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Abstract    As  various  types  of  data  grow  explosively,  large-
scale  data  storage,  backup,  and  transmission  become
challenging,  which  motivates  many  researchers  to  propose
efficient  universal  compression  algorithms  for  multi-source
data.  In  recent  years,  due  to  the  emergence  of  hardware
acceleration devices such as GPUs, TPUs, DPUs, and FPGAs,
the  performance bottleneck of  neural  networks  (NN) has  been
overcome,  making  NN-based  compression  algorithms
increasingly  practical  and  popular.  However,  the  research
survey for the NN-based universal lossless compressors has not
been  conducted  yet,  and  there  is  also  a  lack  of  unified
evaluation  metrics.  To  address  the  above  problems,  in  this
paper,  we  present  a  holistic  survey  as  well  as  benchmark
evaluations.  Specifically,  i)  we  thoroughly  investigate  NN-
based lossless universal  compression algorithms toward multi-
source  data  and  classify  them into  3  types:  static  pre-training,
adaptive, and semi-adaptive. ii) We unify 19 evaluation metrics
to  comprehensively  assess  the  compression  effect,  resource
consumption,  and  model  performance  of  compressors.  iii)  We
conduct  experiments  more  than  4600  CPU/GPU  hours  to
evaluate  17  state-of-the-art  compressors  on  28  real-world
datasets  across  data  types  of  text,  images,  videos,  audio,  etc.
iv)  We  also  summarize  the  strengths  and  drawbacks  of  NN-
based lossless data compressors and discuss promising research
directions. We summarize the results as the NN-based Lossless
Compressors  Benchmark  (NNLCB,  See  fahaihi.github.io/
NNLCB  website),  which  will  be  updated  and  maintained
continuously in the future.
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1    Introduction
With  the  rapid  expansion  of  information  technologies  and
internet-connected  computers,  worldwide  data  growth  has
surpassed  Moore’s  Law  [1].  For  example,  according  to  the
latest  “Global  Data  Sphere  2023”  released  by  IDC,  the  total
global  data  volume  is  expected  to  grow  from  126  ZB1)  in
2022  to  284  ZB  in  2027  [2].  Such  massive  amounts  of  data
poses  a  challenge  to  data  storage,  transmission,  and  sharing.
Traditional  storage  methods,  which  rely  on  multi-server  and
disk-array  technologies,  require  high  infrastructure  expenses,
thus  is  difficult  to  deploy  and  implement.  Therefore,
developing  efficient  compression  methods  are  essential  to
alleviate the pressure of  large-scale data storage and promote
data transmission and sharing.
Compression solutions are either universal or dedicated. The

former  are  designed  to  deal  with  a  variety  of  data  types
including  text,  image,  audio,  video,  etc.,  while  the  latter  are
usually used for specific fields such as DNA sequencing data
[3–8],  3D  point  cloud  data  [9,10],  and  video  image  data
[11–15].  In  this  paper,  we  focus  on  the  lossless  universal
compression algorithms, which are able to recover the original
data  without  losing  any  information  and  thus  are  ideal  for
scenarios  requiring  high  data  integrity,  such  as  long-term
backups for large-size databases.
Recently,  NN-based  compressors  exhibit  plenty  of

advantages and receive increasing attention. Comparing to the
traditional  lossless  compressors  (XZ  [16],  Zstd  [17],  Brotli
[18],  BSC [19],  Szip [20],  Bzip2 [21],  Zpaq [22],  Mcm [23],
Starlit  [24],  WSDC  [25],  etc.)  NN-based  compressors  are
superior  in  terms  of  space  saving.  On  the  one  side,  the
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widespread  adoption  of  neural  network  technologies  [26–28]
fostered various kinds of Deep-learning neural networks, such
as Long Short-Term Memory (LSTM) [29], Bidirectional Gate
Recurrent  Units  (BiGRU)  [30],  Transformer  [31],  Large
Language  Models  (LLMs)  [32–34],  Mamba  [35],  and
Extended  Long  Short-Term  Memory  (xLSTM)  [36].  Those
techniques  have  promoted  the  development  of  NN-based
compressors.  [37–39].  On  the  other  side,  hardware
acceleration  devices  like  GPUs,  TPUs,  DPUs,  and  FPGAs
have facilitated the design of parallel algorithms, helping NN-
based  compressors  break  time  and  throughput  performance
bottlenecks [39–41].
After  thorough  investigation,  we  find  that  the  research

survey  for  the  NN-based  universal  lossless  compressors  has
not  been  conducted  yet,  and  two  main  challenges  exist
regarding the review and benchmark testing. Firstly, previous
works  primarily  focused  on  traditional  compressors  and  the
comparison  between  traditional  methods  and  NN-based
methods  is  absent.  Secondly,  the  evaluation  metrics  for  NN-
based compressors are disorganized, and a unified standard for
performance  measurement  is  needed.  To  this  end,  this  study
thoroughly  reviews  the  latest  advancements  in  NN-based
universal lossless compressors and proposes a comprehensive
benchmark evaluation. The primary contributions of this paper
can be summarized as follows:

● We  holistically  reviewed  NN-based  universal
compressors  and  unified  the  corresponding  evaluation
metrics.

● We offered a comprehensive benchmark evaluation for
NN-based  compressors  and  conducted  a  thorough
analysis of existing state-of-the-art solutions.

● We  identified  the  challenges  of  NN-based  lossless
compression  and  summarized  potential  research
directions.

The  rest  of  this  paper  is  organized  as  follows:  Section  2
provides  a  brief  introduction  to  relevant  state-of-the-art
surveys; Section 3 presents a detailed description and analysis
of NN-based universal lossless compression methods; Section
4  outlines  comprehensive  evaluation  metrics  including
compression effect, resource consumption, and neural network
model  performance;  Section  5  introduces  the  benchmark
evaluation  and  displays  experimental  analysis;  Section  6
suggests  potential  future  research  directions;  and  finally,
Section 7 concludes our work. 

2    Related work
Since Shannon brought  forward his  Information Theory [42],
the academia and industry  have endeavored to  create  concise
representations  for  data  streams  utilizing  the  redundancy
patterns in the data. Traditional universal lossless compression
methods  can  be  categorized  into  multiple  types  according  to
the  algorithmic-coding  schemes  they  use,  such  as  Huffman
Coding  (HC)  [43],  Arithmetic  Coding  (AC)  [44],  Dictionary
Coding (DC) [45],  Burrows-Wheeler  Transform (BWT) [46],
Run-Length  Encoding  (RLE)  [47],  and  Wavelet  Transform
(WT) [48]. Many literature [43–50] give detailed descriptions
about  those  traditional  compression  technologies.  The  earlier

surveys on data compression can be traced back to Holtz [51],
Kimura  [52],  Chew  [53],  Sridevi  [54],  Hosseini  [55],
Srisooksai [56], Sharma [57], etc. We suggest readers refer to
[49] for those earlier survey works.
In  the  following,  we  summarize  surveys  for  traditional

universal compression techniques over the past ten years. We
also  summarize  some  reviews  of  dedicated  compression
algorithms, because they encompass a thorough evaluation of
universal methods.
Research  surveys  for  dedicated  compression  methods

generally  concentrated  on  specific  application  domains,  such
as  genomic,  electrocardiogram  (ECG),  medical  image,  and
smart  grid  data.  Among  these  survey  works,  [6,58–62]
provided  comprehensive  reviews  of  both  dedicated  and
universal  compression  methods  for  large  genomic  datasets,
and  displayed  experimental  results  comparing  compression
ratio,  time,  and  memory  usage.  [63,64]  compared  significant
techniques  in  compressing  ECG  data  and  evaluated  their
effects  on  compression  ratio  and  the  quality  of  data
reconstruction.  They  also  delved  into  various  performance
metrics  and  addressed  open  challenges  in  the  field  of  ECG.
[65–67]  supplied  a  comprehensive  overview  of  the  current
landscape of medical-image compression techniques, covering
lossless,  lossy,  and  hybrid  compression  methods.  [68–70]
conducted  comprehensive  studies  on  data  compression
techniques for big data in smart grids, aiming to enhance data
analysis  efficiency  while  reducing  transmission  pressure  and
storage  costs.  [71–75]  presented  systematic  surveys  of  data
compression methods for  large volumes of  data  generated by
the Internet of Things (IoT) sensing devices such as cameras,
satellites,  and  seismic  monitoring;  they  focus  on  exploring
data  compression  techniques  in  cloud  computing
environments.
In  the  research  field  of  universal  compression  technologies

for multi-source data, Kaur et al. [76] systematically presented
the  application  of  data  deduplication  techniques  in  lossless
compression  solutions  within  cloud  computing,  and  they
specifically  focused  on  data  redundancy  issues  in  storage
systems.  Cappello  et  al.  [77]  introduced  the  development  of
compression techniques for floating-point datasets in universal
data  and  explored  their  potential  applications  in  scientific
computing.  Jayasankar  et  al.  [49]  provided  a  comprehensive
overview  of  the  applications  of  compression  techniques  and
the  developmental  history,  and  they  also  categorized  these
techniques  based  on  the  quality  of  recovered  data,  encoding
schemes,  data  types,  and  applications.  Chiarot  et  al.  [50]
conducted  a  comprehensive  review  of  time-series
compressors,  sorting  through  the  classification,  evaluation
metrics,  and  practical  application  cases  of  time  series
compressors.
Our study is an additional supplement to the above surveys.

To  the  best  knowledge  of  the  authors,  NNLCB  is  the  first
work providing a comprehensive review of the promising NN-
based universal lossless compressors. Details are given in the
next section. 

3    NN-based lossless universal compressors
In this section, we first divide NN-based algorithms into three
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types and compare their advantages and weaknesses at a high
level.  Then  we  introduce  representative  algorithms  for  each
type, and provide pseudocode descriptions. Finally, we offer a
summary of NN-based compressors. 

3.1    Overview

M E

Generally,  a  universal  lossless  compression  algorithm  based
on  neural  networks  contains  two  core  components:  a
probabilistic prediction model   and an encoder  . Here we
briefly introduce their functions and workflow.

x = {xi}|x|i=1

xi ∈ S S
|x| M

xn ∈ x t {xn−t, xn−t+1, ..., xn−1}
1 ⩽ t ⩽ |x| n = t+1, t+2, ..., |x| M

E xn

Let    denotes  the  serialized  data  sequence  to  be
compressed,  where    represents  the  token in  alphabet 
and   is the sequence length. The model   is responsible for
predicting  the  probability  distribution  of  each  target  token

 based  on  history    tokens  ,  where
 and  . Here, the model   can be

realized  by  recurrent  neural  networks,  attention  mechanisms,
or  large  language  models,  etc.  After  probabilistic  prediction,
the encoder   encodes the target token   using the standard
encoding  algorithms  such  as  huffman  coding  or  arithmetic
coding, etc. The more precisely the model predicts, the smaller
the  discrepancy  between  the  predicted  output  and  the  actual
ground  truth  output  will  be,  and  thus  the  better  result  the
encoder outputs.

M

M
E

Generally,  the  encoder  has  converged  to  the  theoretical
entropy  limit  during  the  lossless  compression.  Therefore,  the
compression  performance  of  universal  NN-based  lossless
compression  algorithms  depends  mainly  on  the  ability  of  the
probabilistic  prediction model    to  fit  the  input  data.  In  the
following  part,  we  concentrate  on  the  design  and
implementation  of  the  NN-based  prediction  model  .  To
learn  more  about  the  encoder  ,  we  suggest  referring  to
[43,44].
In [78], the NN-based lossless compressors are divided into

online  and  offline.  In  this  paper,  following  the  guidance  of
[79],  we  categorize  NN-based  lossless  universal  compressors
into static  pre-training  (offline), adaptive  (online),  and semi-
adaptive  methods.  The  comparison  of  these  methods  are
shown  in  Table 1  (in  an  ideal  scenario).  Details  for
representative  algorithms  are  given  in  the  following
subsections. 

3.2    Static pre-training methods
In  static  pre-training  methods,  the  compression  process
consists  of  two  independent  stages:  (1)  pre-training  stage,
which  obtains  an  well-trained  NN  model  of  the  to-be-
compressed data,  and (2) compression stage,  which outputs a
compact representation of the to-be-compressed data. Figure 1
presents the workflow for this category.
In the pre-training stage, the input sequences are fed into the

Mstatic

Mstatic

neural  network  to  generate  a  static  model  ,  whose
parameters  remain  unchanged  during  the  subsequent
processes.  Then,  in  the  compression  stage,  the  pre-trained
static  model  is  used  to  predict  the  probability  distribution  of
the input data sequences, and the prediction results are fed into
the  encoder.  Such  methods  have  two  advantages.  Firstly,  the
pre-trained model can be applied to all sequences homologous
with the input data, thus the pre-training stage can be omit for
these  homologous  data.  Secondly,  due  to  the  sufficient  pre-
training  before  the  actual  compression,  the  static  pre-training
method  achieves  a  stable  and  excellent  compression  ratio.
However, such methods also have some shortcomings. Firstly,
additional computation and time overhead are entailed due to
the extra pre-training stage. Furthermore, as Fig. 1 shows, the
model  parameters  and  framework  information  have  to  be
saved in the compressed output file to recover the original file
during the decompression. As a result, an additional amount of
storage is required, and the size of model   should also
be  considered  when  calculating  the  compression  ratio.
Therefore,  static  methods  are  unsuitable  for  some  small-size
datasets.

x = {xi}|x|i=1

t

1 ⩽ t ⩽ |x|
{xn−t, ..., xn−1} X =

[Xn−t, ...,Xn−1] ∈ Rt×k

Xi k = |S|
Mstatic X

xn

Schmidhuber  and  Heil  [78]  were  the  first  to  propose  using
an  NN-based  prediction  model  combined  with  an  encoding
algorithm to achieve lossless data compression. The workflow
of  the  compressor  is  as  follows.  First,  given  the  to-be-
compressed sequence  , set the sliding window (also
known  as  context  length)  as    and  step-size  as  1,  where

.  During  the  pre-training  stage,  each  sequence
  is  embedded  into  the  matrix 

  according  to  the  one-hot  coding,  where
each  vector    has  the  length  of  .  The  NN  model

 takes the matrix   as input and predicts the probability
distribution of token  . The network is trained by minimizing
the difference between the output probability distribution and

 

 
Fig. 1    The compression process of the static pre-training methods

  
Table 1    Overall comparison of NN-based universal lossless compression methods

Method Model pre-training Model saving Compression ratio Time cost Representative works
Static pre-training √ √ ⋆⋆⋆ ⋆ Ref [78,80,81], DeepZip [82], DecMac [83], LLMZip [84]
Adaptive × × ⋆ ⋆⋆⋆ TRACE [37], OREA [38], PAC [39], Cmix [85]
Semi-adaptive √ √ ⋆⋆ ⋆⋆ DZip (Combined Model) [79]

M

⋆

Notes. Model pre-training: Whether or not the model   requires pre-training. Model saving: Whether or not the model need to be saved and included in the
compressed file. Compression ratio: A smaller value indicates better compression performance, detailed in the evaluation metrics section. The “√” and “×”
represent “Yes” or “No”, and more instances of “ ” indicate a stronger advantage.
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xt+1, ..., x|x|

the  actual  conditional  probability  distribution.  Once  the
model’s  output  matches  the  actual  conditional  probability
distribution, the target token and its corresponding probability
distribution  are  input  into  the  encoder  to  realize  data
compression.  The  above  steps  are  repeated  as  the  window
slides with step size 1, and finally, the probability distribution
for tokens   are all obtained. The experiments show
that  the  proposed  compressor  outperforms  the  widely  used
conventional  compressor  Lempel-Ziv  [45]  regarding
compression  ratio.  In  addition,  the  combination  of  predictor
and arithmetic coding can perform better than huffman coding.
However,  the  limitation  with  this  method  is  that  the
compression  speed  is  slower  than  traditional  algorithms  by
three orders of magnitude.
Subsequent works [80,82,83] are greatly influenced by [78].

Algorithm 1 formalizes the workflow for these methods.
Mahoney  [80]  proposed  another  improved  NN-based

lossless  compressor.  The  author  found  that  using  two
strategies,  adaptive learning rate  and learning rate  decay,  can
effectively improve the training speed and compression effect.
This work also discussed the impact of prediction accuracy on
data  correlations,  and  how  to  balance  training  and
compression  effects  by  setting  a  lower  limit  on  the  learning
rate.  The  experiments  prove  that  the  proposed  compressor
performs  excellently  when  compressing  text  data.  Compared
with  the  state-of-the-art  compressors  during  the  same period,
PPM  [86]  and  BWT-based  method  [87],  the  proposed
compressor has apparent advantages in compression speed and
ratio, especially when dealing with large-scale text data.
Goyal  et  al.  [82]  proposed  an  NN-based  universal

compressor,  DeepZip,  which  integrates  the  Recurrent  Neural
Network (RNN) with arithmetic encoding. Compared with the
traditional probability-distribution prediction model, the RNN
model  introduces  recurrent  connectivity,  which  captures  the
contextual  relationships  in  the  sequential  data.  Besides,  the
RNN  has  a  specific  modeling  ability  to  establish  long-term
dependencies in longer sequences.  This effectively solves the
problem that traditional models cannot handle long sequences,
and  directly  improves  the  model  training  effect  and
compression  ability.  For  comparison,  the  authors  investigate
the  compression  effects  of  three  probabilistic  prediction
models  when  they  are  combined  with  an  arithmetic  encoder,
including  i)  FCNN:  a  Fully  Connected  Neural  Network  and

two  recurrent  neural  network  variants,  ii)  biGRU:  a  multi-
input single-output bidirectional Gated Recurrent Unit, and iii)
LSTM-multi:  a  multi-input  multi-output  Long  Short-Term
Memory  Network.  The  experimental  results  demonstrate  that
the LSTM-multi model performs best in the compression task,
followed by the biGRU and FCNN models. This suggests that
with  the  ability  to  capture  long-term  dependencies  of
sequences,  RNNs  show  better  performance  in  sequence-
prediction  tasks.  Liu  et  al.  [83]  proposed  an  NN-based
compressor  DecMac,  which  employs  Long  Short-Term
Memory  Network  (LSTM)  and  arithmetic  coding.  Different
with  RNN,  the  LSTM  introduces  three  gating  mechanism
(input,  forgetting,  and  output),  which  effectively  solves  the
problem  of  gradient  vanishing  or  gradient  explosion  when
modeling long sequences. DecMac adopts a three-layer LSTM
structure  as  a  predictor,  which  better  captures  the
dependencies  in  sequences  and  has  a  stronger  prediction
ability  for  target  tokens.  Experimental  results  confirm  that
DecMac  outperforms  the  PAQ  [88]  and  traditional  table
lookup  and  G-Gram  based  methods  (such  as  Zip,  Gzip  [89],
and RAR [90]) in text compression tasks.
Recent  advances  in  deep-learning  technologies  and

accelerated  hardware  have  prompted  pre-trained  Large
Language  Models  (LLMs),  which  demonstrate  superior
performance  in  several  natural  language  processing  domains.
Researchers  on  the  Google  team  [81]  advocate  looking  at
LLMs  from  a  compression  perspective.  By  virtue  of  its
outstanding predictive capability, LLMs can be combined with
arithmetic  encoders  to  achieve  lossless  compression.  In  their
study, the authors evaluate the performance of three classes of
compression  algorithms,  including  i)  traditional  compressors
Gzip  and  Lzma2  [91],  ii)  specialized  compressors  PNG  [92]
and  FLAC  [93]  designed  for  images  and  audio,  as  well  as
iii)  LLMs  Chinchilla  [94]  and  Transformers  [95],  both
integrated  with  the  arithmetic  encoding.  By  ignoring  model
parameter  size,  the  LLM  Chinchilla  (especially  the  version
with  70  billion  parameters)  outperforms  the  other  five
compressors on the text dataset enwik9 [96], the image dataset
ImageNet  [97],  and  the  audio  dataset  LibriSpeech  [98].  It  is
interesting  to  note  that  the  Chinchilla  model  was  pre-trained
on  textual  data  only,  but  it  demonstrated  excellent
compression  performance  on  multiple  types  of  datasets.  This
phenomenon  suggests  that  the  LLMs  possess  strong
generalization  ability  and  can  adapt  to  various  compression
tasks.
Valmeekam  et  al.  [84]  proposed  another  NN-based

compressor  that  integrates  the  large  language  model  LLaMA
[99]  with  three  coding  algorithms  (zlib  [100],  Token-by-
Token,  and  arithmetic  coding)  to  perform  lossless
compression.  Experimental  results  demonstrate  that  the
algorithm  exhibits  the  best  compression  efficiency  with
arithmetic coding and outperforms the traditional compression
algorithms Zpaq [22] and Paq8h [101] on text datasets. 

3.3    Adaptive methods

Madaptive

Different  from  the  static  pre-training  methods,  this  methods
utilize  a  dynamic  model    to  predict  the  probability
distribution  of  the  to-be-compressed  sequences,  and  the
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Eprediction results  are fed into the encoder  .  As Fig. 2 plots,
each time the  model  predicts  the  probability  distribution of  a
target  token,  the  prediction  result  is  transferred  to  the
backward  controller  and  further  upgrades  the  model.  One
obvious advantage of these methods is that they do not require
a pre-training process. Therefore, these methods have a lower
time  consumption  than  static  pre-training  methods.  Besides,
adaptive methods are also suitable for scenarios such as real-
time data transmission. However, the shortcoming of adaptive
methods is that the compression ratio is usually inferior to the
static  pre-training  methods  (under  the  same  network
architecture  and  scale).  Algorithm  2  provides  a  formal
description for adaptive compressors.
Cmix  [85]  developed  by  Byron  is  a  typical  adaptive

compressor,  which  is  excellent  in  compression  ratio.  The
compression  process  of  Cmix  mainly  consists  of  three  parts:
preprocessing,  model  prediction,  and  contextual  mixing.
Firstly,  in  the  preprocessing  stage,  Cmix  uses  a  specific
module to recognize the data type and convert it into an easy-
to-compress  format.  Secondly,  in  the  model-prediction  stage,
The  Cmix  reads  the  data  bit-by-bit  and  applies  thousands  of
independent  models  to  predict  the  probability  of  the  target
token.  Finally,  in  the  context-mixing  phase,  Cmix  uses  the
byte-level  LSTM mixer,  bit-level  context  mixture  (CM),  and
Secondary  Symbol  Estimation  (SSE)  algorithm  to  mix  the
probabilistic  predictions  of  multiple  models  into  a  single
probability.  Experiment  results  show  that  Cmix  generally
outperforms  existing  traditional  and  NN-based  compressors
regarding  compression  ratio  for  various  datasets.  However,
because  Cmix  employs  thousands  of  prediction  models,  it
consumes more time and memory.
The  authors  of  Cmix  [85]  subsequently  developed  another

compression  algorithm,  named  Lstm-compress  [102],  which

employs  the  LSTM  model  only  during  the  prediction  stage.
Compared  to  DeepZip  and  DecMac,  which  are  static  pre-
training  compressors  using  the  LSTM  model  as  a  predictor,
Lstm-compress  can  compress  target  tokens  in  real-time
without pre-training the model or saving model parameters to
the compressed file.  However,  in some study cases presented
in  the  DeepZip  paper,  the  output  file  of  Lstm-compress  was
found larger than the original file, which may be caused by the
gradient vanishing or exploding during the training process or
by improper setting of hyperparameters.
Proposed by Bellard, NNCP [103] uses the LSTM model as

a predictor. The authors designed two structures with different
network  depths  and  parameter  scales  for  the  LSTM  model.
Experimental  results  on the datasets  enwik8 and enwik9 [96]
show  that  the  NNCP  algorithm  with  a  deeper  LSTM  model
outperforms  the  Gzip,  XZ,  and  Lstm-compress  algorithms
regarding  the  compression  ratio,  and  is  second  only  to  the
Cmix  compressor.  In  the  study  of  NNCP,  the  authors  also
attempt to combine Transformer [31] and arithmetic coding to
realize lossless compression. Transformer architecture has two
advantages over traditional RNN and LSTM. On the one hand,
the  self-attention  mechanism  allows  the  model  to  process
token  dependencies  throughout  the  whole  sequence.  On  the
other hand, Transformer supports parallel computing, and thus
is  better  at  processing  long  sequences.  However,  the  authors
found  that  the  Transformer  performed  worse  than  the  LSTM
model  in  the  compression  task,  which  may  be  caused  by  the
insufficient network depth and inadequate training.

x = {xi}n−1
i=n−t

X = [Xn−t,Xn−t+1, ...,Xn−1] ∈ Rt×D D

X = [Xn−t,Xn−t+1, ...,Xn−1] ∈ Rt×d d

d ⩽ D

D
d X

X′ = [X′
n− t×d

D

, ...,X′
n−1

] ∈ R
t×d
D ×D

Mao  et  al.  [37]  proposed  an  efficient  Transformer-based
universal  compressor  TRACE.  In  their  work,  the  prediction
model  adopts  the  linear  attention  mechanism  SLiM  [104]  to
reduce  memory  and  computational  costs.  In  addition,  the
authors  argued  that  the  input  token  can  be  embeded  into  a
shorter  vector  whose  dimension  is  less  than  the  hidden  layer
dimension. For example, on one input sequence  , a
conventional  Transformer  would  map  the  sequence  to

, where   is the hidden layer
dimension. However, the method proposed by the author maps
the  sequence  to  ,  where    is
the token dimension and  . Based on such reduction, the
researchers  designed  the  grouping  strategy,  in  which,  the
neighbouring   vectors in   are assigned into the same group

to  form  a  new  sequence  .
Compared  with  the  traditional  token  mapping  method,
TRACE  reduces  the  input  sequence  length  without  changing
the  parameters  of  Transformer,  reduces  the  redundant
information,  and saves the computational cost.  Therefore,  the
compression  ratio  and speed are  improved.  The experimental
results  show  that  TRACE  outperforms  Tensorflow-compress
[105],  NNCP,  and  DZip  regarding  peak  GPU memory  usage
and  model  inference  latency.  With  respect  to  the  overall
compression ratio, TRACE outperforms traditional algorithms
Gzip, 7Z, ZSTD-19, and the NN-based algorithm DZip.
In  subsequent  studies  from  the  same  research  team,  Mao

et al. [38] also designed the compression algorithm OREO, an
NN-based  lossless  compressor  that  incorporates  Multi-Layer
Perceptron  (MLP)  and  Ordered  Masks  (OM).  The  authors

 

 
Fig. 2    Schematic of the compression process of the adaptive methods
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found  that  during  the  compression  process,  predictors  based
on  RNN  or  attentional  mechanisms  (e.g.,  DZip,  NNCP,  or
TRACE) tend to assign higher weights to history tokens closer
to  the  target  token,  thus  implicitly  learning  the  order  of
importance of  tokens in  the input  sequence stream.  Based on
this finding, the authors apply an MLP module combined with
an  OM  component  instead  of  the  more  computationally
expensive  RNN  and  attention  mechanisms.  The  MLP  is
responsible  for  extracting  features  from  sequences,  and  the
OM makes up for the shortcomings of the MLP in establishing
sequence  correlation.  Experimental  results  show  that  OREO
performs better  regarding compression ratio and compression
speed.  In the follow-up study,  the authors  also developed the
compression  algorithm  PAC  [39]  based  on  the  algorithm
OREO  to  solve  the  repetitive  problem  and  the  problem  of
intra-batch  distribution  variation,  thus  further  improving  the
compression ratio and compression speed. 

3.4    Semi-adaptive methods

Mbs

Msup

The  semi-adaptive  methods  integrate  the  static  pre-training
and adaptive  methods,  aiming to  combine their  strengths  and
compensate  for  their  weaknesses.  As Fig. 3  shows,  the  semi-
adaptive compressors also include two stages: pre-training and
data  compression.  In  stage  2,  it  utilizes  an  NN-based
bootstrapping model  , which is a pre-trained static model,
as  well  as  an  NN-based  supporter  model  ,  which  is  an
adaptive model coupled with a backward controller. Based on
such design, semi-adaptive compression methods usually have
excellent  compression  performance.  However,  their  resource
cost  and  time  consumption  are  relatively  high  due  to  pre-
training  and  dynamic  updating.  For  better  understanding,  we
also  give  an  algorithm  description  of  the  semi-adaptive
compressors, as shown in Algorithm 3.

Mbs

The  compression  algorithm DZip  proposed  by  Goyal  et  al.
[79]  is  a  representative  semi-adaptive  compressor.  The
predictor  contains  two  structurally  different  models:  the
Bootstrap Model (BM) and the Supporter Model (SM). In the
pre-training  phase,  DZip  trains  the  bootstrap  model    by
scanning the input data for multiple rounds and obtains fixed

Mbs

Msup

model  parameters.  Entering  the  compression  stage,  DZip
synchronously applies the bootstrap model   and supporter
model  ,  integrates  the  outputs  of  the  two  models  using
the convex combination strategy, and adjusts the parameters in
real  time  during  the  compression  process.  The  experimental
results  show  that  DZip  outperforms  the  traditional
compression  algorithms  and  other  NN-based  compression
algorithms  during  the  same  time  period  in  terms  of
compression ratio. 

3.5    Brief summary of NN-based compressors
In this section, we summarize the aforementioned three types
of  compressors.  Table 2  sketches  the  information  of  the  15
NN-based  compressors,  including  the  publication  year,
methodology, programming language, and primary prediction
method.
i)  To  the  best  of  our  knowledge,  static  and  adaptive

compressors are still the mainstream of research because they
correspond  to  a  wider  range  of  application  scenarios.  In
contrast, semi-adaptive method has only yielded one proposal,
namely  Dzip  (Combined),  mainly  because  balancing  model
complexity  and  compression  ratio  is  challenging,  and  is
influenced  by  various  factors  such  as  the  number  of  training
epochs  and  the  selection  of  static  models.  In  general,  static
compressors  are  suitable  for  medium  to  long-term  data
storage,  and  adaptive  compressors  are  suitable  for  real-time
transmission.
ii) As can be seen from Table 2, NN-based compressors are

generally  implemented  using  Python  because  it  encapsulates
most  mainstream  deep-learning  frameworks,  such  as
PaddlePaddle  [106],  Tensorflow  [107],  Pytorch  [108],  and
provides flexible and convenient interfaces.
iii)  Recurrent  neural  networks  and  their  variants  are  the

primary  prediction  cores  for  NN-based  compressors  (such  as
Cmix,  Lstm-compress,  DeepZip,  NNCP,  DecMac,
Tensorflow-compress, and Dzip), whether for static, adaptive,
or  semi-adaptive  methods.  This  is  because  architectures  like
RNNs, biGRUs, and LSTMs can effectively capture relational
features  between  sequences,  thus  possessing  stronger
predictive and compression capabilities.

 

 
Fig. 3    The compression process of the semi-adaptive methods
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iv) To design compressors based on Transformer and Large
language  models  is  the  main  research  direction  in  the  future,
especially for the static compressors. These models are trained
extensively using large-scale multi-modal data, which endows
them  with  powerful  deep  learning  capabilities.  As  a  result,
they exhibit better generalization in compressing multi-source
data. 

4    Evaluation metrics
Traditional  lossless  compression methods usually use metrics
such  as  compression  ratio,  throughput,  time  cost,  and  peak
memory  consumption  to  evaluate  the  performance  of
compression  and  decompression  algorithms  [7,49,50,109].
However,  different  from  traditional  CPU-based  compression
algorithms, in NN-based compressors, the performance of the
model impacts the compressing effect significantly. Therefore,
we  advocate  that  model  performance  should  be  considered
when  we  evaluate  NN-based  lossless  universal  compression
algorithms.  In  addition,  NN-based  lossless  compression
methods  usually  use  specialized  hardware  devices  to
accelerate  the  computation,  e.g.,  GPUs,  TPUs  DPUs,  and
FPGAs. Thus, the computational resource consumption of the
hardware  should  also  be  considered.  Based  on  the  literature
[37–39,79,110],  we summarize  the  evaluation  metrics  for  the
NN-based  lossless  compressors  from three  aspects,  including
compression  effect,  resource  consumption,  and  model
performance. 

4.1    Evaluation of compression effect
The  compression  effect  metrics  evaluate  the  compressor’s
ability to save space and stay robust. In this paper, we suggest
using Compression Ratio (CR) and Storage Saving Percentage
(SSP)  to  evaluate  the  algorithm’s  effectiveness  in  saving
storage  space,  and  using  Compression  Robust  Performance
(CRP)  to  evaluate  the  robustness  of  the  compression  effect.
The definitions and descriptions are as follows.

S ize(Fb) S ize(Fa)Let   and   denote the size (in Bytes) of the
file  before  and  after  compression,  the  CR  and  SSP  are
calculated as follows: 

CR =
S ize(Fa)

S ize(Fb)
×8 bits/base, (1)

 

S S P =

(

1− S ize(Fa)

S ize(Fb)

)

×100%. (2)

S ize(Fb)

S ize(Fa)

CR = 12587
33269

×8 = 3.027bits/base S S P = 1− 12587
33269
×

100 = 62.166%

In  Eq.  (1),  the  CR  represents  the  average  number  of  bits
required  to  store  a  basic  unit  of  the  original  data.  For  image
compression, a data unit is a pixel; for text compression, a data
unit is a character. Here, the smaller CR value, the fewer bits
required for the algorithm to store a basic unit of the original
data,  and the better  the compression performance.  In Eq.  (2),
the SSP denotes the percentage of storage space saved by the
compression  algorithm,  and  larger SSP  values  indicate  better
compression  performance.  For  example,  if    and

  take  12587  B  and  33269  B,  then  the
  and  the 

.

S ize(Fi
b
) S ize(Fi

a) i

i ⩽ N N

In  addition,  to  avoid  the  influence  of  data  probability
distribution,  the  overall  compression  performance  of  the
algorithm  on  multi-source  data  is  evaluated  using
Compression  Robust  Performance  (CRP)  and  Average  or
Weighted Average Compression Ratio (Avg/WavgCR), as well
as  Average  or  Weighted  Space  Savings  Percentage
(Avg/WavgSSP).  Let    and    denote  the  th
file  size  before  and  after  compression,  where    and 
denotes the number of total files. The CRP, Avg/WavgCR, and
Avg/WavgSSP are defined as follows:
 

CRP =

√

∑N−1
i=0 (CRi−CRu)2

√
N ×CRu

×100%, (3)

 

Avg/WavgCR =

N−1
∑

i=0

αi×CRi, (4)

 

Avg/WavgS S P =

N−1
∑

i=0

αi×S S Pi. (5)

CRi S S Pi

i

In Eqs. (3)−(5),   and   denote the compression ratio
and  storage  saving  percentage  of  the  th  file  obtained  by

  
Table 2    Brief summary of the NN-based universal compressors

Name Year Method Language Major prediction model components
Ref. [78] 1996 Static Unknown Easy feedforward neural network
Ref. [80] 2000 Static Unknown Easy feedforward neural network

Cmix [85] 2014 Adaptive C/C++ Multi-model mixing, long short-term memory mixer, bit-level context mixture,
and secondary symbol estimation (SSE) algorithm

Lstm-compress [102] 2016 Adaptive C/C++ Long short-term memory

DeepZip [82] 2018 Static Unknown Recurrent neural network, fully connected neural network,
bidirectional gated recurrent unit, and long short-term memory

NNCP [103] 2019 Adaptive C/C++ Long short-term memory and transformer
DecMac [83] 2019 Static Unknown Long short-term memory
Tensorflow-compress [105] 2020 Adaptive Python Long short-term memory network
Dzip (Bootstrap) [79] 2021 Adaptive Python Bidirectional gated recurrent unit
Dzip (Combined) [79] 2021 Semi-adaptive Python Bidirectional gated recurrent unit and residual network
TRACE [37] 2022 Adaptive Python Transformer
OREA [38] 2022 Adaptive Python Multi-layer perceptron and gumbel-softmax
PAC [39] 2023 Adaptive Python Multi-layer perceptron and learned ordered masks
LLMZip [84] 2024 Static Python Large language model LLaMA
LMIC [81] 2024 Static Python Large language models chinchilla and transformer
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Eqs.  (1)  and  (2),  and    denotes  the  average
compression  ratio  obtained  by  running  the  algorithm  on 
datasets.  The    indicates  the  weighted  factor.  For  the
AvgCR,we  have  .  For  the  WavgCR,  we  have

. In Eq. (3), the CRP is calculated in the same

way  as  the  Coefficient  of  Variation  (CV)  [110],  which  is
calculated  as  the  ratio  of  standard  deviation  and  mean  value
multiplied by 100%.  The smaller  the CRP value,  the  less  the
algorithm  is  perturbed  by  the  probability  distribution  of  the
tested datasets and the higher the compression robustness. 

4.2    Evaluation of resource consumption
In  recent  years,  the  emergence  of  acceleration  hardware
devices  such  GPUs  has  created  new  opportunities  for  NN-
based  lossless  compression  [37,111].  Therefore,  besides
evaluating the usage of system memory by traditional metrics
such  as  the  Compression  Peak  Memory  (CPM)  and
Decompression  Peak  memory  (DPM)  consumption,  we
suggest  including  the  GPU  Peak  Memory  (GPM)
consumption.  Here,  smaller  CPM/DPM  and  GPM  values
mean  that  the  algorithm  uses  less  computational  resources,
thus  can  run  better  on  performance-constrained  devices.
Besides,  the  Compression  Time  (CT)  and  Decompression
Time  (DT)  should  also  be  included  in  resource  consumption
metrics,  especially  for  real-time  data  transfer  scenarios.
Smaller  CT  and  DT  imply  better  compression  and
decompression performance.
To avoid the impact  of  extreme probability  distributions of

the  tested  dataset  on  the  compressor’s  performance,  we
suggest  using  average  memory  consumption  (AvgCPM,
AvgDPM)  and total  time cost  (TotalCT, TotalDT)  to  evaluate
the  overall  resource-consuming  performance  of  the
compression algorithms across all datasets. 

4.3    Evaluation of model performance
As  introduced  in  Section  3,  the  NN-based  compression
algorithms includes  two parts,  a  probability  prediction  model
and an  encoder,  while  the  former  plays  a  primary  role  in  the
compression  effect.  Therefore,  we  suggest  evaluating  the
performance of prediction models for NN-based methods. We
use the same three model performance metrics as in the works
[37–39], i.e., the total number of model Parameters (Params),
Floating  Point  Operations  (FLOPs),  and  Model  Inference
Latency  (MIL).  Here,  the Params  is  closely  related  to  GPU
memory  consumption,  representing  the  spatial  complexity  of
the  model.  The  FLOPs  denote  the  overall  computational
quantity  of  completing  one  compression  operation,
representing the time complexity of the model. The MIL refers
to the time required for the model to complete one operation,
which is typically calculated by dividing the total time by the
number  of  operations.  Smaller  values  for  all  three  metrics
indicate  that  the  model  consumes  less  computational  power
and resources. 

5    Benchmark testing and analysis
 

5.1    Experimental platform, datasets, and algorithms
In order  to  facilitate  a  comprehensive and fair  comparison of

×
×

NN-based  compression  algorithms,  we  have  implemented  a
benchmark  test.  All  experiments  were  conducted  on  a  GPU
server equipped with 4   Intel Xeon Silver 4310 CPUs (2.10
GHz,  48  cores  in  total),  4    NVIDIA  GeForce  RTX  4090
GPUs (16384 CUDA cores, 24 GB of GPU memory), and 128
GB  of  DDR4  RAM.  The  server  runs  the  Linux  operating
system Ubuntu 20.04.6 LTS.
We  used  28  open-source  datasets  with  a  total  data  size  of

8482  MB.  These  datasets  include  various  types  and  formats,
such  as  text,  image,  and  audio.  Table 3  provides  detailed
information about the experimental datasets.
We  tested  the  performance  of  17  state-of-the-art  universal

lossless compressors (8 NN-based and 9 Traditional methods)
on  the  benchmark  datasets,  the  detailed  information  about
these compressors is presented in Table 4. Download links of
datasets  and  execute  scripts  of  compressors  can  be  found  in
Supplementary Material Section S1−S2, and Table S1. 

5.2    Results
The  overall  compression  effect  and  resource  consumption  of
14  compressors  (except  for  LLMZip,  Cmix,  and  X3)  on  28
datasets  are  shown  in  Table 5.  Because  LLMZip,  Cmix,  and
X3 require over 36 hours to run datasets larger than 100 MB,
the  results  of  their  runs  on  some  datasets  are  documented  in
Supplementary Material Tables S2−S4. 

5.2.1    Compression effect

Msup

Among  the  remaining  14  algorithms  (expect  for  LLMZip,
Cmix,  and  X3),  as  Table 5  shows,  the  NNCP  with  a  deeper
LSTM  model  outperformed  the  other  14  algorithms  on
WavgCR  and WavgSSP.  The  two  adaptive  compressors  PAC
and  TRACE  ranked  second  and  third  on  WavgCR  and
WavgSSP.  The  semi-adaptive  method  DZip  ranked  fourth  in
terms of WavgCR  and  first  on AvgCR.  For  static  pre-training
and  semi-adaptive  methods  the  size  of  the  pre-trained  static
model affects the compression ratio, so some of them are more
suitable for  compressing relatively large datasets  to eliminate
the impact of the model size. For example, the semi-adaptive
method  DZip*  lags  behind  all  other  algorithms  except
DeepZip* on AvgCR but outperforms all traditional algorithms
on  WavgCR,  indicating  that  DZip*  behaves  better  when
compressing larger files. The DeepZip adopted the static pre-
training  method,  which  did  not  work  well.  When  applies
DeepZip  to  datasets  image  (D17)  and  enwik9  (D19),  the
compressed  file  size  is  twice  as  large  as  the  original  file,
which  may  be  caused  by  gradient  vanishing  or  gradient
explosion  during  the  pre-training  process.  LSTM-compress
has  the  same  problem,  e.g.  its  compression  ratio  on  dataset
dna (D27) is much worse than other NN-based and traditional
algorithms  (see  Supplementary  Material  Tables  S5−S7).
Because  DZip  utilizes  a  deeper  support  model    during
training,  the  parameters  are  adjusted  to  avoid  the  same
problem as DeepZip.

%

%

The metric SSP reflects the space-saving ability of the tested
algorithms.  Table 5  also  showed  that  the  AvgSSP  and
WavgSSP of NN-based compression algorithms are also better
than that of traditional algorithms in general. For example, the
AvgSSPs  of  DZip  and  NNCP  exceeded  68 ,  which  means
that they save an average of more than 68  of storage space
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for  all  datasets.  SnZip  had  excellent  running  speed  and
memory  usage  performance,  but  the  AvgSSP  was  only

36.244%,  significantly  lower  than  other  traditional
compressors.

  
Table 3    Detailed information of used datasets

ID Name Type File size (Byte) |S|Alp-Size ( ) |log
|S|
2
|Entropy ( ) Description

D1 xml [111] Text 5345280 104 6.700 Files in xml format
D2 ooffice [111] Heterogeneous 6152192 256 8.000 Files consisting of Office programs
D3 reymont [111] Text 6627202 256 8.000 A pdf file with the contents of Reymont’s book
D4 sao [111] Homogeneous 7251944 256 8.000 Files containing information of 258, 996 stars
D5 x-ray [111] Image 8474240 256 8.000 12-bit grayscale scaled x-ray medical image of a child’s hand
D6 mr [111] Image 9970564 256 8.000 A magnetic resonance medical image of the head
D7 osdb [111] Heterogeneous 10085684 256 8.000 Open source database files for testing
D8 dickens [111] Text 10192446 100 6.644 Text file consisting of multiple novels by Dickens
D9 samba [111] Heterogeneous 21606400 256 8.000 An collected open source project
D10 nci [111] Homogeneous 33553445 62 5.954 Files in SDF format
D11 webster [111] Heterogeneous 41458703 98 6.615 An English dictionary stored in HTML format
D12 mozilla [111] Homogeneous 51220480 256 8.000 The executable file Mozilla
D13 enwik8 [96] Text 100000000 205 7.679 108First   bytes of the English Wikipedia dump on 2006
D14 text8 [96] Text 100000000 27 4.755 108First   bytes of the English Wikipedia (only text) dump on 2006
D15 MNIST [112] Image 54880032 256 8.000 A widely studied dataset containing handwritten digital images
D16 CIFAR-10 [113] Image 186213868 256 8.000 A standard dataset of images with multiple categories
D17 ImageNet [97] Image 745823247 256 8.000 Training datasets in task3 from ISLVRC on 2012
D18 ImageTest [114] Image 470611702 256 8.000 A new 8-bit benchmark dataset for image compression evaluation
D19 Silesia [111] Heterogeneous 211938580 256 8.000 A heterogeneous corpus of 12 documents with various data types
D20 Backup [37] Heterogeneous 1000000000 256 8.000 109  bytes random extract from the disk backup of TRACE
D21 enwik9 [96] Text 1000000000 206 7.687 109First   bytes of the English Wikipedia dump on 2006
D22 Book [31] Text 1000000000 202 7.658 109First   bytes of BookCorpus
D23 ESC [115] Audio 220522000 256 8.000 First 500 audio files of the ESC
D24 Command [116] Audio 327759206 256 8.000 First 10000 audio files of the Google Speech Commands Dataset
D25 LibriSpeech [117] Audio 359034309 256 8.000 Development set ("clean" speech) of LibriSpeech ASR corpus
D26 LJSpeech [117] Audio 293847664 256 8.000 First 10000 audio files of the LJ Speech Dataset
D27 DNACorpus [118] Genome 685597124 4 2.000 A corpus of DNA sequences from 15 different species
D28 ERR7091247 [119] Genome 1926041160 32 5.000 A collection of genomics sequencing dataset with FastQ format

  
Table 4    Detailed information of tested universal lossless compression algorithms

Algorithm Year Language Parallelism Methods Hyperparameters
NN-based methods:
Cmix [85] 2014 C/C++ Unknown NN, CM, AC
Lstm-compress [102] 2016 C/C++ Unknown NN, LSTM, AC
NNCP [103] 2019 C/C++ GPU-parallel NN, LSTM, AC -t 16, -cuda
DeepZip [82] 2019 Python GPU-parallel NN, GRU/LSTM, AC -bs 64, -ts 64
DZip [79] 2021 Python GPU-parallel NN, GRU/LSTM, AC -bs 64, -ts 64
TRACE [37] 2022 Python GPU-parallel NN, Transformer, AC -bs 512, -ts 8
PAC [39] 2023 Python GPU-parallel NN, MLP, AC -bs 512, -ts 1
LLMZip [84] 2024 Python GPU-parallel NN, LLM, AC -ts 511, -node 1
Traditional methods:
Gzip [89] 1996 C/C++ Multi-Cores LZ77
PBzip2 [120] 2015 C/C++ Multi-Cores BWT, HC -p = 16, -9, -m = 2000
XZ [16] 2015 C/C++ Multi-Cores LZ77 -t = 16, -9, -e
BSC [19] 2016 C/C++ Multi-Cores BWT -e2
SnZip [121] 2016 C/C++ Unknown LZ77 -t = snzip
Lzma2 [91] 2022 C/C++ Multi-Cores LZ77, AC -mmt = 16, -m0 = lzma2, -mx9
PPMD [122] 2022 C/C++ Multi-Cores PPM, AC -mmt = 16, -m0 = ppmd
X3 [123,124] 2023 C/C++ Unknown DC
LZ4-multi [125] 2024 C/C++ Multi-Cores LZ77 -t 16 -best

Multi−Cores

GPU−Parallel Multi−Nodes

Notes. Year: the date of publication of the literature or toolkit used; Language: the main programming language for compressors; Parallelism: the parallel
mechanism of the compressor, where “ ” indicates that the algorithm supports parallel computation using multiple CPU cores (threads),
“ ” indicates that the algorithm supports GPU parallel computation and “ ” denotes the compressor support multiple GPU nodes
for parallel; Methods: the main techniques used; CM (Context Mixing): bits, modeled by combining predictions of independent models; BWT (Burrows-
Wheeler Transform): bytes are sorted by context, then modeled by order-0 symbol ranking; AC (Arithmetic Coding): commonly used with dynamic modeling
methods; LZ77: repeated strings are coded by offset and length of previous occurrence; DC (Dictionary-based compressor); PPM (Prediction by Partial
Match); HC (Huffman Coding); MLP (Multi-Layer Perceptron); LSTM (Long Short-Term Memory); GRU (Gated Recurrent Units); NN (Neural Networks);
Hyperparameters: default or document-recommended parameters.
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To  some  extent,  the  CRP  reflects  the  compressor’s
sensitivity  to  datasets,  but  algorithms  with  high  sensitivity
may  perform  badly  in  compression  ratio.  For  example,  the
NNCP,  whose  compression  ratio  was  the  highest,  behaved
poorly  in  robustness  (13.084%),  while  the  SnZip,  whose
compression  ratio  was  the  lowest,  had  the  best  robustness
(7.473%). 

5.2.2    Resource consumption
For  resource  consumption,  the AvgCPM, AvgDPM, TotalCT,
and  TotalDT  values  of  NN-based  compressors  are  much
higher than that of traditional algorithms.
In  our  benchmark  results,  the  RNN-based  compression

algorithm NNCP had the best compression ratio but the worst
compression  and  decompression  time  cost  (1869.022  hours),
five  orders  of  magnitude  slower  than  the  fastest  traditional
compression  algorithm  PBzip2  (0.040  hours).  The  advanced
NN-based  compressors  TRACE  (200.238  hours)  and  PAC
(191.266  hours)  were  faster  than  the  previous  NNCP,  Lstm-
compress  (967.008  hours),  DeepZip  (303.163  hours),  and
DZip (481.161 hours). This is because the TRACE employs a
single-layer  Performer  structure,  byte  grouping,  and  shared
feed-forward network to improve the compression speed. The
PAC  designs  a  progressive  compression  framework  and
employs a more lightweight MLP as a probability distribution
predictor.  The  semi-adaptive  algorithm  DZip  with  an
additional  Support  Model  had  a  significantly  slower  speed
than the static  method DeepZip,  especially at  the decompres-
sion  process.  Regarding  peak  memory  consumption,  except
for  NNCP (0.111 GB) and Lstm-compress  (0.009 GB),  other
NN-based  compression  algorithms  performed  worse  than
traditional compressors.
It  is  worth  mentioning  that  it  is  hard  to  assess  the  GPU

memory  usage  of  compressors  Cmix,  NNCP,  and  Lstm-
compress,  therefore  we  only  tested  the  GPM  of  DeepZip,

Dzip,  TRACE,  and  PAC.  The  detailed  explanations  are
provided in the next subsection. 

5.2.3    Model performance
We tested the model performance of 4 NN-based compressors,
which  are  all  implemented  in  Python  language  and  also
support  GPU parallel  acceleration,  including  DeepZip,  DZip,
TRACE,  and  PAC.  We  set  batchsize  and  timestep  for  all
algorithms to 512 and 16, respectively. The results are shown
in Table 6.
From  Table 6,  it  can  be  seen  that  the  prediction  model  of

DeepZip is  more lightweight  and outperforms the other  three
algorithms  regarding  GPM,  FLOPs,  Params,  and  MIL.
Conversely,  DZip  applies  a  deeper  model  than  DeepZip  to
improve the compression ratio, thus its prediction model is the
heaviest  among  all  models,  and  it  performs  worse  than  the
other  three  algorithms  in  all  metrics,  especially Params  and
FLOPs. TRACE adopts a single-layer Performer and a shared
feed-forward  neural  network,  resulting  in  only  a  slightly
higher  parameter  count  compared  to  DeepZip.  PAC  fuses
MLP and ordered masking as a  probability prediction model,
and  although  its  parameter  count  is  nearly  double  that  of
TRACE, its FLOPs are less than half of TRACE, and its GPM
and MIL  are  also  significantly  lower  than  TRACE.  This  also
indicates  that  the  computational  cost  and  resource
consumption  of  the  MLP-based  compressor  are  considerably
lower than that of the Transformer-based compressor. 

  
Table 5    Compression effect of different universal lossless compression algorithms on the benchmark datasets

Algorithm WavgCR (bits/base) AvgCR (bits/base) WavgSSP/% AvgSSP/% CRP/% TotalCT (Hour) TotalDT (Hour) AvgCPM (GB) AvgDPM (GB)
NN-based methods:
NNCP [103] #14.183  #22.521  #147.713  #268.476  13.084 942.928 926.049 0.111 0.111
PAC [39] #24.327  #32.638  #245.912  #367.019  12.720 74.398 116.868 6.102 6.295
TRACE [37] #34.411  2.718 #344.867  66.032 12.486 69.128 131.110 6.106 6.449
DZip [79] 4.494 #12.516  43.819 #168.545  14.272 332.787 148.374 10.113 4.790
DZip* [79] 4.562 3.802 42.971 52.476 11.158 332.787 148.374 10.113 4.790
Lstm-compress [102] 5.340 3.023 33.252 62.208 13.498 493.762 482.245 #30.009  #30.009 
DeepZip* [82] 16.835 7.045 −110.434 11.933 18.504 250.714 52.449 13.708 4.292
DeepZip [82] 16.865 5.760 −110.811 28.003 24.092 250.714 52.449 13.708 4.292
Traditional methods:
BSC [19] 4.826 2.928 39.677 63.394 13.045 0.353 0.300 0.121 0.116
Lzma2 [91] 4.912 3.122 38.590 60.967 12.289 0.584 0.030 1.264 0.427
XZ [16] 4.923 3.118 38.463 61.021 12.365 0.879 0.040 1.612 0.504
PPMD [122] 4.960 3.025 38.001 62.181 12.934 0.893 0.953 0.226 0.225
PBzip2 [120] 5.052 3.275 36.845 59.062 11.798 #10.024  #20.016  0.115 0.084
Gzip [89] 5.351 3.862 33.113 51.728 #310.342  0.451 0.026 #10.002  #10.002 
LZ4-multi [125] 5.618 4.280 29.770 46.501 #29.656  #30.064  #10.009  0.116 0.025
SnZip [121] 5.981 5.100 25.235 36.244 #17.473  #20.031  #30.021  #20.003  #20.003 

∗
#

∼

Notes. For the compressors DeepZip and DZip, the results for considering the model are marked with asterisks “ ”. The top-3 performance results are shown in
boldface, with “ ” indicating the performance rank. We ensure data integrity by comparing the hash values of the uncompressed and compressed files. The
Supplementary Material Section S3 Tables S5 S20 provide CR, CT, DT, CPM, and DPM results on all 28 datasets for each tested compressor.

 

Table 6    Model performance and GPM results of NN-based compressors

Algorithm GPM (GB) FLOPs (Giga) Params (Million) MIL (Millisecond)
DeepZip [82] 0.364 3.477 0.606 0.811
DZip [79] 0.496 16.563 26.180 1.635
TRACE [37] 0.431 9.133 2.366 1.614
PAC [39] 0.175 4.336 8.476 1.345
Notes. Since the GPU consumption for model compression and decompres-
sion is nearly identical, we only evaluated the algorithm’s compression GPU
peak memory usage.
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6    Limitations and future directions
After reviewing the literature and conducting benchmark tests,
we  found  that  the  NN-based  lossless  universal  compressors
are  more  effective  than  traditional  methods  in  terms  of
compression ratio. This is because deep neural units can learn
the probability distribution of compressed data well. However,
software,  hardware,  and time consumption currently limit  the
widespread  adoption  of  NN-based  compressors.  To  further
help  develop  NN-based  lossless  universal  compressors,  this
section  outlines  four  limitations  and  potential  research
directions, as follows. 

6.1    Deep model compression
In  the  benchmark  testing,  we  found  that  the  size  of  model
parameters  is  an  essential  factor  affecting  the  compression
ratio  of  NN-based  compressors.  However,  it  seems  that  not
every  neuron  in  the  network  is  necessary.  For  example,  the
PAC [39]  compressor  has  a  parameter  size  of  8.476  million,
while the TRACE [37] compressor has a size of 2.366 million.
While  the  parameter  size  of  the  former  is  3.584 times  higher
than  that  of  the  latter,  the  increase  of  AvgCR  and WavgCR
values are only 2.943% and 1.904%, respectively. In fact, Qin
et  al.  [126]  investigated  the  relationship  between  model  size
and  compressed  data  size  and  achieved  a  uniform  structural
reduction of the model. They proposed model compression as
an  effective  data-compression  method  and  established  a
comprehensive  pre-training  approach  under  the  lasso
framework  [126,127].  Unlike  other  domains  in  deep  learning
science  (such  as  disease  prediction,  drug  target  prediction,
protein spatial structure, and financial default prediction), NN-
based  compression  prefers  to  overfit  the  model  according  to
the  dataset  and  maximizes  the  learning  for  the  original
probability distribution. Therefore, to prune and compress the
model  specifically  for  NN-based  compressors  using  this
characteristic will help improve the compression ratio and also
help reduce model training cost and inference latency. 

6.2    Automated parameter tuning
Our research has revealed that the perturbations of input data
probability distributions greatly influence the effectiveness of
the  NN-based  compressors.  For  instance,  the  NNCP  [103]
algorithm,  which  achieves  the  best  compression  ratio  among
all  compressors,  exhibits  a  CRP  value  of  3.084%  only,
demonstrating  the  poor  robustness  to  different  datasets.  The
TRACE [37] algorithm achieves the best compression ratio on
the dataset nci (D10), while it behaves the worst on the dataset
image (D17), resulting in a performance difference of 19.956
times (see Supplementary Material Section S3 Table 12). The
poor  robustness  issue  may  be  due  to  the  fixed  model
architectures. For specific, existing compressors employ fixed
model  architectures  to  process  all  kinds  of  data  streams
without  exploring  the  probability  distribution  of  the  input
dataset or adjusting the model size flexibly based on the data
probability  distribution.  Therefore,  adapting  the  model
architectures  (i.e.,  model  size  and  model  parameters)
automatically  to  fit  the  tested  dataset’s  data  probability
distribution  and  the  alphabet  size  might  improve  the
compression ratio and reduce time cost. 

6.3    System-aware parallel compression
According  to  the  testing  results,  we  noticed  that  the  tested
algorithms failed to fully utilize the CPU and GPU resources.
For  example,  our  computer  system had  4*12  CPU cores  and
4*16384 GPU computing units,  but these cores or units were
not  fully  utilized  during  the  compressing  process.
Furthermore, our compression system had memory of 128 GB
on the CPU side and 24 GB on the GPU side, but the resource
utilization  was  low  during  the  compression  and
decompression.  In  our  tests,  even  the  high  CPM-cost
compressor  Cmix  [85]  consumed  a  maximum  of  19.174  GB
memory  merely,  while  the  high GPM-cost  compressor  DZip
[79]  consumed  a  maximum  of  0.496  GB  memory  only.
Besides,  NN-based  compressors  require  longer  compression
and  decompression  times  compared  to  traditional
compressors,  which  restricts  the  use  of  compressors  in  real-
time  compression  application  scenarios.  For  example,  in  our
testing,  the  total  time  spent  on  compression  and
decompression  for  TRACE  was  200.238  hours,  whereas  for
PPMD,  it  was  only  1.846  hours.  The  time  difference  was  as
high as 108.471 times.
Therefore, designing system-aware parallel compressors that

effectively  utilize  system  resources,  maximize  compression
ratios,  and  save  time  cost  holds  broad  application  prospects,
particularly for  long-term data backup.  In addition,  designing
system-aware parallel compressors can improve the robustness
of  compressors,  particularly  when  the  compression  servers
offer limited computing resources, such as memory. 

6.4    Incremental and searchable compression
Through our benchmark tests, the NN-based lossless universal
compression  algorithms  have  demonstrated  overwhelming
advantages  over  traditional  methods  in  terms  of  the
compression  ratio,  although  the  resource  consumption  is
relatively  high.  With  the  rapid  improvement  of  hardware
acceleration  device,  these  promising  compression  algorithms
are expected to further break through performance bottlenecks
in  the  coming  years.  Therefore,  we  believe  that  NN-based
compressors will be widely applied in the future. Considering
practical  application  demands,  incremental  and  searchable
compression  algorithms  have  a  wide  prospect  for  multiple
application  and  research  scenarios.  For  instance,  when  we
compress  time  series  or  genetic  sequencing  data  for  data
backup, newly generated data often strongly correlate with the
historical  data.  To  design  and  implement  incremental
compression  techniques,  the  redundancy  characteristics
between  compressed  and  uncompressed  data  can  be  fully
explored. Therefore, the compression ratio and the processing
time  is  optimized,  and  the  storage  and  sharing  costs  are
lowered.  Additionally,  retrieving  data  from  massive
compressed  datasets  is  computationally  intensive.  Thus,
designing  efficient  data  retrieval  algorithms  to  access  the
compressed  data  on  demand  is  a  meaningful  research
direction. 

7    Conclusion
In  this  paper,  we  have  conducted  a  comprehensive  and
essential  literature  survey  and  algorithm  evaluation  work.
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Specifically,  i)  we thoroughly reviewed the universal  lossless
compression algorithms designed for  multi-source  data  based
on  neural  networks  technologies  and  provided  a  systematic
classification guide for NN-based compressors. ii) We unified
the  NN-based  compression  metrics  and  benchmarked  the
state-of-the-art NN-based and traditional compression tools on
28  multi-source  real-wolrd  datasets,  testing  the  compression
effect, resource consumption, and model performance. iii) We
also  summarized  the  limitations  and  future  directions  for  the
NN-based lossless universal compressors.
Based  on  the  current  work,  future  studies  will  involve

testing more NN-based and traditional  compression tools  and
provide  a  more  detailed  classification  method  for  NN-based
compressors.  Additionally,  designing  and  implementing  an
automated  universal  lossless  compressors  evaluation
framework would be valuable foundational work. 
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