models without sacrificing accuracy? Language models [9, 118,
130, 131, 165] have achieved remarkable performance in various tasks by increasing their size up
to hundreds of billions of parameters. The necessity of compressing language models has become
significant to leverage advanced language models without side effects due to their gigantic size.
For example, compression algorithms reduce carbon emissions for utilizing language models,
accelerate the inference of language models, and facilitate the deployment of high-performance
language models in resource-constrained environments, such as mobile devices. A large number
of compression algorithms including pruning [30, 78, 96, 105, 148], quantization [24, 32, 61, 149],
knowledge distillation (KD) [41, 84, 107, 126], low-rank approximation (LRA) [50, 101, 135,
164], and dynamic inference [94, 100, 119] have been proposed, and they significantly improve
the efficiency of language models; however, an excessive number of research papers make it
hard to figure out the overall trend and underlying fundamentals of compression algorithms.
Although existing surveys [18, 23, 34, 35, 40, 46, 63] attempted to address this issue, they omit
scalable compression algorithms to be applied to large language models (LLMs), which exhibit
remarkable performance.

In this article, we conduct an extensive survey of various compression algorithms, focusing on
how to improve the performance of scalable compression algorithms applicable to LLMs. Figure 1
shows the taxonomy of compression algorithms for language models covered in this article. We
cover pruning, quantization, KD, LRA, and dynamic inference, the most effective compression
algorithms. We group those algorithms into two main categories: high-cost and low-cost. High-cost
compression algorithms require full-model training on large datasets, which is computationally
expensive and time-consuming. High-cost algorithms are typically studied onmillion-scale language
models, such as BERT, and they are too expensive to apply to billion-scale language models in
general. On the other hand, low-cost compression algorithms require only a few samples and
lightweight tuning, such as block-wise, layer-wise, or adaptor tuning, or even no tuning at all.
Low-cost algorithms are designed to be applicable to billion-scale language models, but they exhibit
reduced performance compared with the high-cost ones due to the restricted cost for tuning.
In this survey, we encompass both high-cost and low-cost compression algorithms, focusing on
revealing the essential properties to improve the performance of low-cost compression algorithms by
carefully analyzing the success in high-cost compression algorithms. We compare the performance
of compression algorithms and summarize their development trends. Furthermore, we select
representative algorithms that significantly impact language model compression and conduct in-
depth analyses of them. We propose five promising research directions to enhance the performance
of language model compression algorithms and discuss them based on our survey results.

We summarize the main contribution of our article as follows.
—Overview. We summarize an overall trend of compression algorithms for language models.

Our article covers diverse types of compression algorithms, including both high-cost and
low-cost compression algorithms.

—Analysis. We select three representative algorithms each from pruning, quantization, and
other compression algorithms, elaborating their details to deliver meaningful insights.
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Pruning
(Section 3)

High-cost
PoWER-BERT [37], DynaBERT [47], LTP [64], oBERT [67], ZipLM [68],
BMP [73], SNIP [87], Sajjad et al. [114], MvP [116], SIMPLE [128], CoFi [148],
CAP [150], LEAP [154]

Low-cost
SparseGPT [30], Kwon et al. [72], LLM-Pruner [96], KCM [102], Kprune [105],
OWL [125], Wanda [155]

Quantization
(Section 4)

High-cost
BinaryBERT [5], INT2.1 [11], QLoRA [25], PreQuant [36], PEQA [58],
I-BERT [61], BiT [92], LLM-QAT [93], SensiMix [108], QuantNoise [124],
Wu et al. [144], Q8BERT [161], TernaryBERT [166], K-means Quant. [168]

Low-cost
MREM [4], SpQR [26], OPTQ [32], Mr.BiQ [52], SqueezeLLM [62],
FineQuant [65], OWQ [77], AWQ [86], Outlier Suppression [140],
SmoothQuant [149], ZQ [152], RPTQ [156], PowerQuant [159], GOBO [160]

Knowledge
Distillation
(Section 5.1)

High-cost Aguilar et al. [2], RAIL-KD [41], TinyBERT [55], BERT-EMD [79],
ALP-KD [107], DistilBERT [115], PKD [126], MiniLM [137, 138], CKD [146]

Low-rank
Approxima-
tion
(Section 5.2)

High-cost FWSVD [49], Noach et al. [101], Wang et al. [135]

Low-cost LoRA [50], DyLoRA [132], AdaLoRA [164]

Dynamic
Inference
(Section 5.3)

High-cost Global Past-Future Early Exit [85], ReLUfication [100], MoD [113], CALM [119],
SparseInfer [122], ProSparse [123]

Low-cost TEAL [88], Deja Vu [94]

Fig. 1. Taxonomy of compression algorithms for language models.

—Discussion.Weprovide valuable discussion regarding compression algorithms, and introduce
promising future research topics.

The rest of this article is organized as follows. In Section 2, we formally define a language
model compression problem and describe related preliminaries. In Sections 3–5, we summarize
existing compression algorithms and provide a detailed explanation of the representative algorithms
regarding pruning, quantization, and other compression algorithms. We discuss promising future
research areas found in our survey in Section 6 and conclude in Section 7.

2 Preliminaries
In this section, we formally define the languagemodel compression problem in Section 2.1, introduce
Transformer architecture which dominates the state-of-the-art language models in Section 2.2,
give an overview of language model compression algorithms in Section 2.3, and describe the
backgrounds to solve the language model compression problem in Section 2.4. Table 1 presents
notations frequently used in this article.

2.1 Language Model Compression Problem
The language model compression problem is defined as follows. We have an accurate and large
pretrained language model (PLM) 𝒯 and dataset 𝔻 = {(𝑑𝑖, 𝑦𝑖)} where (𝑑𝑖, 𝑦𝑖) is the tuple of the
𝑖th data point and its label. Our goal is to generate a tiny but still accurate compressed language
model 𝒮 that meets cost constraints, usually, in terms of FLOPs [72, 102], memory usage [74, 135],
or latency [73, 148] upper bounds. In this article, we express the reduced memory usage ratio
compared with the original PLM as the compression rate. If such information is not reported,
we use the reduction in FLOPs as the compression rate and annotate with «. We assume that
we have an accurate PLM, according to the practical settings in a dominant number of existing
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Table 1. Symbols and Descriptions

Symbol Description Symbol Description
𝒯 a pretrained language model (PLM) 𝔻, 𝕊 target and calibration datasets
𝒮 a compressed language model (𝑑𝑖, 𝑦𝑖) a tuple of the 𝑖th data and its label
𝑀(⋅) a multi-head attention (MHA) function 𝑋 an input matrix of a sublayer
𝐹(⋅) a feedforward network (FFN) function 𝑥𝑖 the 𝑖th token embedding in 𝑋
𝐴𝑖 an output of the 𝑖th attention head 𝑑 the dimension of token embeddings
𝑄𝑖, 𝐾𝑖, 𝑉𝑖 query, key, and value matrices 𝐻 the number of attention heads
𝑊𝑄, 𝑊𝐾, 𝑊𝑉, 𝑊𝑂 weights in an MHA sublayer 𝑎(⋅) a position-wise affine transformation
𝑏𝑄, 𝑏𝐾, 𝑏𝑉, 𝑏𝑂 biases in an MHA sublayer 𝑆(⋅) a column-wise softmax function
𝑈𝐼, 𝑈𝑂 weights in an FFN sublayer 𝒩(⋅) a layer normalization function
𝑐𝐼, 𝑐𝑂 biases in an FFN sublayer || vertical concatenation
ℒ a task-specific objective function 𝑔 a gradient of ℒ
𝐻 a Hessian matrix of ℒ 𝑄(⋅) a quantization operator (quantizer)

works [24, 50, 135, 148, 149] based on the findings that language models are easily adapted to
unexperienced tasks when they are pretrained on an extremely large dataset [9, 27]. The label
𝑦 can be omitted for the unlabeled tasks such as language modeling [24, 96, 149]. For low-cost
compression algorithms [72, 102, 152, 153], we use a small calibration dataset 𝕊 ⊂ 𝔻 to minimize
their cost.

2.2 Transformer Architecture
We elaborate on Transformer architecture which is dominantly used for PLMs [9, 130, 131, 165] in
natural language processing (NLP). Transformer [133] is a language model that refines token
embeddings reflecting the contextual information through a self-attention mechanism [17, 103, 133]
to utilize them in downstream tasks. Transformer is composed of multiple layers consisting of
multi-head attention (MHA) and feed-forward network (FFN) sublayers. MHA sublayers
capture the contextual inter-token information via a self-attention mechanism and FFN sublay-
ers polish intra-token information with a position-wise feedforward network. Original Trans-
former architecture [133] comprises Encoder and Decoder where Encoder encodes input token
embeddings considering contextual information and Decoder generates output tokens by decoding
the encoding results. However, we use encoder-only and decoder-only Transformers according
to downstream tasks based on the previous works demonstrating the impressive performance
of encoder-only [19, 27, 74, 90, 115] and decoder-only [9, 118, 130, 165] PLMs. We illustrate
encoder-only and decoder-only Transformer architectures in Figure 2. Encoder-only Transformers
(a) [19, 27, 74, 90, 115] generate useful embeddings that reflect contextual information within an
input sequence via (bidirectional) self-attention. Encoder-only Transformers are used for natural
language understanding (NLU) tasks including sentence similarity [10, 28], natural language
inference [134, 141], and question answering [111, 112]. On the other hand, decoder-only Trans-
formers (b) [9, 118, 130, 165] autoregressively predict output tokens via (unidirectional) masked
self-attention which attends only current and previous tokens. We concatenate an output token
to the end of an input sequence, and feed the augmented input sequence to the next iteration.
Decoder-only models are used for natural language generation (NLG) tasks, such as question
answering [57, 70], mathematical reasoning [20, 44], and code generation [14]. Note that decoder-
only Transformers are broadly applicable since text-based language problems are convertible into a
text-to-text format [110].

Figure 3 illustrates the three mechanisms in Transformer. Assume that an input 𝑋 =
[𝑥1; 𝑥2; ...; 𝑥𝑠] ∈ ℝ𝑑×𝑠 consists of 𝑑-dimensional 𝑠 token embeddings from the previous layer. The
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Fig. 2. Two variants of Transformer architec-
ture.
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Fig. 3. Illustrations of multi-head attention (MHA), feed-
forward network (FFN), and layer normalization.

output of each sublayer is computed as either 𝒩(𝑋+𝑀(𝑋)) for MHA sublayers or 𝒩(𝑋+𝐹(𝑋)) for
FFN sublayers, where𝑀(⋅) and 𝐹(⋅) are MHA and FFN functions, respectively. 𝒩(⋅) represents layer
normalization [3]. MHA extracts contextual information across tokens via self-attention. Multiple
attention heads capture diverse patterns on attention maps; each head uses shrunk dimension
𝑑ℎ = 𝑑/𝐻 to reduce the cost of using multiple heads, where 𝐻 is the number of attention heads.
We obtain an output 𝑀(𝑋) by applying a position-wise affine transformation on the concatenated
output of attention heads, as in Equation (1). || represents vertical concatenation along embedding
dimension, and 𝐴𝑖 ∈ ℝ𝑑ℎ×𝑠 is an output of the 𝑖th attention head. 𝑎( ⋅ ; 𝑊𝑂, 𝑏𝑂) ∶ ℝ𝑑×𝑠 → ℝ𝑑×𝑠 is
a position-wise affine transformation parameterized by weight 𝑊𝑂 ∈ ℝ𝑑×𝑑 and bias 𝑏𝑂 ∈ ℝ𝑑. As
in Equation (2), we compute the 𝑗th column of 𝑀(𝑋) as the affine transformation of the 𝑗th token
embedding, and an output 𝐴𝑖 of attention heads via scaled dot-product attention [133]. Query 𝑄𝑖,
key 𝐾𝑖 and value 𝑉𝑖 matrices are obtained via position-wise affine transformations of the input
𝑋 with different weights 𝑊𝑄

𝑖 , 𝑊
𝐾
𝑖 , 𝑊

𝑉
𝑖 ∈ ℝ𝑑ℎ×𝑑 and biases 𝑏𝑄𝑖 , 𝑏

𝐾
𝑖 , 𝑏

𝑉
𝑖 ∈ ℝ𝑑ℎ in each attention head.

Note that 𝑄𝑖, 𝐾𝑖, 𝑉𝑖 ∈ ℝ𝑑ℎ×𝑠, and 𝑆(⋅) is a column-wise softmax function across tokens for scoring.

𝑀(𝑋) = 𝑎 (||𝐻𝑖=1𝐴𝑖; 𝑊𝑂, 𝑏𝑂) 𝑤ℎ𝑒𝑟𝑒 𝐴𝑖 = 𝑉𝑖𝑆 ((𝐾𝑇
𝑖 𝑄𝑖) /√𝑑ℎ) (1)

𝑎 (||𝐻𝑖=1𝐴𝑖; 𝑊𝑂, 𝑏𝑂)
∶,𝑗

= 𝑊𝑂 (||𝐻𝑖=1𝐴𝑖)∶,𝑗 + 𝑏𝑂 (2)

FFN separately and identically refines each token embedding via two position-wise affine trans-
formations with weights 𝑈𝐼 ∈ ℝ𝑑𝑓×𝑑, 𝑈𝑂 ∈ ℝ𝑑×𝑑𝑓 and biases 𝑐𝐼 ∈ ℝ𝑑𝑓 , 𝑐𝑂 ∈ ℝ𝑑. We transform
each token embedding into the higher dimension of 𝑑𝑓 to capture useful patterns within a token
embedding; 𝜎 is a non-linear activation function, such as ReLU [1] or GELU [45].

𝐹(𝑋) = 𝑎 (𝜎 (𝑎 (𝑋; 𝑈𝐼, 𝑐𝐼)) ; 𝑈𝑂, 𝑐𝑂) (3)

We describe an example of layer normalization [3] in Figure 3 (c). Layer normalization is a
modification of batch normalization [51] adaptable for NLP with flexible lengths of sequences. Layer
normalization normalizes each token embedding and performs element-wise affine transformations.
The normalized output of 𝑗th element of the 𝑖th input token 𝑥′𝑖 is described in Equation (4) where
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𝜇𝑖 = 1
𝑑 ∑

𝑑
𝑗=1 (𝑥

′
𝑖 )𝑗 and 𝜈𝑖 = 1

𝑑 ∑
𝑑
𝑗=1 ((𝑥

′
𝑖 )𝑗 − 𝜇𝑖)

2
are the mean and variance of the elements in 𝑥′𝑖 .

𝛽 ∈ ℝ𝑑 and 𝛾 ∈ ℝ𝑑 are learnable parameters for the element-wise affine transformations.

(𝑥″𝑖 )𝑗 = 𝒩(𝑥′𝑖 )𝑗 =
(𝑥′𝑖 )𝑗 − 𝜇𝑖

√𝜈𝑖
𝛾𝑗 + 𝛽𝑗 (4)

2.3 Language Model Compression Algorithms
The goal of language model compression is to reduce the memory and computational costs of
utilizing language models. Compression algorithms reduce the memory cost of representing weights
and intermediate activations, and computational cost for computing intermediate activations. We
categorize compression algorithms based on how they reduce these costs as follows.

— Pruning (Section 3) identifies and removes unnecessary weights of PLMs. The size of
activation is also decreased when using a large group of parameters as a pruning granularity.

—Quantization (Section 4) reduces the bit-length to represent weights. We achieve accelera-
tion in matrix multiplications by reducing the bit-length of the activations as well.

—Knowledge distillation (Section 5.1) improves the accuracy of compressed models by
transferring useful knowledge from the PLM. It is typically combined with other compression
algorithms to maximize the accuracy of the compressed models.

— Low-rank approximation (Section 5.2) substitutes the weights with the multiplication of
low-dimensional matrices based on the low-rank assumption.Thememory and computational
costs are reduced since the number of weights is largely reduced.

—Dynamic inference (Section 5.3) dynamically selects activated PLM modules depending
on inputs. It reduces inference cost by computing activations only in the selected modules.

We additionally classify PLM compression algorithms into low-cost and high-cost ones, considering
the importance of compressing massive LLMs, independently of the aforementioned classifica-
tion criterion. High-cost compression algorithms require extensive retraining processes on large
datasets. They consequently generate more accurately compressed models; however, they are hardly
affordable for gigantic LLMs. On the other hand, low-cost compression algorithms are applica-
ble to compress LLMs; they do not require post-compression tuning, or perform only a simple
weight-tuning process, such as block-wise tuning, layer-wise tuning, and adapter tuning, on small
calibration data. Low-cost compression algorithms often suffer from severe accuracy degradation,
and improving the accuracy is their main concern.

2.4 Backgrounds
In this section, we explain fundamental backgrounds to solve language model compression problem.

2.4.1 Taylor Expansion. Language model compression is a procedure that imposes perturbations
𝛿𝑤 on weights 𝑤 in a PLM. Examples include setting weights to zeros [43, 75], low-precision repre-
sentations [32, 61, 108], and low-rank representations [49, 135]. We leverage Taylor expansion to
estimate the amount 𝛿ℒ of the increment in an objective function ℒ after applying the perturbation
𝛿𝑤 on weights as in Equation (5) [75].

𝛿ℒ = 𝛿𝑤𝑇𝑔 +
1
2
𝛿𝑤𝑇𝐻𝛿𝑤 + 𝒪(𝛿𝑤3) ≈ 1

2
𝛿𝑤𝑇𝐻𝛿𝑤, (5)

where 𝑔 = 𝔼 [ 𝜕ℒ(𝑤∗)
𝜕𝑤 ] is the gradient and 𝐻 = 𝔼 [ 𝜕

2ℒ(𝑤∗)
𝜕𝑤2 ] is the Hessian of ℒ with respect to 𝑤.

We approximate 𝑔 ≈ 0 since the PLM is pretrained at a local minimum whose gradient is zero. We
neglect 𝒪(𝛿𝑤3) since the size of the perturbation is sufficiently small. As a result, we have only a
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quadratic term with the Hessian matrix 𝐻. Using Taylor expansion is efficient since we compute
𝛿ℒ for any 𝛿𝑤 by computing the Hessian matrix once; we do not have to manually compute 𝛿ℒ for
each 𝛿𝑤. We utilize the derivation in Equation (5) in various compression algorithms, for example,
measuring sensitivity in quantization [62], measuring saliency score in pruning [43, 47, 72, 75], and
selecting rank-1 components in low-rank approximation [49].

2.4.2 Lagrangian. Lagrangian function is used to solve a constrained optimization problem.
Consider the problem of minimizing an objective function 𝑓 (𝑤)with equality constraints 𝑎𝑇𝑤+𝑏 = 0
on weights 𝑤. In language model compression problems, the objective function 𝑓 (𝑤) is either cross-
entropy loss or layer-wise least-square loss. 𝑎 and 𝑏 are vectors of constants to state constraints; e.g.,
𝑎𝑞 = 1 and 𝑏𝑞 = 0 represent that the 𝑞th weight is pruned. The solution of the problem is computed
by first forming the following Lagrangian function

𝐿(𝑤, 𝜆) = 𝑓 (𝑤) + 𝜆(𝑎𝑇𝑤 + 𝑏) (6)

and finding the stationary point of 𝐿(𝑤, 𝜆) with respect to 𝑤; i.e., 𝜕𝐿(𝑤,𝜆)𝜕𝑤 = 0. For example, optimal
brain surgeon (OBS) [43] finds the optimal perturbations (surgery) on weights through the
Lagrangian function. The optimal surgery in OBS is crucial and widely used in state-of-the-art
compression algorithms both in pruning [30, 68] and quantization [32, 86, 156]. We elaborate on
more details about these algorithms in Sections 3.4 and 4.4.

2.4.3 Fisher Information Matrix. A Fisher information matrix is an information measure in
statistics. However, in model compression, we use a Fisher information matrix to approximate a
Hessian matrix since the Hessian matrix 𝐻 of the cross-entropy loss ℒ is able to be approximated
by the Fisher information matrix ℐ (see Lee et al. [76] for derivation). As in Equation (7), we
approximate the Fisher information matrix ℐ as an empirical Fisher information matrix ℐ̂ estimated
on the sample dataset 𝔻 since computing the exact form is intractable. 𝑑 is a data point in 𝔻.

𝔼𝑑[𝐻] = 𝔼𝑑 [
𝜕2ℒ(𝑑; 𝑤)

𝜕𝑤2 ] ≈
1
|𝔻|

∑
𝑑∈𝔻

[(
𝜕ℒ(𝑑; 𝑤)

𝜕𝑤 ) (
𝜕ℒ(𝑑; 𝑤)

𝜕𝑤 )
𝑇
] = ℐ̂ (7)

We use the Fisher information matrix to approximate the Hessian in Equation (5) since computing
an exact Hessian matrix of cross-entropy loss is computationally expensive. Note that Equation (7)
holds only when the objective function is a cross-entropy loss; for other objective functions, we
need to find alternative ways to compute the Hessian. For example, when our loss function is a
layer-wise least-square loss [30, 32, 43], we directly compute the Hessian matrix.

2.4.4 Straight-Through Estimator (STE). STE [7] is a technique of passing upstream gradients
directly to the next node in back propagation. We leverage STE to train a model that entails
non-differentiable functions, such as a round function (RF). Weights cannot be updated in the
backward pass since the gradient of RF is either 0 or not defined. We, therefore, substitute the
derivative of RF with STE, which enables the gradient update by having gradients of 1 in all regions.
Suppose, we quantize a weight matrix 𝑊 using a RF 𝑄(⋅), and compute the loss ℒ in the forward
pass. In the backward pass, the gradient of 𝑊 regarding the loss ℒ is approximated via STE as in
Equation (8).

𝜕ℒ
𝜕𝑊

=
𝜕ℒ

𝜕𝑄(𝑊)
⋅
𝜕𝑄(𝑊)
𝜕𝑊

≈
𝜕ℒ

𝜕𝑄(𝑊)
. (8)

STE is one of the core methodologies for quantization schemes that involve weight update with
gradients, named quantization-aware training (QAT).
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Fig. 4. An illustration of a two-layer neural network before and after pruning. (a) Shows the original network
before pruning. (b) and (c) Depict the results of unstructured and structured pruning, respectively.

2.4.5 Singular Value Decomposition (SVD). SVD is a factorization of a matrix. SVD reduces the
number of weights to represent weight matrices in PLMs. Given a weight matrix 𝑊 ∈ ℝ𝑚×𝑛, we
decompose the matrix with SVD as in Equation (9). 𝑈 ∈ ℝ𝑚×𝑟 and 𝑉 ∈ ℝ𝑛×𝑟 are column orthogonal
matrices where 𝑟 is the rank of 𝑊. 𝑆 is a diagonal matrix consisting of 𝑟 singular values {𝑠𝑖}𝑟𝑖=1.

𝑊 = 𝑈𝑆𝑉𝑇 =
𝑟

∑
𝑖=1

𝑠𝑖𝑈∶,𝑖(𝑉∶,𝑖)𝑇 ≈
𝑘
∑
𝑖=1

𝑠𝑖𝑈∶,𝑖(𝑉∶,𝑖)𝑇 =
𝑚×𝑘

⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞(𝑈∶,∶𝑘(𝑆∶𝑘)1/2)
𝑘×𝑛

⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞((𝑆∶𝑘)1/2(𝑉∶,∶𝑘)𝑇) 𝑘 ≪ 𝑟 (9)

We transform the equation into the sum of rank-1 components and approximate 𝑊 as the sum of
the 𝑘 rank-1 matrices with the 𝑘 largest singular values since a small number of singular values
dominates other singular values in weight matrices in language models [21, 49]. We decompose 𝑆,
and integrate it with the orthogonal matrices to remove redundant weights. As a result, the number
of parameters for representing 𝑊 is reduced from 𝑚𝑛 to (𝑚 + 𝑛)𝑘, where 𝑘 ≪ 𝑚, 𝑛.

3 Pruning
In this section, we introduce pruning algorithms, which identify and prune redundant components
in PLMs to generate compact and accurate language models. We give an overview of pruning
algorithms in Section 3.1, elaborate on pruning granularities in Section 3.2, and explain pruning
strategies in Section 3.3. In Section 3.4, we delve into SparseGPT [30] which is the state-of-the-art
pruning algorithm for massive-scale LLMs up to 175B.

3.1 Overview
Pruning is a compression algorithm that eliminates the superfluous components in neural networks.
Pruning algorithms [30, 68, 96, 105] have demonstrated the ability to compress PLMs to small models
whose inference is much faster than PLMs on commodity hardware. For instance, ZipLM [68]
accelerates the inference speed of BERT [27] up to 15 times with a small accuracy degradation.

In Figure 4 (a), we illustrate an example of pruning a two-layer neural network, specifically
targeting the weights in the second layer. The weight matrix, which is the pruning target, is shown
on the right side of the neural network. We first measure the saliency of each weight (arrow) and
neuron (circle) to identify salient weights and neurons to be preserved. We color salient components
in green and redundant components in red. After measuring the saliency, we have to choose the
granularity of the pruning, which is either a weight or a neuron. Figure 4 (b) represents the result of
an unstructured pruning algorithm whose pruning granularity is a weight. We get an accurate and
compact model that has only salient green-colored weights. However, the pruned weight matrix
is sparse and requires sparse matrix representation, such as Compressed Sparse Row (CSR)
or Coordinate (COO) formats, which are inefficient to store and compute. Figure 4 (c) represents
the result of a structured pruning algorithm that prunes neurons and generates a dense weight
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(a) Weights (b) Tokens

Transformer
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token

Weight

Neuron

Attention
Head

Sublayer

Layer

Embedding
Dimension

Fig. 5. Illustration of diverse pruning granularities regarding weights (a) and tokens (b). Dotted square boxes
indicate each pruning granularity and we color the weights for the granularity of the embedding dimension
in pink for simplicity. 𝑑ℎ represents the dimension of token embeddings in attention heads.

matrix which is efficient to store and compute. In general, the compressed models pruned with
larger granularities (e.g., neurons) are more efficient than those with smaller granularities (e.g.,
weights); on the other hand, large granularities lead to inaccuracy. We describe more details of the
accuracy-efficiency tradeoff regarding pruning granularity in Section 3.2.

To maximize the accuracy of pruned models, it is essential to carefully design a strategy to
minimize pruning errors which refer to the distortion of the model’s output induced by pruning
components in PLMs. For example, we need to update the remaining weights (solid lines) in Figure 4
to compensate for the pruning errors induced by the pruning of redundant weights (dotted lines).
It is crucial for pruning strategies to consider the following two problems to achieve high accuracy:
(1) how to choose components to prune and (2) how to adequately compensate for pruning errors.
We name the first issue of finding suitable pruning masks as a mask search problem, and the second
issue of reducing pruning errors as an error compensation problem. We divide pruning strategies
into high-cost and low-cost algorithms based on their computational costs. High-cost pruning
algorithms jointly identify and remove unnecessary components by time-consuming retraining
processes on a large dataset, compensating for pruning errors by tuning the weights in unpruned
components. Although high-cost pruning algorithms generate accurate and compact models, they
are too expensive to be used for LLMs which have more than billions of parameters. Low-cost
pruning algorithms significantly reduce the computational cost of pruning by dividing pruning
processes into efficient mask search and low-cost error compensation on a small calibration dataset.
For instance, K-prune [105] prunes BERT within 10 minutes on the MNLI dataset while high-cost
pruning algorithms [47] take up to 40 hours on the same dataset. However, low-cost algorithms
suffer from severe accuracy degradation in high-compression regimes. We describe more details
about pruning strategies and pruning costs in Section 3.3.

We summarize pruning algorithms for encoder-only Transformers in Table 2 and those for
decoder-only Transformers in Table 3. We denote the granularity and the cost of each algorithm,
then group them accordingly. We report the amount of accuracy loss and speedup after pruning.

3.2 Pruning Granularity: Unstructured vs. Structured
Pruning granularity refers to the size of units that we use for pruning and we provide an illustration
of pruning granularities regarding weights and tokens in Figure 5.𝑊𝑄,𝑊𝐾,𝑊𝑉, and𝑊𝑂 ∈ ℝ𝑑×𝑑 are
weights in an MHA sublayer. 𝑈𝐼 ∈ ℝ𝑑𝑓×𝑑 and 𝑈𝑂 ∈ ℝ𝑑×𝑑𝑓 are weights in an FFN sublayer. 𝑥𝑖 and 𝑥′𝑖
are 𝑖th token embeddings before and after transformation through a transformer layer, respectively.
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Table 2. Comparison of Pruning Algorithms for Encoder-Only Transformers on MNLI, QQP, and
SQuAD1.1 (SQD) Benchmarks

Method PLM¨ Pruning
Granularity§

Pruning
Cost

Comp.
Rate

Accuracy/F1 Diff.: (%p) SpeedupMNLI QQP SQD Avg.
MvP [116] Bb W High 90.0% -3.30 -1.20 -3.20 -2.57 -
LEAP [154] Bb W High 90.0% -3.30 -0.20 -4.80 -2.77 -
CAP [150] Bb W High 90.0% -2.50 -0.20 -2.80 -1.83 -
oBERT [67] Bb W High 90.0% -1.34 -0.17 -0.56 -0.69 -
oBERT [67] Bb W High 97.0% -3.54 -0.83 -3.89 -2.75 -
DynaBERT [47] Bb N, H High 75.0%« -0.90 -0.20 -0.60 -0.57 -
DynaBERT [47]© Bb N, H High 75.0%« -4.30 - - -4.30 3.20×
SNIP [87] Bb N, H, S High 75.0% -6.40 -2.80 - -4.60 -
BMP[73] Bb N, H High 75.2% - - -0.80 -0.80 2.25×
CoFi [148] Bb E, N, H, S High 75.0%« -0.05 - -0.41 -0.23 3.08×
CoFi [148] Bb E, N, H, S High 90.0%« -2.19 - -4.32 -3.26 6.68×
CAP [150] Bb N, H High 90.0% -3.50 -0.70 -8.10 -4.10 -
Sajjad et al. [114] Bb L High 50.0% -2.91 -0.72 - -1.82 2.00×
ZipLM [68] Bb N, H, S High - -1.50 -0.20 -2.50 -1.40 7.00×
ZipLM [68] Bb N, H, S High - -3.90 -0.80 -7.20 -3.97 15.00×
PoWER-BERT [37] Bb T High - -0.80 -1.00 - -0.90 3.42×
LTP [64] Rb T High 50.5%« -1.00 -0.70 - -0.85 1.99×
Kwon et al. [72]† Bb N, H Low 75.0%« -21.67 -19.42 -48.56 -29.88 1.75×‡†
KCM [102] Bb N Low 20.0%« -7.29 -1.85 -7.19 -5.44 1.21×‡†
K-prune [105] Bb N, H Low 75.0%« -5.18 -3.71 -9.26 -6.05 2.08×‡†
¨: Bb (Bert-base), Rb (RoBERTa-base), ‡: maximum speed up when accuracy drop < 3%p
§: W (weight), N (neuron), H (attention head), E (embedding dimension), S (sublayer), L (layer), T (token)
:: (Compressed model’s accuracy/F1 score) - (uncompressed model’s accuracy/F1 score)
«: FLOPs-based compression rate, ©: reported results in CoFi [148], †: reported results in K-prune [105]

Colored dashed lines indicate the regions of weights included in each pruning granularity. Pink-
colored weights are related to the same embedding dimension. The smallest granularity for pruning
is an individual weight (W in Tables 2 and 3) for unstructured pruning [30, 67, 116, 154]. On a
larger scale, we use a token (T), a neuron (N), an attention head (H), an embedding dimension
(E), a sublayer (S), and a layer (L) for structured pruning [47, 68, 72, 73, 87, 96, 102, 105, 114, 148].
Larger pruning granularities lead to speedup in inference, but there is an accuracy degradation
since it removes important weights along with unimportant weights. The number of weights does
not change after pruning tokens and it reduces only the number of FLOPs.

Unstructured pruning algorithms [67, 116, 150, 154] have demonstrated high accuracy in com-
pressing language models achieving up to 97% compression rate with a small accuracy degradation.
However, their drawback lies in the acceleration difficulty due to the resulting sparse pruning
patterns. Therefore, researchers have focused on extending the findings in unstructured prun-
ing algorithms to structured pruning algorithms to achieve acceleration. For example, BMP [73]
extends the findings of MvP [116] considering that the gradient magnitude of an objective func-
tion with respect to a weight is more important than the magnitude of the weight. Similarly,
ZipLM [68] achieves a good performance on structured pruning of BERT by developing the findings
in oBERT [67] that the optimal error compensation strategy of OBS [43] is useful for pruning
BERT.

When extending unstructured pruning algorithms to structured pruning algorithms, it is crucial
to determine the granularity for pruning, considering the characteristics of the model. Michel et al.
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Table 3. Comparison of Pruning Algorithms for Decoder-Only Transformers on WikiText2 Datasets

Method PLM Pruning
Granularity§

Pruning
Cost

Comp.
Rate

Perplexity SpeedupPLM Comp.@
SIMPLE [128] GPT2-124M∗ E, N, H High 48.5%∗ 14.49 17.14 -
ZipLM [68] GPT2-85M N, H, S High 44.4% 24.10 30.30 1.50×
Wanda [155]♮ LLaMA-7B W Low 70.0% 5.68 85.77 -
SparseGPT [30]♮ LLaMA-7B W Low 70.0% 5.68 26.30 -
SparseGPT+OWL [125]♮ LLaMA-7B W Low 70.0% 5.68 19.49 -
SparseGPT [30] OPT-175B 2:4 Low 50.0% 8.35 8.74 1.66×†
LLM-Pruner [96] LLaMA-7B N, H Low 20.0% 12.62 17.37 1.18×
SlimLLM [39] LLaMA-7B N, H Low 20.0% 12.62 15.55 -
§: W (weight), 2:4 (2:4 sparsity), N (neuron), H (attention head), S (sublayer)
♮: reported results in OWL [125], *: includes token embeddings, @: a compressed model
†: geometric mean of speedups in individual affine transformations

Lower Perplexities Represent Better Results.

[98] experimentally demonstrates that MHA sublayers are robust to the pruning of attention heads
by showing that approximately 40% of attention heads are prunable with negligible accuracy degra-
dation. Similarly, BMP [73] discovers the pattern that parameters in certain attention heads in MHA
sublayers are entirely removed when we perform block-wise pruning with 16×16 weight blocks.
For FFN sublayers, the weight blocks within specific neurons in intermediate layers are entirely
removed, while weight blocks in other neurons are preserved. Based on these findings, subsequent
structured pruning algorithms [47, 68, 72, 87, 96, 102, 105, 148, 150] employ attention heads and
intermediate neurons as the pruning granularities for MHA and FFN sublayers, respectively. When
we prune attention heads and neurons, we reformulate𝑀(𝑋) and 𝐹(𝑋) in Equations (1) and (3) into
𝑀(𝑋; 𝜁) and 𝐹(𝑋 ; 𝜉) in Equation (10) by imposing mask vectors 𝜁 ∈ ℝ𝐻 and 𝜉 ∈ ℝ𝑁 that indicate
the pruning status of 𝐻 attention heads and 𝑁 neurons, respectively; 𝜁𝑖 = 0 represents that the 𝑖th
attention head is pruned. 𝑊𝑂

𝑖 ∈ ℝ𝑑×𝑑ℎ is the subset of 𝑊𝑂 corresponding to the 𝑖th attention head,
i.e. from the (𝑑ℎ(𝑖 − 1) + 1)th to the (𝑑ℎ𝑖)th columns of𝑊𝑂. 𝑈𝐼𝑖,∶ ∈ ℝ1×𝑑 and 𝑈𝑂∶,𝑖 ∈ ℝ𝑑×1 are weights
corresponding to the 𝑖th neuron in FFN sublayers. We horizontally stack biases 𝑏𝑂 ∈ ℝ𝑑, 𝑐𝐼𝑖 ∈ ℝ, and
𝑐𝑂 ∈ ℝ𝑑 as 𝐵𝑂 = [𝑏𝑂, 𝑏𝑂, ..., 𝑏𝑂] ∈ ℝ𝑑×𝑠, 𝐶𝐼𝑖 = [𝑐𝐼𝑖 , 𝑐

𝐼
𝑖 , ..., 𝑐

𝐼
𝑖 ] ∈ ℝ1×𝑠, and 𝐶𝑂 = [𝑐𝑂, 𝑐𝑂, ..., 𝑐𝑂] ∈ ℝ𝑑×𝑠 to

match the dimension in the equation where 𝑠 is a sequence length. 𝑐𝐼𝑖 ∈ ℝ is a bias corresponding
to the 𝑖th neuron.

𝑀(𝑋; 𝜁) =
𝐻
∑
𝑖=1

(𝜁𝑖𝑊𝑂
𝑖 𝐴𝑖) + 𝐵𝑂 𝑎𝑛𝑑 𝐹(𝑋 ; 𝜉) =

𝑁
∑
𝑖=1

(𝜉𝑖 (𝑈𝑂∶,𝑖𝜎(𝑈
𝐼
𝑖,∶𝑋 + 𝐶𝐼𝑖))) + 𝐶𝑂 (10)

As a result, the outputs of an MHA sublayer and an FFN sublayer are represented as the summation
of outputs of independent attention heads and neurons. Therefore, the outputs do not change when
we remove attention heads or neurons whose mask variable is zero.

However, we cannot fully exploit GPU parallelism by pruning attention heads and neurons since
the number of matrix multiplications between input and weight matrices is rarely reduced; pruning
attention heads or neurons reduces the size of weight matrices, but it rarely removes the weight
matrices entirely. Therefore, we need to enlarge the pruning granularity to entire sublayers or even
layers to maximize the inference speed of the compressed models. Sajjad et al. [114] compares the
accuracy of the compressed models with diverse layer pruning patterns, and finds that removing
top layers is effective for encoder-only models. CoFi [148] and ZipLM [68], which aim at prioritizing
acceleration performance, additionally prune the entire sublayers and achieve a good speedup.
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Another approach is token pruning, based on the observation that the cosine similarity between
tokens increases significantly as we move toward the top layers of BERT [37]. PoWER-BERT [37]
and LTP [64] achieve speedup more than two times with minimal accuracy degradation by using
only a subset of tokens from the input sequence; token pruning algorithms do not reduce the
number of weights since the number of weights depends on the dimension of token embeddings
not on the number of tokens. While token pruning algorithms do not reduce the number of weights,
their integration with other structured pruning algorithms employing different granularities such
as CoFi [148] or ZipLM [68] holds the potential for achieving remarkable speedup gains.

We use the same pruning granularity for decoder-only models as for encoder-only models,
e.g., a weight, an attention head, or a neuron. However, pruning decoder-only models is much
more difficult than encoder-only models. For instance, structured pruning algorithms [68, 128]
for GPT-2 show performance degradation at a low compression rate smaller than 50% while
those [68, 73, 148] for BERT succeed in pruning up to 75% of weights with minimal accuracy
degradation. Structured pruning approaches [96] for billion-scale LLMs show harsher accuracy
degradation at a low compression rate of 20% since the excessive size of LLMs limits the use
of fine-tuning processes. SparseGPT [30] demonstrates relatively better performance using an
unstructured pruning pattern and expands its algorithm to cover 2:4 pruning granularity which
supports acceleration on customized hardware; 2:4 pruning granularity represents a semi-structured
pruning pattern that there are 2 zeros in 4 consecutive elements. Improving the accuracy of
structured pruning with large granularities for decoder-only models is a promising future work.

3.3 Pruning Strategies: High-Cost vs. Low-Cost
After selecting the granularity for pruning, we need to determine the strategy for pruning, which
includes methodologies for identifying unnecessary components and compensating for pruning
errors induced by the removal of the identified components. We categorize pruning algorithms
into two groups of high-cost [37, 47, 64, 67, 68, 73, 87, 114, 116, 128, 148, 150, 154] and low-cost [30,
72, 96, 102, 105, 125, 155] algorithms according to the cost of pruning. We give an overview of
high-cost and low-cost pruning algorithms in Figure 6 where the size of datasets and the running
time are based on the pruning algorithms [47, 105] for BERT on the MNLI dataset. As shown in
(a), high-cost pruning algorithms generate an accurate compressed model through a computation-
intensive retraining process on a large training dataset. However, high-cost pruning algorithms are
intractable, requiring an excessive cost for pruning massive-scale LLMs, and low-cost algorithms in
(b) address the issue by substituting an expensive retraining process with a lightweight calibration
process on a small calibration dataset.

(a) High-cost pruning (b) Low-cost pruning

Prune

Retrain / Fine-tune
(~40 hours)

Pruned Model

Prune

Pruned Model

Calibration
(~10 minutes)

Calibration
Data (~2K)Pretrained

Model
Pretrained

Model
Training

Data
(~400K)

Fig. 6. Comparison of high-cost and
low-cost pruning algorithms. The size
of datasets and the running times are
based on the pruning algorithms [47,
105] for BERT on the MNLI dataset.

We categorize high-cost pruning algorithms into three
groups: regularized training-based algorithms [73, 116, 139,
148, 154], OBS [43]-based algorithms [67, 68], and oth-
ers [47, 87, 150]. Regularized training-based algorithms intro-
duce sparsity regularizations which regularize the magnitude
of weights and gradually remove unnecessary components
during a retraining process. MvP [116] introduces a scoring
matrix 𝑆 for each weight matrix𝑊 and substitutes the weight
matrix with 𝑀⊙𝑊 where 𝑀 = (𝑆 > 𝜏) is a matrix of prun-
ing masks that indicates whether the score of each weight
exceeds the threshold 𝜏 or not. ⊙ is a Hadamard product.
MvP introduces a regularization term 𝑅(𝑆) = 𝜆∑𝑖,𝑗 𝜎𝑠 (𝑆𝑖,𝑗)
that penalizes the scores of weights to promote sparsification
where 𝜎𝑠(⋅) is a sigmoid function. MvP manually controls the
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sparsity of the pruned model via tuning the coefficient 𝜆. LEAP [154] addresses the inefficiency of
manual selection of 𝜆 by proposing an algorithm that automatically controls the sparsity level to
match the preset sparsity. BMP [73] extends MvP into structured pruning to accelerate inference
by sharing scores of the weights in the same group defined by the structural pruning granularity.

Another approach for regularized training is to impose 𝑙0 regularization. Let 𝑤 be a vector con-
taining all of the weights in a PLM, then its 𝑙0 norm ||𝑤||0 is the number of non-zero weights, which
is the same as the size of the model. Reducing the 𝑙0 norm is equal to the model sparsification, but
we cannot directly impose 𝑙0 regularization for training since it is not differentiable. Louizos et
al. [95] addresses the problem by regularizing the expectation of the 𝑙0 norm of weights multiplied
by stochastic mask variables 𝑧, i.e., regularize 𝔼𝑧 [||𝑤 ⊙ 𝑧||0] rather than ||𝑤||0. The modified regular-
ization term is differentiable since the expectation of 𝑙0 norm is computed as a closed form which is
differentiable (see Louizos et al. [95] for details). FLOP [139] utilizes the stochastic mask variables
for structured pruning of language models and substitutes the 𝑙0 regularization with an augmented
Lagrangian to ensure the compressed model has a preset sparsity. CoFi [148] achieves both high
accuracy and fast inference speed via jointly pruning coarse and fine-grained granularities, from a
neuron to a layer, using an augmented Lagrangian in FLOP [139].

Given a weight vector 𝑤 and an input vector 𝑥, OBS [43] algorithm finds an optimal weight-update
𝛿𝑤(𝑞) after pruning 𝑞th weight 𝑤𝑞 that minimizes the amount ||𝑤𝑥 − 𝑤̂𝑥||22 of a pruning error where
𝑤̂ = 𝑤 + 𝛿𝑤(𝑞) is a vector of weights after pruning. OBS is applied to language model compression
by formulating the compression problem as a sublayer-wise output reconstruction problem after
pruning [30, 68]. OBS is crucial for pruning PLMs since OBS-based algorithms demonstrate the state-
of-the-art performance in both settings of high-cost [67, 68] and low-cost pruning algorithms [30].
oBERT [67] modifies the objective function of OBS into the cross-entropy and proposes an efficient
algorithm to approximate the inverse of Hessian which is the computational bottleneck of OBS.
ZipLM [68] extends the OBS algorithm to structured pruning by increasing the pruning granularity
of OBS from a single weight to consecutive columns, and achieves remarkable acceleration up to
15× by finding runtime-aware configuration on the target hardware.

Besides regularized training-based and OBS-based pruning algorithms, there are other high-
cost pruning algorithms that do not fall into these categories. DynaBERT [47] presumes a PLM
as an overlap of inherent models with various configurations of attention heads, neurons, and
sublayers. DynaBERT succeeds in training all of the inherent models in a single training process and
obtains pruned models by sampling the inherent models that satisfy the desired compression rate.
CAP [150] introduces a contrastive learning framework [16] to pruning, which aims to make the
intermediate features of pruned models mimic both pretrained and fine-tuned model’s intermediate
features. SNIP [87] prunes attention heads and FFN sublayers whose maximum output is small, and
proposes a spectral normalization that boosts the performance of pruned models. The approaches in
Refs. [47, 87, 150] provide unique insights for a language model pruning problem, but they exhibit
lower performance compared with regularized training-based [148] or OBS-based [68] pruning
algorithms.

Low-cost pruning algorithms [72, 102, 105] significantly reduce the pruning cost by (1) separating
mask search from error compensation, and (2) replacing costly retraining with an efficient weight
update on a small calibration dataset. Kwon et al. [72] is the first work that proposes a low-cost
pruning framework for language models. Kwon et al. efficiently estimates the saliency of attention
heads and neurons via the empirical Fisher information matrix (FIM) that reflects the amount
of influence on the objective function (cross-entropy) following the derivations in OBD [75]. Kwon
et al. formulates an efficient sublayer-wise weight-tuning process that takes less than a minute
using linear solvers. KCM [102] avoids the expensive FIM gradient computation of Kwon et al. by
evaluating neuron importance via representative ranking, without computing gradients. However,

ACM Comput. Surv., Vol. 58, No. 14, Article 357. Publication date: October 2026.



357:14 S. Park et al.

Kwon et al. and KCM show significant accuracy degradations at high compression rates due to
their one-shot pruning process without iteration. K-prune [105] demonstrates the importance of an
efficient iterative pruning process by achieving remarkable improvement up to 58% higher accuracy
than previous works without losing the efficiency of low-cost pruning processes.

Decoder-only models have not been extensively researched regarding low-cost pruning algo-
rithms, especially for LLMs [130, 131, 165]. SparseGPT [30] prunes LLMs up to 175B in three hours
on a single A100 GPU by improving the efficiency of OBS [43]. We select SparseGPT as the repre-
sentative pruning algorithm and detail it in Section 3.4. Wanda [155] shows comparable results with
SparseGPT in a low compression rate of 50% using efficient unstructured pruning without weight
update, but severely degrades in high-sparsity regimes [125]. OWL [125] improves the accuracy
of both Wanda and SparseGPT by replacing their sublayer-wise uniform pruning rates with the
non-uniform pruning rates reflecting the outlier ratio in each sublayer. For structured pruning of
LLMs, LLM-pruner [96] prunes attention heads and neurons using a FIM, and uses LoRA [50] for
error compensation. SlimLLM [39] improves the accuracy of pruned models by removing redun-
dant attention heads whose Pearson correlation between the outputs before and after pruning is
high. However, it still suffers from significant accuracy degradation even at a low compression
rate of 20% on LLaMA-7B. In response, SPRINT [106] improves the accuracy–speedup tradeoff by
pruning redundant MHA and MLP sublayers based on latency reduction and post-tuning sensitivity.
Nevertheless, structured pruning algorithms for LLMs have much room for improvement.

3.4 Representative Algorithm: SparseGPT
In this section, we elaborate on the details of SparseGPT [30], which is the first algorithm that
successfully prunes gigantic LLMs with more than 100B parameters. SparseGPT extends its unstruc-
tured pruning methodology to semi-structured pruning granularity, such as 2:4 sparsity, whose
practical inference speedup is supported on A100 GPUs. SparseGPT focuses on exploiting the
optimal weight update in OBS [43] to increase the accuracy of the pruned model, and reduce the
number of computations of the Hessian inverse which is a computational bottleneck of the solution
of OBS to maximize the efficiency.

Consider a binary pruning mask matrix 𝑀 ∈ ℝ𝑑′×𝑑 for a weight matrix 𝑊 ∈ ℝ𝑑′×𝑑 that projects
𝑑 dimensional input token embeddings 𝑋 ∈ ℝ𝑑×𝑠 to the dimension of 𝑑′. The authors formulate the
error compensation problem for the weight 𝑊 as a least-square problem to find an optimal weight
𝑊̂ that minimizes the change in outputs as in Equation (11). The authors divide the problem into 𝑑′
independent row-wise problems on the right-hand side.

argmin
𝑊̂

‖𝑊𝑋 − ((𝑀 ⊙ 𝑊̂)𝑋)‖
2

𝐹
= argmin

𝑊̂

𝑑′

∑
𝑟=1

‖𝑊𝑟 ,∶𝑋 − ((𝑀𝑟 ,∶ ⊙ 𝑊̂𝑟 ,∶)𝑋)‖
2

2
(11)

SparseGPT finds the optimal weight update 𝛿𝑤(𝑟 ,𝑚) ∈ ℝ𝑑 to compensate for the error induced by
the pruning of the 𝑚th weight 𝑊𝑟 ,𝑚 in the 𝑟th row, and the corresponding pruning error 𝜖(𝑟 ,𝑚) ∈ ℝ
following OBS as in Equation (12). In other words, 𝑊̂

∗
𝑟 ,∶ = 𝑊𝑟 ,∶+𝛿𝑤𝑇(𝑟 ,𝑚) is the optimal solution of the

subproblem regarding the 𝑟th row when the 𝑚th element is pruned, and 𝜖(𝑟 ,𝑚) = ‖𝑊𝑟 ,∶𝑋 − 𝑊̂
∗
𝑟 ,∶𝑋‖

2

2
.

𝛿𝑤(𝑟 ,𝑚) = −
𝑊𝑟 ,𝑚

[𝐻−1
(𝑟)]𝑚𝑚

[𝐻−1
(𝑟)]∶,𝑚

𝑎𝑛𝑑 𝜖(𝑟 ,𝑚) =
1
2

𝑊2
𝑟 ,𝑚

[𝐻−1
(𝑟)]𝑚𝑚

𝑤ℎ𝑒𝑟𝑒 𝐻(𝑟) = 2𝑋(𝑟)𝑋
𝑇
(𝑟) (12)

𝐻(𝑟) is the Hessian of the objective function regarding the 𝑟th row, and 𝑋(𝑟) is the subset of input
features whose corresponding weights have not been pruned in the 𝑟th row. Computing 𝐻−1

(𝑟) is
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the major bottleneck in Equation (12); SparseGPT reduces the computational cost by adopting a
column-wise pruning methodology. SparseGPT iteratively performs column-wise pruning; they
identify unnecessary weights, and sequentially perform an optimal weight update process to prune
the identified weights in each column. The column-wise pruning is efficient based on the following
reasons. First, since the Hessian depends on a pruning mask, not weights, different rows have the
same Hessian inverse. Therefore, they need to compute the Hessian inverse only once for each
column when they prune in a column-wise manner. Second, there is an efficient technique that
computes the Hessian inverse for the subsequent column using the Hessian inverse of the previous
column [32]. As a result, SparseGPT achieves remarkable efficiency that prunes 175B LLMs in 3
hours on a single A100 GPU.

The authors demonstrate the compatibility of SparseGPT with the state-of-the-art quantization
algorithm [32] and show that the combined algorithm shows better results than using only the
quantization algorithm. However, there are drawbacks of SparseGPT that come from sublayer-wise
pruning. The pruning mask found by SparseGPT has uniform pruning rates for all sublayers missing
sublayer-wise sensitivity. OWL [125] addresses the drawback by adjusting the pruning rates of
sublayers based on their outlier ratios and achieves notable accuracy improvements. The objective
function of SparseGPT is a least-square in sublayer-wise outputs which is an indirect measure for
the amount of errors in cross-entropy. Therefore, the optimal solution in Equation (12) might not
be optimal for the direct objective function, and it would be improved when we directly reflect
cross-entropy in the loss function.

4 Quantization
In this section, we introduce quantization algorithms that reduce the bit-width of parameters
to compress large-scale models while retaining the accuracy. We first provide an overview in
Section 4.1, and describe various quantization schemes featured by quantization steps and levels
in Section 4.2, followed by quantization strategies in Section 4.3. We single out OPTQ [32] as the
representative quantization algorithm for LLM compression, and provide detailed explanation of
OPTQ and its improvement in Section 4.4.

4.1 Overview
Quantization is a core model compression technique that assigns continuous values distributed
broadly to a small and discrete set. Since Bhandare et al. [8] first made an attempt to quantize
Transformer-based models, various methodologies [32, 65, 153, 156] have been proposed to quantize
LLMs consisting of over a hundred billions of parameters.Quantizationminimizes memory footprint
and inference latency of large-scale models by reducing the number of bits required to represent the
parameters. Mapping continuous real values to their nearest integers is one of the most common
approaches in neural network quantization. This approach called round-to-nearest (RTN) takes
less effort for assigning values to discrete space in virtue of its simplicity; however, naive RTN
often suffers from severe performance degradation due to its limited representation capacity.1
Other methodologies utilize non-uniform step sizes to quantize parameters for better representing
the original ones. Outputs of a quantizer, also referred to as quantization levels, are also non-
uniformly spaced under those methodologies in general. Precision and data type of quantization
levels determine the compression rate and computational cost of quantized model, respectively.
It is straightforward that a lower bit-precision representation has a higher compression rate, and
integer values benefit from accelerated operations. We provide detailed explanation with regard to
quantization step sizes and levels in Section 4.2.

Meanwhile, cost of a quantization algorithm depends on quantization strategy to minimize
accuracy degradation. Quantization algorithms are computationally expensive when they entail the
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Table 4. Comparison of Quantization Algorithms for Encoder-Only Transformers on MNLI, QQP, and
SQuAD1.1 (SQD) Benchmarks

Method PLM¨ Uniform§ Cost Comp.
Rate

Accuracy/F1 Diff.: (%p) SpeedupMNLI QQP SQD Avg.
Q8BERT [161] Bb UQ High 75.0% - - -0.72 -0.72 -
TernaryBERT [166] Bb UQ High 93.8% -1.20 -0.80 -1.30 -1.10 -
QuantNoise [124] Rb UQ High 75.0% -1.20 - - -1.20 -
BinaryBERT [5] DyB UQ High 96.9% -1.00 -0.20 -2.50 -1.23 -
I-BERT [61] Rl UQ High 75.0% -0.30 -0.20 - -0.25 4.00×
SensiMix [108] Bb UQ High 87.5% - -1.20 - -1.20 4.82×
BiT [92] Bb UQ High 96.9% -5.40 -6.00 -14.80 -8.73 -
PreQuant [36] Rl UQ High 87.5% -0.80 -1.10 - -0.95 -
K-means Quant. [168] Bb NUQ High 90.6% -0.60 -0.40 - -0.50 -
MREM [4] Bl UQ Low 93.8% -3.10 - -3.70 -3.40 -
Outlier Suppression [140] Bb UQ Low 81.3% -6.40 -6.25 -3.80 -5.48 -
GOBO [160] Bl NUQ Low 89.8% -0.69 - -0.91 -0.80 -
Mr.BiQ [52] Bb NUQ Low 93.6% -0.86 - -1.53 -1.20 -
PowerQuant [159] Bb NUQ Low 87.5% -1.52 -0.16 - -0.84 -
¨: Bb/l (BERT-base/large), Rb/l (RoBERTa-base/large), DyB (DynaBERT)
§: UQ (Uniform quantization), NUQ (Non-uniform quantization)
:: (Compressed model’s accuracy/F1 score) - (uncompressed model’s accuracy/F1 score)

retraining process of an entire model. Those high-cost algorithms, however, enable the resulting
model to recover from the accuracy degradation caused by the low-precision representation.
Quantization-aware training (QAT) is one of the representative quantization schemes that involve
high-cost computation overhead to quantize models. The prior quantization schemes for encoder-
only Transformers including BERT [27] are mostly based on QAT since the models have a relatively
few parameters. BERT quantization algorithms have focused on extreme quantization (under 4-bit),
assisted by full fine-tuning of the entire model on training data [5, 36, 56, 92, 108, 109, 121, 127, 166].
However, it is challenging to fully retrain the parameters of decoder-only Transformer, a mainstream
architecture of LLMs. Note that recently proposed LLMs [9, 118, 165] consist of hundreds of billions
of parameters, as explained in Section 2. This is why the low-cost quantization scheme including
post-training quantization (PTQ) is the most frequently utilized for LLM compression. PTQ has
drawbacks of severe accuracy degradation, but algorithms including [24, 32, 62, 149] succeed
in preserving the performance under low-cost quantization scheme. We explain more details of
quantization strategies related to their cost in Section 4.3.

Tables 4 and 5 summarize quantization methodologies for encoder-only and decoder-only Trans-
formers, respectively. We categorize the algorithms based on the uniformity of quantization step
size and the training cost, which we will describe in the following sections.

4.2 Quantization Steps and Levels
4.2.1 Uniformity. Quantization techniques are categorized into uniform quantization and non-

uniform quantization according to the uniformity of quantization step sizes. Uniform quantization
generally maps a real-valued input to the nearest integer, which results in the output values to be
uniformly spaced. Non-uniform quantization, in contrast, leverages mapping functions that map
input values to non-uniform space. While uniform quantization is easy to be implemented, the
reconstruction error of quantized model is minimized under non-uniform quantization scheme.
Specifically, UniQuan𝐹 [104] takes advantage of both schemes by combining the optimizability
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Table 5. Comparison of Quantization Algorithms for Decoder-Only Transformers on WikiText2 Dataset

Method PLM Uniform Cost Comp.
Rate

Perplexity SpeedupPLM Comp.@

ZeroQuant [152]© BLOOM-176B UQ Low 81.3% 8.11 8.35 -
FineQuant [65] OPT-175B UQ Low 87.5% 9.08 9.84 0.84×
SmoothQuant [149] LLaMA-65B UQ Low 75.0% 6.17 6.20 1.36×
OPTQ [32]♮ OPT-175B UQ Low 81.3% 8.34 8.68 3.20×
RPTQ [156] OPT-175B UQ Low 81.3% 8.34 10.03 -
PEQA [58] LLaMA-65B UQ Low 81.3% 3.53 4.27 -
LLM-QAT [93] LLaMA-30B UQ Low 87.5% 7.00 7.70 -
INT2.1 [11] LLaMA-7B UQ Low 93.8% 5.08 8.74 -
PTQ1.61 [167] LLaMA-13B UQ Low 95.0% 5.09 9.67 -
AWQ [86] LLaMA2-70B UQ Low 81.3% 3.32 3.74 3.90×
OWQ [77] OPT-66B UQ Low 80.6% 9.34 9.31 -
SpQR [26] LLaMA-65B UQ Low 75.6% 3.53 3.68 1.29×
SqueezeLLM [62] LLaMA-13B NUQ Low 78.0% 5.09 5.60 2.40×
QLoRA [25] LLaMA2-13B NUQ Low 87.5% 4.88 5.22† -
UniQuan𝐹 [104] LLaMA3-70B NUQ Low 90.6% 3.19 2.86 -

©: reported results in ZeroQuant-V2 [153], †: reported results in LoftQ [82]
♮: identical to GPTQ [31], @: a compressed model

Lower Perplexities Represent Better Results.

of uniform quantization with the expressiveness of non-uniform quantization. We provide more
detailed explanation about uniform and non-uniform quantization in the following.

Uniform quantization. The uniform quantizer 𝑄𝑈(⋅) is defined as Equation (13), where ⌊⋅⌋ is a
floor function, 𝑠 is a scaling factor, and 𝑧 is an integer offset. Given an input matrix 𝑊, we suppose
𝑏-bit quantization using the range of clipped inputs as [𝛼, 𝛽] to calculate 𝑠 and 𝑧.

𝑄𝑈(𝑊) = ⌊
𝑊
𝑠
+
1
2⌋

+ 𝑧, where 𝑠 =
𝛽 − 𝛼
2𝑏 − 1

and 𝑧 = ⌊−
𝛽 ⋅ 2𝑏−1 + 𝛼 (2𝑏−1 − 1)

𝛽 − 𝛼
+
1
2⌋

. (13)

(a) Affine Quantization (b) Scale Quantization

FP32

INT8

Fig. 7. Comparison of 8-bit affine and scale quantization.

The clipping range [𝛼, 𝛽] determines
the scaling factor and the offset. Choos-
ing 𝛼 and 𝛽, also referred to as cali-
bration, needs to be done adequately
for decent representation of original
real-valued inputs. The straightforward
calibration uses an input matrix’s min-
imum and maximum values. However,
this approach is vulnerable to the input
data with outliers resulting in a poor representation of the original inputs. One method to tackle the
problem is using percentiles of inputs or finding the range that minimizes KL divergence between
real-valued inputs and quantized outputs [143].

Uniform quantization methods are sub-categorized into affine quantization and scale quantization
based on the symmetry of clipping range. Figure 7 shows a brief comparison of those two different
quantization schemes based on the calibration symmetry.The absolute values of 𝛼 and 𝛽 are different
from each other in affine quantization; the integer offset 𝑧 is consequently non-zero, as illustrated
in Figure 7 (a). While affine quantization benefits from precise representation of original values,
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non-zero 𝑧 results in the computational overhead. Scale quantization bypasses this problem by
using symmetric clipping range. Note that the range of quantized values accordingly needs to be
symmetric (i.e., [−2𝑏−1 + 1, 2𝑏−1 − 1]). We redefine the quantizer for scale quantization as follows:

𝑄𝑈(𝑊) = ⌊
𝑊
𝑠
+
1
2⌋

, where 𝑠 =
𝛽

2𝑏−1
.

Affine quantization is recommended when the target real-valued inputs have a skewed distribution,
while scale quantization is preferred if reducing the computational cost is the most important factor.

Non-uniform quantization. While most PLM compression schemes rely on uniform quantization,
non-uniform quantization [52, 62, 71, 158–160, 168] also has been spotlighted due to its improved
representation of the original parameters over uniform quantization [91]. Uniformly quantizing
language models leads to significant accuracy degradation since most of the parameters do not
follow uniform distribution. Assigning different sizes of quantization steps to each interval enables
the quantized model to adequately represent the original parameters. We categorize non-uniform
quantization schemes into low-bit floating point, log-scaled, binary-coded, and codebook-based ones.
Methods including [69, 99, 145] utilize low-bit floating points to represent outputs, as illustrated
in Figure 8 (b). They leverage the quantizer 𝑄𝐹(⋅) that maps the original value to its nearest low-
precision floating point value. Log-scaled non-uniform quantization algorithms map input values
to logarithmic-distributed space [54, 158, 159]. The quantizer 𝑄𝐿(⋅) of log-scaled quantization
algorithms is defined as Equation (14), where 𝑄𝑈(⋅) is the uniform quantizer, |𝑊| denotes the matrix
consisting of the absolute values of 𝑊, and the logarithmic base is 2.

𝑄𝐿(𝑊) = 𝑄𝑈(log2 |𝑊|). (14)

Note that 𝑊 ≈ Sign(𝑊)2𝑠⋅𝑄𝐿(𝑊) where 𝑠 is a scaling factor. Following the process described above,
the original weight matrix in the leftmost part of Figure 8 is quantized as Figure 8 (c). Approaches
leveraging binary-coding [52, 71] decompose the original parameters into full-precision scaling
factors and binary matrices. As illustrated in Figure 8 (d), all elements of a single matrix share 𝑏
scaling factors under 𝑏-bit binary-coded quantization, where 𝑏 is 2 in the example. Binary-coded
quantization algorithms focus on finding the appropriate scaling factor 𝑠𝑖 and its corresponding
binary matrix 𝑄𝐵(𝑊)𝑖 such that𝑊 ≈ ∑𝑏

𝑖=1 𝑠𝑖 ⋅ 𝑄𝐵(𝑊)𝑖. For example, the element at the first row and
column of the quantized matrix in Figure 8 (d) is calculated as follows:

[𝑄𝐵(𝑊)1]11 ⋅ 𝑠1 + [𝑄𝐵(𝑊)2]11 ⋅ 𝑠2 = 6.375 + 6.325 = 12.7 = 𝑊11.

The other technique, named codebook-based quantization [62, 124, 160, 168], utilizes look-up tables
and indices. These methodologies are based on 𝑘-means clustering; the key point is to find 2𝑏
centroids for 𝑏-bit quantization. The quantizer 𝑄𝐶(⋅) of codebook-based quantization maps the
original inputs to indices pointing to their corresponding centroids. Therefore, the original matrix
is decomposed into the codebook consisting of full-precision centroids and the matrix with low-bit
indices, as in Figure 8 (e).

4.2.2 Precision and Type. Precision of the resulting outputs is one of the most important features
of quantizer, as well as datatype of outputs. Output precision determines the compression rate;
for example, the compressed model is 4× smaller than the original one if the model with 32-
bit floating points is quantized using an 8-bit quantization algorithm. It is common to quantize
FP32 models with INT8 precision, while recently proposed algorithms focus more on extreme
quantization. Extreme quantization refers to techniques that reduce the bit precision under 4-
bit [4, 11, 12, 36, 86, 93, 129, 140, 144, 156, 166]. However, quantizing the model with extremely low-
bit precision representation is vulnerable to accuracy degradation. One way to tackle the problem is
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Fig. 8. An example of different quantization schemes under (a) naive round-to-nearest (RTN) uniform quantiza-
tion, (b) non-uniform quantization using low-bit floating point, (c) non-uniform quantization using log-scaled
values, (d) binary-coded non-uniform quantization, and (e) codebook-based non-uniform quantization.

using mixed-precision quantization algorithms. In Transformer-encoder model quantization, [108]
leverages different bit-precision based on the sensitivity analysis. Similar approaches [26, 77, 167]
are applied to Transformer-decoder models. In particular, PTQ1.61 [167] achieves an effective
1.61 bits per weight by combining 1-bit and 4-bit quantization.

Meanwhile, output datatype is related to the computation latency of the resulting model. Com-
puting hardwares, such as CPUs or GPUs, generally support acceleration of integer arithmetic.
Dequantization is the main reason why the quantized model is unable to be supported by integer
arithmetic acceleration. Dequantizing the discrete values is the exact opposite of quantization; that
is, dequantization projects quantized outputs back to continuous real values.

Approaches including [61, 161] devise novel LM quantization schemes that do not entail a
dequantization process, so that the resulting model can perform faster inference. Some algorithms
utilize different types of outputs; [58] adapts BFloat16 to store embedding and activation map,
and [25] proposes a novel data type NormalFloat4 to store weights that have a normal distribution.

4.3 Quantization Strategies: High-Cost vs. Low-Cost
Quantization cost is decided based on whether the algorithms entail full retraining or fine-tuning
of the entire model after quantization. High-cost methods require full training of quantized models
to recover from the accuracy degradation. In contrast, low-cost methods require less or no training;
thus, it is cheaper and faster to utilize low-cost algorithms than high-cost ones. However, the
severe accuracy degradation is the most critical drawback of low-cost algorithms. We provide more
detailed explanation of two main quantization strategies based on the training cost in the following.

(a) High-cost quantization (b) Low-cost quantization

Retrain / Fine-tune
(~40 hours)

Quantized Model

Pretrained
Model

Quantize

Training
Data

(~400K)

Quantize

Quantized Model

Calibration
(~10 minutes)

Calibration
Data (~2K)Pretrained

Model

Fig. 9. Comparison of high-cost and low-
cost quantization.

4.3.1 High-Cost. Original full precision models pass
through the entire retraining process under high-cost quan-
tization schemes. A general approach of language model
compression, called quantization-aware training (QAT), (1)
applies quantization to pretrained Transformer-based mod-
els, and (2) retrain or fine-tune the model to recover from the
performance deterioration after quantization. However, it is
impossible to compute the gradients during back propaga-
tion due to the existence of non-differentiable step functions.
One of the most common methods to tackle this problem is
utilizing straight-through estimator (STE), as described
in Section 2. Although the functions for forward and back-
ward pass are different from each other under STE, the algorithms still work well in practice. Since
high-cost algorithms require the training or fine-tuning dataset as illustrated in Figure 9 (a), it is
difficult to be applied when those data are inaccessible.
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High-cost quantization algorithms for BERT compression [61, 108, 124, 161] retrain the quantized
models utilizing task-specific fine-tuning data. Since BERT has plenty of redundancies [22] and a
relatively small number of parameters, most of BERT quantization algorithms reduce the bit-length
under 2-bit [5, 92, 121, 166], and retrain the quantized models to compensate for the quantization
errors. However, retraining LLMs is highly time- and memory-consuming due to their prohibitive
number of parameters. Unlike high-cost quantization algorithms, low-cost quantization algorithms
reduce quantization cost by quantizing parameters without running full retraining processes. We
explain the details of those low-cost quantization algorithms in the following section.

4.3.2 Low-Cost. Low-cost quantization algorithms do not require time- and memory-intensive
model retraining or fine-tuning. Low-cost quantization is adequate to quantize models with a
gigantic number of parameters; it consequently has become the mainstream approach to quantize
LLMs, as shown in Table 5. Low-cost quantization algorithms mostly follow post-training quanti-
zation (PTQ), a training-free quantization scheme. PTQ quantizes pretrained Transformer-based
models without retraining or fine-tuning the model after quantization. As illustrated in Figure 9 (b),
low-cost algorithms directly quantize the pretrained model; a tiny subset of the training data is
needed only for calibration. Low-cost quantization algorithms are sub-categorized into dynamic
quantization and static quantization.

Dynamic quantization [24, 152, 159] determines the clipping range of activations to calculate
scaling factors and integer offsets during inference. Dynamic quantization algorithms generally
show better performance than static algorithms since they utilize actual input data to compute
scaling factors and integer offsets. However, dynamic quantization algorithms result in slower
inference speed of the resulting model, due to the extra computational overhead during inference.
Static quantization [149, 156], on the other hand, precomputes scaling factors and integer offsets
of activations before inference. Static quantization algorithms require a small subset of training
data; those partial data called calibration data decide the clipping range of activation. Although
static methods for activation quantization are lightweight, they are not applied for most of LLM
compression due to severe performance degradation. The degradation in performance results
from various range of actual input data, caused by diverse lengths of sequence and embedding
values.

Activation quantization aims to minimize the computational overhead of model inference; how-
ever, memory overhead dominates the entire inference time of LLMs, rather than the computational
overhead [62]. In consequence, recent LLM quantization algorithms mainly focus on minimizing
memory overhead of LLMs. Weight-only quantization, which is regarded as a static algorithm,
is one representative approach to effectively reduce the memory usage of LLMs. Weight-only
quantization algorithms [12, 26, 32, 62, 77, 86, 160] quantize only the weights of given models while
keeping activations as full-precision values. It is obvious that weight-only quantization algorithms
involve dequantization processes during the inference; the quantized models cannot be supported by
integer arithmetic acceleration. Nevertheless, weight-only quantization optimizes inference speed
by minimizing the latency associated with loading models into memory. Weight-only quantization
algorithms normally do not require the calibration data; however, some of them [32, 86] need a
small number of calibration data to quantize weights.

Meanwhile, recently proposed lightweight QAT algorithms minimize the cost of training, based
on the fact that it is sufficient to fine-tune only the fraction of parameters for preserving the
accuracy [11]. Lightweight QAT updates only some portion of parameters while keeping the others
fixed. Scaling factors [58], parameters with high sensitivity [93], low-rank weight matrices [11, 25],
and outliers [36] are the targets of lightweight QAT.
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Fig. 10. Illustrations of quantizing FP16 weights 𝑊 and token embeddings {𝑥𝑖}𝑠𝑖=1 into INT4 values with
OPTQ [32] and its variants [77, 156], where 𝑠 is the sequence length. OWQ and RPTQ preserve the accuracy
by carefully managing outliers represented as the dashed elements in {𝑥𝑖}𝑠𝑖=1; dashed elements in 𝑊 represent
outlier-related weights. The superscript 𝑅 denotes that a matrix or vector is reordered. 𝑄𝑂(⋅) and 𝑄𝑈(⋅) are the
quantizers of OPTQ and round-to-nearest (RTN), respectively.

4.4 Representative Algorithm: OPTQ
OPTQ [32] resolves the accuracy degradation caused by naive RTN, and quantizes large-scale
LLMs [118, 165] to under 3 bits with negligible performance degradation. We select OPTQ as the
representative quantization algorithm, as it is the first one to successfully quantize LLMs to below 4
bits without significant performance degradation. Since then, subsequent works [6, 12, 77, 80, 156]
have built upon OPTQ to further improve performance. As the basic mechanism of OPTQ is identical
to that of SparseGPT [30] explained in Section 3.4, we focus more on how OPTQ is improved over
time.

The major difference between SparseGPT and OPTQ lies in the resulting values; a target weight
𝑊𝑟 ,𝑚 becomes the corresponding quantized value in OPTQ. The authors find the optimal weight
update 𝛿𝑤(𝑟 ,𝑚) to compensate for the error 𝜖(𝑟 ,𝑚) induced by quantizing the 𝑚th weight 𝑊𝑟 ,𝑚 in the
𝑟th row as in Equation (15); the updated 𝑟th row 𝑊̂𝑟 ,∶ is equal to 𝑊𝑟 ,∶ + 𝛿𝑤𝑇(𝑟 ,𝑚).

𝛿𝑤(𝑟 ,𝑚) = −
𝑊𝑟 ,𝑚 − 𝑄𝑈(𝑊𝑟 ,𝑚)

[𝐻−1
(𝑟)]𝑚𝑚

[𝐻−1
(𝑟)]∶,𝑚

𝑎𝑛𝑑

𝜖(𝑟 ,𝑚) =
1
2
(𝑄𝑈(𝑊𝑟 ,𝑚) − 𝑊𝑟 ,𝑚)

2

[𝐻−1
(𝑟)]𝑚𝑚

𝑤ℎ𝑒𝑟𝑒 𝐻(𝑟) = 2𝑋(𝑟)𝑋
𝑇
(𝑟).

(15)

Similar to SparseGPT, OPTQ performs column-wise quantization to minimize the computations of
𝐻−1
(𝑟) . Since quantization does not require mask searching, OPTQ directly quantizes the columns

followed by error compensation in a column-wise manner. We briefly depict the quantization
process of OPTQ in Figure 10 (a). Note that all the algorithms improving OPTQ quantize weight
matrices following this process.

Among various improvements over OPTQ, we introduce two algorithms: OWQ [77] and
RPTQ [156]. Recent studies for LLM quantization [24, 26, 86] have shown that preserving activation
outliers, which are significantly larger activation values than others, enhances the performance
of the quantized models; quantizing activation outliers is the main cause of the accuracy degra-
dation in the quantized LLMs. Based on OPTQ algorithm, both OWQ [77] and RPTQ [156] take
the outliers into account, effectively reducing the accuracy degradation. OWQ is a weight-only
quantization algorithm that enhances the performance by keeping the weights associated with the
activation outliers in full precision, as depicted in Figure 10 (b). OWQ defines the sensitivity of each
weight based on the activations; after finding the sensitive weights, OWQ quantizes the remaining
insensitive weights with OPTQ algorithm. Unlike OPTQ which focuses on quantizing only the
weights of a given model, RPTQ applies activation quantization on top of OPTQ, as illustrated in
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Figure 10 (c). Note that RPTQ quantizes weight matrices with OPTQ algorithm, while utilizing RTN
for quantizing activations. RPTQ leverages multiple scaling factors and integer offsets in order to
represent both outliers and non-outliers more accurately. RPTQ groups the rows of activation matrix
𝑋 = [𝑥1; 𝑥2; ⋯ ; 𝑥𝑠] ∈ ℝ𝑑×𝑠 with similar value ranges, and individually quantizes each group with
its optimal scaling factor and integer offset. To leverage hardware-efficient block-wise quantization,
RPTQ reorders the activation matrices so that the consecutive rows within a block share the same
scaling factor and integer offset; the weight matrices are reorganized accordingly.

The critical limitation of OPTQ and its variants is that they do not reflect the dependency between
sublayers when they update weights. Furthermore, RPTQ suffers from an accuracy degradation
problem when they quantize activation below 8 bits and OWQ suffers from slow inference speed
because of the mixed precision weights. We need to address those issues to expand the practical
usage of quantized language models.

5 Other Algorithms
In this section, we cover other compression methods for LLMs, including KD, LRA, and dynamic
inference. We introduce a representative algorithm, LoRA [50], which fine-tunes a model by
updating additional parameters in low-rank adaptors, rather than updating the original parameters.
A brief description of each technique is as follows:

—Knowledge distillation is a technique that transfers useful knowledge from a pretrained
teacher model to a small student model, making the student model mimic the teacher model’s
behavior.

— Low-rank approximation is a technique that reduces the size of a model by decomposing
a high-dimensional weight matrix or tensor into lower-dimensional ones.

—Dynamic Inference is a technique that enhances the inference efficiency of a language
model by dynamically computing only a subset of LLMs, depending on the input.

The rest of the section is organized as follows. We describe KD, LRA, and dynamic inference
in Sections 5.1, 5.2, and 5.3, respectively. Finally, we provide detailed explanations of LoRA as a
representative algorithm in Section 5.4.

5.1 Knowledge Distillation
KD is a technique that transfers useful knowledge from a large teacher model 𝒯 to a small student
model 𝒮 to improve the accuracy of 𝒮. This process encourages the student model to generate
outputs that are similar to those of the teacher model to obtain the teacher model’s generalized
knowledge. KD matches the outputs of classifiers, embedding layers, and sublayers in 𝒯 and 𝒮 to
distill diverse types of knowledge within different distillation sources. We explain diverse types of
distillation sources used for KD in Section 5.1.1.

When we apply KD for language models, we need to consider how to match sublayers in 𝒯 and
𝒮 since they have different numbers of sublayers. We categorize the sublayer matching strategies
into three groups: 1:1, many:1, and many:many strategies. We explain more details about each of
the sublayer matching strategies in Section 5.1.2.

We summarize the performance of diverse KD algorithms for encoder-only Transformers in
Table 6. We denote the distillation sources and the sublayer-matching strategies in columns 2 and
3, respectively. We report the amounts of accuracy/F1 score degradation and acceleration after
compression on MNLI, QQP, and SQuAD1.1 benchmarks in columns 5 to 8, where their compression
rate and speedup are reported in columns 4 and 9, respectively. We focus on KD algorithms for
encoder-only Transformers, as there is a lack of studies regarding KD algorithms for decoder-only
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Table 6. Comparison of the Performance of Knowledge Distillation (KD) Algorithms for Encoder-Only
Transformers on MNLI, QQP, and SQuAD1.1 (SQD) Benchmarks

Method Distillation
Source§

Layer
Matching

Comp.
Rate

Accuracy/F1 Diff.: (%p) SpeedupMNLI QQP SQD∗ Avg.
DistilBERT [115] L None 50.00% -4.50 -1.10 -2.70 -2.77 -
MiniLM [138] L, A 1:1 50.00% -0.50 -0.30 -0.40† -0.40 -
MiniLMv2 [137] L, A 1:1 50.00% -0.30 0.20 -0.50† -0.20 2.00×
TinyBERT [55]‡ L, H, A, T 1:1 50.00% 0.70 0.50 - 0.60 2.00×
TinyBERT [55]‡ L, H, A, T 1:1 66.70% -1.40 0.20 - -0.60 9.40×
PKD [126] L, H 1:1 50.00% -2.20 -0.10 - -1.15 -
Aguilar et al. [2] L, H, A 1:1 50.00% - -0.07 - -0.07 -
CKD [146]© L, H many:1 50.00% -1.48 -0.32 - -0.90 -
ALP-KD [107] L, H many:1 50.00% -1.53 -0.23 - -0.88 -
BERT-EMD [79] L, H, A, T many:many 50.00% 0.30 0.40 - 0.35 1.90×
RAIL-KD [41] L, H many:many 50.00% -1.20 0.40 - -0.40 -
§: L (logits), H (hidden states), A (attention maps), T (token embeddings)
:: (Compressed model’s accuracy/F1 score) - (uncompressed model’s accuracy/F1 score)
* SQuAD1.1, †: experimental results of RoBERTa-base on SQuAD2.0
‡: utilizes additional training data, ©: reported results in ALP-KD [107]
We Summarize the Experimental Results of KD Algorithms Distilling Knowledge from a Pretrained BERT-Base to a
Compressed one with Fewer Sublayers; a 50% Compression Rate Means the Student Model Contains the Half of the
Number of Sublayers of the Teacher Model (BERT-Base).

Transformers, especially for LLMs; most KD algorithms are high-cost algorithms requiring prohibi-
tively expensive costs to be applied to LLMs with more than 100 billion parameters [66, 89].

5.1.1 Distillation Source. A distillation source is a set of information in 𝒯 and 𝒮 that is used
for distilling knowledge. KD uses logits (L), hidden states (H), attention maps (A), and token
embeddings (T) as distillation sources. Logits contain task-specific knowledge which directly affects
the performance of language models, and all KD algorithms [2, 38, 41, 55, 107, 115, 126, 137] in
Table 6 include logits in their list of distillation sources. KD distills inherent knowledge in logits by
reducing the KL divergence between logits 𝑧𝒯 and 𝑧𝒮 as in Equation (16). Superscripts 𝒯 and 𝒮
represent that the item is related to the teacher and student models, respectively. DKL(⋅) is a KL
divergence function and 𝑠𝑡(⋅) is a softmax function with temperature 𝑡. A softmax function with a
higher temperature produces a softer probability distribution than that with a lower temperature.

ℒpred = D𝐾𝐿(𝑠𝑡(𝑧𝒯)||𝑠𝑡(𝑧𝒮)). (16)

KD matches sublayer representations of 𝒯 and 𝒮 to distill generalized knowledge. This matching is
vital since it gradually aligns the outputs of 𝒯 and 𝒮 from the lowest sublayer, finally aiding in the
synchronization of their predictions. There are two distillation sources in Transformer sublayers:
hidden states and attention maps. PKD [126] distills the knowledge of hidden states by reducing
the gap between hidden states 𝐻𝒮

𝑛 and 𝐻𝒯
𝑚 as in Equation (17). 𝑛 and 𝑚 are indices of matched

sublayers in 𝒮 and 𝒯, respectively. We explain how we match those sublayers in Section 5.1.2. PKD
introduces a weight 𝑊ℎ to match the dimensions of 𝐻𝑛𝒮 and 𝐻𝑚𝒯 .

ℒhid = MSE(𝐻𝒯
𝑚 , 𝑊ℎ𝐻𝒮

𝑛 ) (17)

A self-attention mechanism is the core of Transformer-based language models and an attention
map contains abundant knowledge of how to capture contextual information. The attention map 𝑃𝑖
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of the 𝑖th attention head is computed as 𝑆(𝐾𝑇
𝑖 𝑄𝑖/𝑑ℎ) in Equation (1). The 𝑗th column (𝑃𝑖)∶,𝑗 indicates

how the 𝑗th token is affected by each token. Aguilar et al. [2] reduces the gap between attention
maps of 𝒯 and 𝒮 to transfer the knowledge within the attention map as in Equation (18). In this
equation, 𝑚 and 𝑛 represent the indices of the sublayers of 𝒯 and 𝒮, respectively.

ℒatt =
𝐻
∑
𝑖=1

𝑠
∑
𝑗=1

D𝐾𝐿 ((𝑃
𝒯
𝑚,𝑖)∶,𝑗||(𝑃

𝒮
𝑛,𝑖)∶,𝑗) . (18)

TinyBERT [55] distills the knowledge in token embeddings by reducing the gap between embedding
matrices 𝐸𝒮 and 𝐸𝒯. TinyBERT introduces a weight 𝑊𝑒 to match the dimensions of 𝐸𝒮 and 𝐸𝒯.

ℒemb = MSE(𝐸𝒯, 𝑊𝑒𝐸𝒮). (19)

5.1.2 Layer Matching. Layer matching strategies represent how to match sublayers of 𝒯 and 𝒮
to distill knowledge even though they have different numbers of sublayers. We categorize sublayer
matching strategies into 1:1, many:1, and many:many based on the number of sublayers used for
knowledge distillation.

1:1 sublayer matching strategy distills the knowledge from individual sublayers of 𝒯 to a corre-
sponding sublayer in 𝒮. Skip and Last mapping strategies are widely used to match the sublayers
of 𝒯 and 𝒮 [2, 33, 53, 55, 59, 83, 126, 142]. The skip mapping strategy presumes that the useful
knowledge of 𝒯 is widely spread across its sublayers; thus, it matches each sublayer of 𝒮 with
a sublayer of 𝒯 at uniform intervals. In contrast, the Last mapping strategy presumes that the
essential knowledge of 𝒯 is concentrated in the latter parts of 𝒯, and accordingly they sequentially
match the uppermost sublayers of 𝒯 to those of 𝒮. However, 1:1 sublayer matching strategies have
the drawback that they lose knowledge within the unselected sublayers in 𝒯 since the number of
sublayers of 𝒯 is larger than that of 𝒮 in most cases.

Many:1 sublayer matching strategy allows a sublayer of 𝒮 to receive knowledge from multiple
sublayers of 𝒯. CKD [146] groups the sublayers of 𝒯 into multiple buckets and distills the knowledge
within a bucket to a corresponding sublayer in 𝒮. CKD resolves the knowledge loss problem of
1:1 matching strategies by letting all sublayers of 𝒯 participate in KD. However, they employ
inaccurate heuristics for defining buckets and matching them to sublayers in 𝒮 [107]. ALP-KD [107]
and Universal-KD [147] employ an attention mechanism to learn the amount of knowledge that
each sublayer in 𝒮 receives from each sublayer in 𝒯. They do not suffer from inaccurate heuristic
mappings of sublayers in 𝒮 and 𝒯 since they automatically learn an accurate mapping using the
attention mechanism. However, they require a long training time since they distill knowledge
between all pairs of sublayers in 𝒮 and 𝒯.

Many:many sublayer matching strategy distills the knowledge from multiple sublayers of 𝒯
to those of 𝒮. In many:many matching strategy, it is important to determine the matching pat-
tern between sublayers of 𝒯 and those of 𝒮 since the matching pattern effectively enhances the
performance of 𝒮. BERT-EMD [79] finds a matching pattern between sublayers of 𝒯 and 𝒮 by
employing earth mover’s distance (EMD). Although the resulting model of BERT-EMD shows
improved performance, BERT-EMD is time-intensive due to the computational overhead of search-
ing the pattern. RAIL-KD [41] adopts a lightweight approach compared with BERT-EMD; it (1)
randomly selects sublayers of 𝒯 at each epoch, and (2) matches the selected sublayers with those
of 𝒮. RAIL-KD sets the number of the selected sublayers of 𝒯 the same as that of 𝒮. RAIL-KD
shows that the randomized selection enables all sublayers of 𝒯 to provide their knowledge to
those of 𝒮, minimizing the computational overhead of finding the optimal pattern for sublayer
matching.
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Table 7. Comparison of Low-Rank Approximation (LRA) for Encoder-Only Transformers.

Method Target§ PLM¨ Cost Comp.
Rate

Accuracy/F1 Diff.: (%p)
MNLI QQP SQD∗ Avg.

Noach et al. [101] P Bb High 40.73% -1.70 0.90 - -0.40
SVD [49] P Bb High 50.00% -1.90 -0.50 - -1.20
FWSVD [49] P Bb High 50.00% -1.70 -0.20 - -0.95
Wang et al. [135] P Bb High 85.70% 0.00 0.50 - 0.25
Wang et al. [135] P Bb High 97.91% -3.80 -0.40 - -2.10
LoRA [50] A Rb Low 0.24%¶ -0.10 -0.90 - -0.50
AdaLoRA [164] A Db Low 0.17%¶ 0.76 -0.64 0.90 0.34
§: P (original parameter), A (adaptor), ¶: (the size of adapter) / (the size of model)
¨: Bb (BERT-base), Rb (RoBERTa-base), Db (DeBERTaV3-base), *: SQuAD1.1
:: (Compressed model’s accuracy/F1 score) - (uncompressed model’s accuracy/F1 score)
We Compare the Performance of PLMs on MNLI, QQP, and SQuAD1.1 After Being Compressed with Each LRA
Algorithm.

5.2 Low-Rank Approximation
LRA is a technique that decomposes a high-dimensional matrix or tensor into a multiplication
of lower-dimensional matrices or tensors that approximates the original one. LRA is effective for
language models as their parameters typically exhibit low-rank characteristics [15, 21, 135, 136];
the parameters are located in the lower-dimensional subspace. We summarize the performance of
LRA algorithms for encoder-only Transformers in Table 7 and divide them into two groups based
on their target matrices for matrix (tensor) decomposition.

The first group of algorithms directly decomposes original parameters (P) in language models to
reduce the memory and computational cost of language models [49, 101, 135]. These approaches
are inherently high-cost algorithms, as they require an expensive optimization process on the
decomposed matrices (tensors) to reduce the gap between the outputs of models before and after
compression. Noach et al. [101] applies singular value decomposition (SVD) for each parameter
matrix, and FWSVD [49] proposes to select singular vectors in SVD considering Fisher information
which is directly related to the cross-entropy loss. Wang et al. [135] achieves a remarkable compres-
sion rate over 97.91% without significant accuracy degradation by exploiting tensor decomposition.
They generate a three-dimensional tensor by (1) concatenating all parameter matrices in each
sublayer, and (2) vertically stacking the concatenated matrices. SharVeT [157] extends this direction
to LLMs by sharing SVD-based low-rank bases across similarity-grouped modules and refining
sharing-induced discrepancies with lightweight vector-based tuning.

The second group of algorithms, called parameter-efficient fine-tuning (PEFT) [50, 132,
164], applies LRA to adaptors (A) to reduce the memory footprint of fine-tuning processes. PEFT
algorithms enable low-cost training by fixing the original parameters in the language model and
updating only low-rank adaptors using gradient descent. They merge low-rank adaptors into the
original parameters after fine-tuning, thus the size of a language model does not change. The value
of PEFT algorithms lies in the significant reduction of the memory footprint during fine-tuning
processes because of the reduced amount of gradients to save, and thus, they are useful for fine-
tuning billion-scale LLMs on limited computational resources. LoRA [50] is the first algorithm that
introduces low-rank adaptors for fine-tuning language models. However, finding the proper rank
of each adaptor reflecting its importance is challenging. AdaLoRA [164] proposes an algorithm
to find the proper rank for each adaptor by formulating the rank selection problem as a pruning
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problem: measuring the importance of each rank-one component and gradually pruning the least
important ones. PEFT algorithms contribute to improving the accuracy of pruning [96, 163] and
quantization [25, 82] for LLMs, which require memory-efficient fine-tuning processes to increase
accuracy. We explain more about PEFT algorithms with LoRA in Section 5.3.

5.3 Dynamic Inference
Dynamic inference is a model compression technique that enhances inference efficiency by selec-
tively activating only a small part of a model according to the given input. For example,Mixture-of-
Depth (MoD) dynamically skips certain layers during inference when they are deemed unnecessary
for processing the input. We categorize these algorithms into high-cost [85, 100, 113, 119, 122, 123]
and low-cost [88, 94], depending on their cost for compression. High-cost algorithms typically
require updating all the parameters in LLMs, resulting in substantial training costs. These costs
arise from the need to recover performance losses caused by architectural modifications such
as skipping layers or pruning activations. In contrast, low-cost algorithms either train only
lightweight auxiliary modules (e.g., routers) or require no additional training at all, making
them significantly more practical than high-cost ones for large-scale models. Another criterion
for categorizing dynamic inference algorithms is the dimension they control, either width or
depth.

We categorize high-cost algorithms into two groups based on their target dimension: width [100,
122, 123] and depth [85, 113, 119]. Width-adaptive methods improve the inference efficiency of
language models by promoting activation sparsity within each layer in the models. ReLUfica-
tion [100] replaces smooth activation functions, such as GeLU [45], with ReLU to promote activa-
tion sparsity and fine-tunes all the parameters in the model to recover performance degradation.
ProSparse [123] mitigates the performance degradation of ReLUfication by imposing progressive
sparsity regularization during fine-tuning and further introduces hardware-friendly structured
activation sparsity. SparseInfer [122] accelerates Sparse LLMs by leveraging sign-bit-based XOR
gating and custom CUDA kernels, enabling efficient inference without retraining. We categorize
SparseInfer as a high-cost compression algorithm since it requires a sparsified model after an
expensive fine-tuning, and has the ability to control sparsity using the hyperparameter for gating.
Depth-adaptive methods accelerate the inference of language models by adjusting the number
of layers to compute. Early exit approaches [85, 119] reduce unnecessary computation in later
layers by fine-tuning the model to make confident early predictions. Router-based approaches [113]
typically require auxiliary classifiers called routers at each layer to enable exit decisions. Global
Past-Future Early Exit [85] improves the reliability of exit decisions by incorporating both past
and future contexts when estimating token-level confidence. CALM [119] aims to prevent degrada-
tion in overall sequence quality caused by premature exit decisions. To achieve this, it estimates
the global impact of each exit by measuring the change in sequence-level loss when a token
exits early, and calibrates confidence scores accordingly during inference. MoD [113] enables
token-dependent depth by learning routing policies that determine whether each token should be
skipped or executed at each layer, without requiring a sequential execution from lower to higher
layers.

Low-cost algorithms [88, 94] reduce inference cost by increasing activation sparsity without fine-
tuning the entire model. Most low-cost methods focus on width-adaptive approaches, selectively
skipping subsets of neurons or attention heads within each layer, since depth-adaptive approaches
typically demand expensive fine-tuning, causing greater performance degradation compared with
width-adaptive ones. Deja Vu [94] selects neurons and attention heads to activate using an auxiliary
predictor, which requires lightweight training. TEAL [88] selectively computes activations based
on their magnitudes without requiring any additional training.
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5.4 Representative Algorithm: LoRA
Low-rank adaptation (LoRA) [50] is an algorithm that fine-tunes pretrained language models for
downstream tasks by introducing a small number of low-rank adaptors. LoRA keeps the original
parameters in the pretrained language model unchanged and updates only the low-rank adaptors to
increase the efficiency of the adaptation processes. LoRA is an essential algorithm for compressing
LLMs since it significantly reduces the memory footprint during the fine-tuning process by reducing
the number of gradients to memorize. LoRA demonstrates its effectiveness by reducing the memory
footprint from 1.2TB to 350GB for fine-tuning a GPT-3 [9] 175B model [50].

Consider a forward pass ℎ = 𝑊𝑥 that generates a 𝑑𝑜 dimensional output ℎ ∈ ℝ𝑑𝑜 using a fine-
tuned weight matrix 𝑊 ∈ ℝ𝑑𝑜×𝑑𝑖 and a 𝑑𝑖 dimensional input 𝑥 ∈ ℝ𝑑𝑖 . LoRA separates 𝑊 into the
sum of a pretrained weight matrix 𝑊0 ∈ ℝ𝑑𝑜×𝑑𝑖 and an incremental weight matrix Δ𝑊 ∈ ℝ𝑑𝑜×𝑑𝑖 .
After that, LoRA approximates Δ𝑊 with the multiplication of two low-rank matrices 𝐵 ∈ ℝ𝑑𝑜×𝑟 and
𝐴 ∈ ℝ𝑟×𝑑𝑖 where 𝑟 is the rank of the low-rank matrices. The modified forward pass for computing ℎ
is represented in Equation (20).

ℎ = 𝑊𝑥 = 𝑊0𝑥 + Δ𝑊𝑥 ≈ 𝑊0𝑥 + 𝐵𝐴𝑥 (20)

After fine-tuning, 𝐵 and 𝐴 are merged into the original weight matrix 𝑊0 so that the number of
parameters of the language model is not changed. Efficiently finding a proper rank 𝑟 that maximizes
the accuracy of a fine-tuned model is crucial for LoRA, since it requires intractable time to manually
examine the accuracy of fine-tuned models across all possible ranks. DyLoRA [132] fine-tunes
LMs across a range of ranks instead of focusing on a single rank. This method selects the rank
that shows the best performance within the range of ranks. LoRA and DyLoRA overlook the
importance of individual weight matrices, and utilize the same rank for all weight matrices. In
contrast, AdaLoRA [164] tackles this limitation by dynamically assigning ranks based on the
importance of each weight matrix.

The potential of LoRA stems from its compatibility and ease of integration with various com-
pression algorithms, such as pruning [96, 164] and quantization [11, 25], as well as the parameter-
efficient fine-tuning (PEFT) algorithms [13, 48, 81, 97, 162]. These algorithms utilize a fine-tuning
process with LoRA to compensate for errors induced by compression to improve the performance
of the compressed models.

6 Discussion
In previous sections, we summarize recent trends in language model compression algorithms,
including useful background knowledge and in-depth analysis of representative compression
algorithms. In this section, we propose promising research directions discovered through our
survey, especially focusing on how to enhance the performance of low-cost compression algorithms
for LLMs. We summarize the discovered directions as follows.

— Low-cost iterative algorithms. How can we efficiently apply iterative compression algo-
rithms to LLMs to improve the accuracy of compressed models?

—Direct task-objective optimization algorithms. How can we directly reduce the target
objective function rather than proxy objective functions such as sublayer-wise reconstruction
errors in LLMs?

—Application of high-cost algorithms to LLMs using PEFT. How can we leverage PEFT
algorithms to replace expensive retraining processes of accurate high-cost algorithms?

—Unification of diverse compression algorithms. How can we unify diverse compression
algorithms to maximize compression rates?
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— System support for compressed models. How can we build an effective system to support
compressed models?

6.1 Low-Cost Iterative Algorithms
Compression algorithms consist of two stages: (1) modifying the representation of weights to make
them computationally or memory efficient, and (2) compensating for compression errors induced by
the modification. In most language model compression scenarios, there is no access to a large corpus
used for pretraining, but only relatively small task-specific datasets or even smaller calibration
datasets are available. Therefore, language model compression algorithms should preserve useful
features learned from the large corpus since they cannot be reconstructed using a small dataset.

High-cost compression algorithms successfully preserve the useful features since they gradu-
ally transform weights and compensate for compression errors. However, low-cost compression
algorithms tend to transform all weights at once and lose the useful features of the pretrained
models. Though they attempt to recover the useful features of the pretrained models via weight
tuning, they fail to recover the lost features. For example, LLM-pruner [96] fails to restore the
PLM’s performance under a low compression rate of 20% even though it fine-tunes the compressed
model with LoRA [50]. One notable approach is K-prune [105]. K-prune addresses the accuracy
degradation problem of low-cost compression algorithms by employing an iterative compression
process consisting of mild pruning and error compensation; it prunes a small part of a pretrained
model at each iteration and recovers performance through an efficient weight-tuning process, pre-
venting the pretrained model from losing its core features. As a result, K-prune achieves significant
performance improvement compared with other low-cost compression algorithms [72, 102] while
maintaining efficiency. The benefit of iterative compression algorithms is also reported in numerous
works [29, 42, 117] for other types of neural networks, therefore it is a promising approach to design
an accurate and iterative low-cost algorithm to achieve high accuracy without losing efficiency.

6.2 Direct Task-Objective Optimization Algorithms
In high-cost compression scenarios, it is natural to perform gradient descent on task-specific objec-
tive function. However, many low-cost algorithms, especially those designed for LLMs, reduce their
cost for compression by minimizing inexpensive proxy objective functions, such as sublayer-wise
or weight-wise reconstruction errors, using least-squares. Nevertheless, since the goal of com-
pression is to minimize the task-specific objective function, such alternatives lead to suboptimal
performance. Prominent examples are FWSVD [49] and K-prune [105]. Although SVD theoretically
guarantees minimal reconstruction error for matrices, FWSVD shows that incorporating SVD with
gradient information regarding the task-specific objective function yields a significant performance
improvement. In K-prune, the authors show that additionally preserving task-specific objective
knowledge on top of sublayer-wise reconstruction yields significant accuracy improvements. There-
fore, replacing proxy objective functions, such as sublayer-wise reconstruction, with task-specific
ones is a promising direction for algorithms [30, 32, 155, 156].

6.3 Application of High-Cost Algorithms to LLMs Using PEFT
High-cost algorithms typically outperform low-cost ones byminimizing compression errors through
a long fine-tuning process. However, mimicking those fine-tuning processes in low-cost compres-
sion scenarios requires prohibitively expensive fine-tuning processes. PEFT algorithms [50, 164]
contribute to improving the efficiency of the expensive fine-tuning process in LLMs. PEFT algo-
rithms enable more accurate fine-tuning results than local weight reconstruction in current low-cost
compression scenarios since they directly reduce the objective function, such as cross-entropy. We
expect that various useful techniques previously utilized in high-cost compression scenarios such
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as KD and LRA can be applied to low-cost compression scenarios by improving PEFT algorithms to
further reduce the cost of fine-tuning.

6.4 Unification of Diverse Compression Algorithms
In this survey, we cover diverse types of compression algorithms, including pruning, quantization,
KD, LRA, and dynamic inference. It is a promising research direction to unify different types of
compression algorithms to achieve higher compression rates, since they address different kinds of
inefficiencies in language models. For example, we might explicitly remove meaningless weights
using pruning algorithms and retain other weights in low bits using quantization algorithms. Exten-
sive studies [5, 30, 135, 148] have demonstrated that combining different compression algorithms
results in high compression rates by mitigating diverse inefficiencies within the model. Moreover,
Kim et al. [60] highlight that compression order is also important, suggesting that weaker pertur-
bations should precede stronger ones in joint compression pipelines. However, there is a lack of
research that unifies three or more compression algorithms at once, especially for LLMs. Therefore,
designing an algorithm to integrate diverse compression algorithms considering their character-
istics is a promising approach to achieve extremely high compression rates without sacrificing
accuracy.

6.5 System-Level Support for Compressed Models
In this survey, we focus on compression algorithms designed for language models, and compressed
models often require additional system-level support for practical usage. For example, quantized
models require specialized kernels to achieve expected acceleration, and lower-precision models
may be slower than higher-precision models without optimized kernels [120]. SparseInfer [122]
is a notable example that provides powerful system support for accelerating pruned models; it
accelerates a pruned Llama-2 13B model up to 1.65×. However, there is a lack of system-level
support for compressed models generated with unstructured pruning [30, 67, 116], mixed-precision
quantization [151], or other algorithms. Therefore, it is promising to design an effective system to
maximally leverage compressed models.

7 Conclusion
In this article, we perform an extensive survey of language model compression algorithms includ-
ing pruning, quantization, KD, LRA, and dynamic inference algorithms. We cover compression
algorithms for both encoder-only and decoder-only Transformers. We elaborate on the details of
background knowledge and three representative algorithms to promote a better understanding of
readers. Finally, we propose and discuss promising research directions focusing on cost-effective
compression algorithms for LLMs, which are the most important language models.
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