Comparing Text Compression Capabilities of Large Language Models with
Traditional Compression Algorithms

Mehran Haddadi and William John Teahan
School of Computer Science and Engineering, Bangor University, Bangor, Wales, UK
mhh24vrg@bangor.ac.uk and w.j.teahan@bangor.ac.uk

Abstract

This work evaluates the non-English and un-
structured text compression performance of
Large Language Models (LLMs) by compar-
ing them with traditional baselines on datasets
from eight most widely spoken languages.
Experimental results show that the evaluated
LLM (LLaMA-3.2-1B) was considerably out-
performed by the baselines, particularly on non-
English datasets, where its performance relative
to the best baseline was more than three times
worse than on English datasets on average.
It also compressed unstructured English data
up to more than twofold less effectively than
plain English data. Traditional methods, how-
ever, remained largely dataset-agnostic. Sur-
prisingly, the LLM achieved worse compres-
sion ratios on some datasets than others de-
spite modeling them more accurately. Overall,
the outcomes and substantially higher compres-
sion time and resource consumption indicate
that current LLMs are highly impractical for
the compression task, where traditional meth-
ods continue to excel. Codes are available at
github.com/mehranhaddadil3/Ilm_compress.

1 Introduction

Given the large amount of data generated and trans-
mitted by billions of the Internet users everyday,
benefits of compression in storing and transmitting
data is not obscure. Compression methods fall into
lossy and lossless categories. The latter is suitable
for text data since losing content after decompres-
sion spoils its integrity. They also are categorized
into dynamic (online) and static (offline) compres-
sors. The former adjusts its modeling based on the
data being compressed while performing the com-
pression, whereas the latter follows a pre-defined
approach to model the data.

Since Shannon (1948) introduced entropy and
redundancy in information theory , the theoretical
lower bound of lossless compression of each data,
numerous work has been done to approach this

limit. Entropic compressors consist of probability
modeling and coding parts; the latter transforms
the probability distribution calculated by the for-
mer to an encoded representation. With coders per-
forming near-optimally, such as arithmetic coding
(Witten et al., 1987) and Huffman coding (Huff-
man, 1952), being commonly used, the variance
in the performance of compressors is attributed to
their modeling part.

While traditional algorithms rely on the statis-
tics of the data, the number of unique tokens and
their frequencies, to calculate probabilities, com-
pressors with Neural Networks (NNs) as their mod-
eling part utilize NN to capture correlations hid-
den within data. Recently, triumphs of Large Lan-
guage Models (LLMs) in language modeling have
motivated researchers to utilize them in data com-
pression. Experimental results have demonstrated
dominant compression performance of LLMs, out-
performing SOTA by margin. Given that the loss
function of LLMs and the objective of the com-
pression task are the same (cross entropy), Dele-
tang et al. (2024) showed language modeling and
compression are tightly connected. Almost all
research has investigated the compression perfor-
mance of LLMs on English data, e.g. Enwik 8
dataset (Mahoney, 2006), with other languages re-
maining highly under-represented. Considering
that plain English text comprises the major part of
their training data, LLLMs supposedly do not com-
press other languages and unstructured data, such
as log files, as well as plain English data. There-
fore, recent datasets from the most widely spo-
ken languages, namely English, Spanish, Chinese,
Hindi, French, German, Arabic and Farsi, along
with swapped and substituted versions of Enwik 8,
are used to compare the compression performance
of LLMs on English, non-English, and unstructured
text against traditional compression methods.
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https://github.com/mehranhaddadi13/llm_compress

2 Related Work

Early research on the compression performance
of NNs was conducted on simple shallow net-
works. High-performance models outperforming
previous approaches have emerged by the advent
of more complex, yet effective, architectures, such
as Recurrent Neural Networks (RNNs) (Elman,
1990), Long Short-Term Memory (LSTM) (Hochre-
iter and Schmidhuber, 1997) and Transformers
(Vaswani et al., 2017). Also, studies have been
done on the performance of LLMs since their ad-
vent.

2.1 Compression Using Neural Networks

CIMIX (Knoll, 2014) uses a large number of mod-
els to obtain the probability of the next bit and uses
LSTM to mix the context. Finally, the probabil-
ity is generated via NNs and encoded using arith-
metic encoding. It outperforms lstm-compress
(Knoll, 2015), which only includes LSTMs, and
tensorflow-compress (Knoll, 2017), which uses
LSTMs in TensorFlow.

Cox (2016) and Goyal et al. (2018) utilized
RNNS to calculate the probability distribution of
the next token and then applied arithmetic encod-
ing. TRACE (Mao et al., 2022b) uses a single-layer
transformer to compress data. DecMac (Liu et al.,
2019) utilizes LSTMs with arithmetic encoding.
DZip (Goyal et al., 2021) integrates static and dy-
namic compression by mixing a bootstrap model
and a supporter model. Bellard (2019) in NNCPv1
studied LSTM and Transformer architectures to cal-
culate the probability of the next symbol to encode
it by arithmetic encoding. NNCPv2 and NNCPv3
made improvements on NNCPv1’s performance.
OREO (Mao et al., 2022a) uses a batch-wise or-
dered mask on the input symbol history and a multi-
layer perceptron to learn input features. PAC (Mao
et al., 2023) uses two neural blocks to compress
data.

MLMCompress (Oztiirk and Mesut, 2024) en-
codes the index of the next word using a combi-
nation of NNs and Huffman encoding. MSDZip
(Ma et al., 2025) utilizes a stepwise-parallel multi-
GPU compression strategy and a mixing block
to enhance compression speed. Heurtel-Depeiges
et al. (2025) trained small vanilla Transformers on
large data to perform compression. L3TC (Zhang
et al., 2025) uses RWKA (Peng et al., 2023) to
achieve compression ratios comparable to those
of SOTA neural network compressors through us-

ing an outlier-aware tokenizer, while being signifi-
cantly faster.

2.2 Compression Using Large Language
Models

LLMZip (Valmeekam et al., 2023) uses LLaMA-
7B (Touvron et al., 2023a) to calculate the sorted
probability distribution of the next token and com-
press the ranking of the true token via a compres-
sion algorithm, e.g. arithmetic encoding. GPT-AC
(Huang et al., 2023) integrates GPT and LLaMA2-
7B (Touvron et al., 2023b) with arithmetic cod-
ing. Given a context, AlphaZip (Narashiman and
Chandrachoodan, 2024) uses the output logits of
different versions of GPT-2 to calculate the prob-
ability distribution of entire vocabulary tokens to
obtain the true token’s ranking, which is then com-
pressed by GZip (Gailly) and Brotli (Alakuijala
et al., 2018). Deletang et al. (2024) compared
foundation models as compressors with standard
compression algorithms on text, picture and audio
modalities.

Gili Ferndndez De Romarategui (2024) used
LLMZip’s framework, but with lighter LLMs in-
stead of LLaMA-7B for the sake of memory us-
age. Huang et al. (2024) showed the LLMs’ perfor-
mance on downstream tasks is linearly correlated
with their compression performance on related cor-
pora. FineZip (Mittu et al., 2024) significantly
improved compression speed of LLMZip with a
minor compression ratio drop by using online mem-
orization, applying PEFT (Mangrulkar et al., 2022)
on the input text, and dynamic context window.
In LMCompress (Li et al., 2025), LLaMA3-8B
(Grattafiori et al., 2024) is fine-tuned on domain-
specific texts to enhance its performance.

Gilbert et al. (2023) prompted ChaptGPT-4 and
ChatGPT-3.5 (OpenAl, 2022) to compress and
decompress short English texts. Although they
achieved high compression ratios, the results show
they failed to compress losslessly. ALCZip (Wang
and Zhang, 2024) utilizes GPT-2 to first simplify
the input, followed by the creation of an adaptive
dictionary of letter combinations, which is then
used by Huffman encoding to generate the com-
pressed output. It outperformed FineZip in com-
pression speed.

Only AlphaZip studied compressing non-
English languages by LLMs. Its results show GPT-
2 compresses French not as well as English and
expands Hindi instead of compressing. However,
fine-tuning resulted in improvements.
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3 Experimental Setup

All the experiments were conducted on the Hawk
nodes of Supercomputing Wales (Supercomputer-
Wales, 2025), equiped with Intel(R) Xeon(R) Gold
6148 CPU @ 2.40GHz, 200GB of memory, and
Nvidia P100 GPUs with 16GB of GPU memory.

Using dynamic context length together with
BZip2 instead of arithmetic coding enabled
FineZip to achieve much faster, yet comparable,
results to LLMZip. Hence, this work follows the
implementation of FineZip to reduce computational
costs. It calculates the probability distribution of
a token given previous tokens using an LLM and
organizes them in descending order to obtain rank-
ings; i.e. if the true value of a token is at the top
of the list of the predicted values, rank O is as-
signed to that token, if it is the second highest
probable value, rank 1, and so on. These rankings
are then compressed using BZip2, where higher
rankings lead to better compression. It also uses
the so-called "online memorization" step, which is
fine-tuning the model on the data to be compressed
using LoRA (Hu et al., 2021) to make it more prob-
able for the model. Tawa toolkit (Teahan, 2018)
provides the ability to train PPM models on the
data to be compressed, making it a good baseline
to compare the performance of the "online mem-
orization" step of FineZip with. LLaMA-3.2-1B
(Meta-Al, 2024) was chosen as the LLM since it
is a lightweight multi-lingual model that fits in the
16GB GPU memory of an Nvidia P100 after 4-bit
quantization. Table 1 provides a summary of the
used models. The models’ parameter settings are
available in Appendix.

Model Description

zlib The Zlib module from Python standard li-
brary (Python Standard Library, c)

bz2 The BZip2 module from Python standard
library (Python Standard Library, a)

Izma The LZMA module from Python standard
library (Python Standard Library, b)

pyppmd | The PyPPMd Python module from Hiroshi
Miura (Miura, 2021)

Tawa Dynamic Tawa toolkit

Tawa-ts | Static Tawa toolkit trained on the input

Tawa-td | Dynamic Tawa toolkit trained on the input

LLM LLaMA-3.2-1B

LLM-FT | LLaMA-3.2-1B fine-tuned on the input

Table 1: Summary of the models

For each compression, training, and fine-tuning
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process, we measured the duration in seconds, the
average GPU and CPU utilization in percentage,
and the peak memory and GPU memory usage in
megabytes (MB). Also, the compression ratio (the
compressed size divided by the original size, where
smaller values correspond to better compression
performance) was reported. In addition, the per-
centage of the correctly predicted true tokens and
the percentage of true tokens ranked between O
and 15 by the LLM were calculated. The true to-
kens appearing among the top-15 most probable
predictions are referred to "top-15" tokens. These
two metrics indicate the accuracy of the LLM in
modeling the input data.

Source

Enwik 8 dataset

Enwik 8 dataset with substituted characters
Enwik 8 dataset with swapped words

100 MB of BookCorpus (Zhu et al., 2015)

100 MB of the Open Australian Legal Corpus (But-
ler, 2025)

100 MB of Arabic Punctuation Dataset (Yagi and
Elnagar, 2024)

100 MB of Chinese Corpora Internet 3.0-HQ
(Wang et al., 2024)

100 MB of the German part of Nemotron-CC
dataset (MultiSynt, 2025; Su et al., 2025)

100 MB of esCorpius (Gutiérrez-Fandifio et al.,
2022)

100 MB of the Farsi part
dataset(Abdi Khojasteh et al., 2020)
100 MB of the French part of French-English
dataset (Bojar et al., 2015)

100 MB of Hindi-TinyStories (Singh, 2024)

Dataset
enwik
enwik-sub
enwik-swap
book

en

ar
ch
de
es
fa of LSCP

fr

hindi

Table 2: Summary of Datasets. Each dataset is

104,857,600 bytes.

Table 2 provides a summary of the used datasets.
To obtain enwik-sub, each English character of en-
wik was substituted with another, resulting in a
text file with meaningless words. For enwik-swap,
words of enwik were swapped to make nonsense
sentences from meaningful words. The Appendix
includes detailed explanation of the creation of
each dataset.

enwik, book and en are referred to as English
datasets while the term non-English datasets rep-
resents seven datasets which are not in English.

4 Results and Analysis

In this section, first the compression results of the
LLM on English and non-English datasets are com-
pared with those of baselines. Second, the out-
comes of compressing enwik, enwik-sub and enwik-
swap by the LLM and traditional methods are jux-
taposed.



4.1 Compressing English and non-English
datasets

Table 3 shows although the LLM could surpass zlib
and bz2 on some English and a few non-English
datasets, it was outweighed by lzma, pyppmd and
all Tawa models in terms of achieved compres-
sion ratios. The slight performance deterioration of
LLM-FT on enwik and en compared to LLM offset
the 5% improvement observed on the book dataset,
leading to an insignificant 0.4% fine-tuning gain on
the English datasets on average. On the other hand,
LLM witnessed significant improvement after fine-
tuning on non-English datasets, especially hindi
(24%), fa (13%), and ar (13%), resulting in 9% bet-
ter compression ratio for LLM-FT on non-English
data on average. Similarly, training Tawa improved
its performance on all datasets. All the baselines
compressed non-English data better than English
data while it was the opposite for both LLM and
LLM-FT.

The number of unique tokens and their distri-
bution throughout the file determine its entropy.
Given this and considering the different compres-
sion ratios achieved by models on the English
datasets, it is clear that a model’s performance on
one dataset of a language cannot be generalized
to all documents in that language. Therefore, the
compression ratios obtained from different datasets
cannot be compared directly. For example com-
paring the LLM’s compression ratios for en and ar
does not, by itself, indicate whether it compresses
Arabic texts worse than English texts in general. A
more meaningful means of comparison is to evalu-
ate the performance of the LLM relative to the best
baseline on each dataset.

Table 4 indicates that the LLLM’s performance
on English data was substantially closer to the
strongest baseline than its performance on non-
English data. For example, the weakest English re-
sult (LLM-FT on en) was approximately one-third
worse than the best baseline, whilst the worst non-
English result (LLM on hindi) was 256% poorer
than the strongest baseline. Figure 1 demonstrates
that the largest compression ratio differences be-
long to languages with completely different alpha-
bet than English, except ch. This underlines LLM’s
weakness in modeling languages with thoroughly
different characters than English.

Figure 2 shows that the LLM required dramati-
cally more time to perform compression than base-
lines while the resulting compression ratios were
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Figure 1: The percentage of the performance difference
between the best baselines and the LLM. Fine-tuning
significantly improved the compression performance of
LLM on non-English data while its impact on English
data was insignificant.

not comparable to the best baselines. On average,
LLM required roughly 12 hours to compress 100
MB of data, while fine-tuning increased this by
approximately 5 hours. Baselines, however, per-
formed compressions within a few minutes. Sim-
ilar to the LLM, zlib’s compression time for non-
English data was longer than English, whereas bz2,
Izma, and pyppmd were language-agnostic on av-
erage. However, Tawa models compressed non-
English datasets quicker than English datasets. Un-
like compression ratios, the LLM’s compression du-
ration of languages with common characters with
English was the worst (except ch). Compression
durations are included in Appendix.

W En_avg
0.34 Non_En_avg
zlib

bz2
lzma
pyppmd
Tawa
Tawa-ts
Tawa-td
LLM
LLM-FT

VYX+*a4am0be

o
N
Y

Compression Ratio

10* 10? 103 104 10°
Compression Time in log Scale

Figure 2: The time taken by each model to compress
each dataset in log scale and the resulting compression
ratios.

Both LLM and LLM-FT exhausted the available
GPU cores and GPU memory regardless of the
dataset being compressed. The GPU usage report
is included in Appendix.

222



Model enwik book en ar ch de es fa fr hindi || En-Avg Non-En-Avg
zlib 0.3649 0.3591 0.2357 | 0.2153 0.4488 0.3771 0.3720 0.2894 0.2726 0.1642 || 0.3199 0.3056
bz2 0.2896 0.2759 0.1832 | 0.1442 0.3527 0.2878 0.2948 0.1962 0.1951 0.0939 | 0.2496 0.2235
Izma 0.2478 0.2527 0.1465 | 0.1323 0.3017 0.2505 0.2562 0.1330 0.1683 0.0883 | 0.2157 0.1900
pyppmd | 0.2478 0.2303 0.1654 | 0.1461 0.3163 0.2365 0.2476 0.1848 0.1697 0.1169 || 0.2145 0.2026
Tawa 0.2389 0.2334 0.1820 | 0.1791 0.2910 0.2281 0.2412 0.2026 0.1928 0.1435 || 0.2181 0.2112
Tawa-ts | 0.2163 0.2238 0.1732 | 0.1780 0.2588 0.2138 0.2265 0.2017 0.1827 0.1433 || 0.2044 0.2007
Tawa-td | 0.2151 0.2220 0.1731 | 0.1781 0.2584 0.2133 0.2259 0.2017 0.1823 0.1433 || 0.2034 0.2004
LLM 0.2799 0.2833 0.1864 | 0.3218 0.4033 0.3903 0.3552 0.3423 0.3226 0.3224 | 0.2499 0.3511
LLM-FT | 0.2815 0.2687 0.1965 | 0.2840 0.3765 0.3635 0.3425 0.3015 0.3144 0.2592 || 0.2489 0.3202

Table 3: Compression ratios achieved by models on English and non-English datasets. On average, there is a
noticeable gap between the compression performance of LLMs on English and non-English data. The best results
are shown in bold and the baselines outperformed by the LLM are underlined.

Model ‘ enwik  book en ‘ ar ch de es fa fr  hindi H En-Avg Non-En-Avg
LLM 30.13 27.61 27.24 | 143.21 56.08 8298 57.25 157.37 91.68 265.12 22.84 84.76
LLM-FT | 30.88 21.03 34.13 | 114.64 4571 7041 51.62 126.69 86.81 193.54 22.36 68.50

Table 4: Percentage of the compression ratio differences between LLM and LLM-FT, and the best baseline (shown

in bold in table 3) on each dataset.

The LLM used slightly more CPU power than
baselines. Although baselines’ CPU usage var-
ied negligibly for different datasets, that of LLM
and LLM-FT remained almost the same. On aver-
age, there is an insignificant difference between the
CPU utilization of baselines on English and non-
English data, showing that CPU usage is almost
data-agnostic. The percentages of CPU utilization
are included in Appendix.

Figure 3 demonstrates that despite using signif-
icantly more memory than baselines, LLM and
LLM-FT were unable to achieve competitive com-
pression ratios. The LLM required less memory to
compress non-English data than English data on av-
erage while they compressed non-English datasets
worse. Similarly, Tawa models used more memory
space on English data, while the rest of the base-
lines occupied more memory on non-English data.
The impressive low memory usage of Tawa models,
especially the trained static model, is noteworthy.
Similar to the compression time, the memory usage
of the LLM was worse on languages with shared
characters with English, with the exception of hindi.
Memory space usages are included in Appendix.

Figure 4 shows that LLM and LLM-FT were al-
most twice more precise on English data than on
non-English data on average. The decrease in the
performance on enwik and en after fine-tuning re-
sulted in almost identical accuracies for LLM-FT
and LLM on English datasets on average. However,
the contribution of fine-tuning to the performance
of LLM on non-English datasets was considerable.
The witnessed trend in compression ratios, perform-
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£ * »
©0.24
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Memory Usage (MB)
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Figure 3: The memory used in compressing English
and non-English datasets on average in MB against the
resulting compression ratios.

ing worse on languages with totally different char-
acters, is observed here, too. Surprisingly, although
the LLM was more accurate on some datasets than
others, it achieved worse compression ratios. E.g.
the percentage of top-15 predicted tokens by LLM
for ch was almost twice as high as fa (30.52% Vs.
17.04%) while the compression ratio of ch was
nearly 18% worse than fa (0.4033 against 0.3423).
The same behavior is witnessed for the percentage
of 0 ranked predicted tokens. Tables including per-
centages of 0 and top-15 ranked tokens are included
in Appendix.

4.2 Compressing enwik, enwik-swap and
enwik-sub

Swapping words changes the arrangement of the
data, affecting the performance of traditional al-
gorithms relying on the statistics of the data. Ta-
ble 5 shows that compression ratios achieved by
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Model enwik enwik-swap enwik-sub
zlib 0.3649 0.3922 0.3649
bz2 0.2896 0.3172 0.2894
lzma 0.2478 0.2838 0.2477
pyppmd | 0.2478 0.2752 0.2478
Tawa 0.2389 0.2622 0.2389
Tawa-ts | 0.2163 0.2379 0.2163
Tawa-td | 0.2151 0.2369 0.2151
LLM 0.2799 0.3524 0.6342
LLM-FT | 0.2815 0.3349 0.6030

Figure 4: The percentage of top-15 predicted tokens by
LLM and LLM-FT against the resulting compression
ratios on each dataset.

traditional algorithms increased by between 7.48%
(zlib) and 14.52% (Izma) on enwik-swap. Similarly,
the compression performance of LLM and LLM-FT
declined on the swapped data, with larger drops
of 25.90% and 18.97%, respectively. As expected,
the baselines’ performance on enwik-sub almost re-
mained constant since substituting characters does
not change the number of unique characters and
their frequencies. Nevertheless, figure 5 shows
that compression ratios of the LLM on enwik-sub
was approximately twice as high as the amounts
it achieved on the original data, highlighting the
reliance of LLMs on semantic and contextual rela-
tionships among the tokens.

s LM

Table 5: The compression ratios of enwik, enwik-swap,
and enwik-sub achieved by each model. The best results
are shown in bold and the baselines surpassed by the
LLM are underlined.

although the compression time of the substituted
data was almost identical to the original dataset
for baselines, the LLM required twice as much
time to compress enwik-sub as enwik. Furthermore,
although baselines’ compression time for enwik-
swap was longer than enwik, LLM and LLM-FT
compressed it faster. Compression time reports are
included in Appendix.
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Figure 5: The percentage of the differences between the
compression ratios achieved by LLM and LLM-FT on
enwik-swap and enwik-sub, relative to enwik.

Figure 6 shows while the compression time of
enwik, enwik-swap and enwik-sub by the LLM was
dramatically more than baselines, it was unable to
achieve comparable compression ratios. The LLM
required more than 12 hours to compress enwik-
swap, similar to the rest of the datasets. However,

o
W

+o

0.2

10t 10? 10° 104 10°
Compression Time in log Scale

Figure 6: The time taken for each model in log scale
to compress enwik, enwik-swap and enwik-sub. Since
the results for enwik were almost identical to those for
enwik-sub for baselines, their symbols overlap.

Similar to the previous experiments, the LLM
exhausted both GPU power and GPU memory to
compress the original, swapped and substituted
datasets. The GPU usage details are in Appendix.

Analogous to the previous results, the CPU us-
age of the baselines varied slightly, whereas that of
LLMs remained almost unchanged. Interestingly,
Tawa models used more CPU to compress enwik-
sub than enwik while the compression ratios were
the same. The percentages of CPU usage of each
compression are included in Appendix.

Figure 7 depicts that despite using significantly
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more memory, the LLM was unable to achieve com-
pression ratios close to the best baselines. Tawa-ts
showed significant efficiency among all baselines.
Although the memory usage of Tawa models were
slightly higher when compressing enwik-swap than
compressing enwik, the rest of the models used
less memory space to compress the swapped data.
Tawa models used almost the same memory space
to compress both enwik and enwik-sub while the
rest of the models required considerably more mem-
ory to compress the latter. The memory usage table
is included in Appendix.
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Figure 7: Memory consumption of models during com-
pressing enwik, enwik-swap, and enwik-sub. Fine-
tuning helped with the memory consumption of the
LLM. Baselines’ symbols for enwik and enwik-sub over-
lap as their memory usage was almost identical.

Figure 8 demonstrates that the percentage of the
top-15 predicted tokens decreased in both swapped
and substituted datasets comparing to the original
dataset. Surprisingly, despite the close modeling
accuracies achieved by the LLM on enwik-sub and
enwik-swap, there is a wide gap between the result-
ing compression ratios. Also, the LLM was more
accurate in predicting rank O tokens on enwik-sub
than enwik-swap. The percentages for the rank 0
and top-15 predicted tokens are included in Ap-
pendix.

5 Discussion

Experiments show that although using the 4-bit-
quantized LLaMA-3.2-1B through FineZip’s ap-
proach to compress text data surpassed zlib on
English datasets, it was outperformed by lzma,
pyppmd and Tawa models. Considering non-
English data, LLM models performed significantly
worse than baselines. Comparing the compression
ratios between the LLM and the best baselines
shows LLM and LLM-FT performed 22.84% and
22.36% worse, respectively, on English data on av-
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Figure 8: Percentage of the top-15 predicted tokens of
enwik, enwik-swap, and enwik-sub by LLM and LLM-
FT. Except for enwik, fine-tuning appeared effective.

erage, whilst the figures for non-English datasets
show 84.76% and 68.50% worse performance, re-
spectively. This highlights that due to being trained
mostly on English data, LLMs do not compress
non-English data as well as English data, aligning
with the findings of AlphaZip.

Experiments on the performance of the LLM
on the swapped and substituted datasets show that
LLM and LLM-FT performed 25.90% and 18.97%
worse on swapped data than they did on the normal
dataset, respectively, while compression ratios of
the substituted data were noticeably worse. The
performance of LLM on enwik-sub was 126.58%
worse than on its performance on enwik. The com-
pression ratio of LLM-FT was slightly better, with
being 114.21% worse than that of the original data.
This casts serious doubts on LLMs’ performance
on unstructured text data, such as log files or en-
crypted documents.

Resource usage is the major demerit of LLMs.
While baselines achieved low compression ratios
in a few minutes, the LLM normally required ap-
proximately 12 (up to 25) hours to achieve inferior
results. Also, Fine-tuning added roughly 4.5 hours
overhead. The LLM exhausted the GPU by using
the full capacity of its cores and memory, whilst
baselines only used the CPU to compress. The
LLM’s CPU usage was identical for all compres-
sion and fine-tuning tasks, which is potentially due
to the execution of the underlying Python code.
Furthermore, while the LLM occupied at least five
times more memory space than baselines, Tawa
models were significantly memory efficient.

Given that the rankings predicted by the LLM
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Model ‘ enwik enwik-swap enwik-sub book en ‘ ar ch de es fa fr hindi
Tawa-ts 184.22 192.73 184.22 120.18 122.73 88.05 241.09 147.70 148.47 86.46 128.38 84.26
Tawa-td | 261.89 277.49 261.89 148.91 152.17 91.39 362.99 197.41 198.89 88.57 162.44 84.83
LLM 2,357.16 2,357.16  2,357.16 2,357.16 2,357.16 | 2,357.16 2,357.16 2,357.16 2357.16 2,357.16 2,357.16 2,357.16

Table 6: The size of the base model (84 MB for Tawa and 2,357 MB for the LLM) plus the size of the trained/fine-
tuned models required to decompress each dataset in MB.

are compressed in the FineZip’s approach, there is
a general inverse correlation between the LLM’s
modeling accuracy and the resulting compression
ratios; i.e. the more accurate the LLM, the better
compression ratio it achieves. However, our find-
ings show the opposite between some datasets. E.g.
the accuracy of the LLM on es was higher than that
of hindi, whereas its compression ratio was worse.

Since each compression finally needs a decom-
pression to obtain the original data, the same model
used for the compression must be used to perform
the decompression. This highlights the importance
of the model size in real-world compression prob-
lems. The baselines are Python libraries occu-
pying an insignificant amount of hard disk, and
Tawa toolkit source code is approximately 84 MB.
LLaMA-3.2-1B, however, requires 2,357 MB of
hard disk. Table 6 shows that training a static Tawa
model added smaller storage overhead than a dy-
namic model. Interestingly, the utilization of PEFT
in the FineZip’s "online memorization" step added
a negligible amount of storage overhead (less than
20 KB). However, given the disk usage of the base
models, which are required besides the trained/fine-
tuned versions for decompression, LLaMA-3.2-1B
is highly disadvantageous.

This work does not invalidate the findings of
previous work in achieving superior compression
ratios using larger LLMs. However, the question is
whether it is reasonable or practical to use vast com-
putational resources and excessive time to achieve
SOTA compression ratios on just 10 Mega bytes of
plain English data. LLMs perform extraordinarily
well on a wide variety of tasks. But, our results
show they are significantly worse than traditional
baseline compressors in every aspect.

6 Future Work

Tawa toolkit and LZMA showed notably superior
performance in both compression and resource us-
age. Focusing on their development will result in
even better performance.

Developing language-specific neural network
compressors is a more promising field of research
than working on LLM compressors.

LLaMA-3.2-1B showed an unexpected behavior
in yielding worse compression ratios when it had
performed better in modeling the data. An investi-
gation of FineZip’s approach is needed to discover
the root of this phenomenon.

7 Conclusion

This work shows LLMs’ text compression perfor-
mance significantly declines on both non-English
and unstructured English data compared with plain
English data. Through experiments using LLaMA-
3.2-1B as the LLLM within FineZip’s framework to
compress datasets from eight most widely spoken
languages, we found that its performance on non-
English datasets was more than three times worse
than its performance on English datasets relative to
the best baseline. Moreover, its compression perfor-
mance on unstructured data was worse by a factor
of two compared to plain English data. In contrast,
traditional baselines performed nearly consistently
across datasets. Surprisingly, although the LLM
modeled some datasets more accurately than oth-
ers, the resulting compression ratios were poorer.
Furthermore, the LLLM utilized all available GPU
power and memory, occupied at least five times
more memory space than baselines, and required
12 hours on average to complete compression tasks,
whereas baselines completed the same tasks within
minutes by utilizing significantly fewer resources.
These findings raise serious questions about the
practicality of current LLMs for data compression,
where traditional approaches appear reliable.

Limitations

Despite the first aspirations to study more powerful
LLMs, limited resources forced us to resort to a
small model. In fact, LLaMA-3.2-1B does not fit
into the 16GB memory of an NVIDIA P100 GPU
without 4-bit quantization. Larger LLMs without
quantization can achieve superior compression per-
formance as shown in previous work.

Relying on only one dataset per each non-
English language may make language-wise results
inconclusive. This work, nevertheless, discussed
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the performance of models on non-English datasets
as a whole, a large set consisting of datasets from
seven most widely spoken languages.

Conclusions on the compression performance of
LLMs on non-English and unstructured data have
been reached based on experiments using only one
LLM. However, our findings are generalizable to
other models considering that plain English text
comprises the dominant part of the training data of
LLMs.
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A  Models’ Parameters

Table 7 provides the parameter setting of each
model.

Model Parameters

zlib level=9

bz2 compresslevel=9

Izma preset=9

pyppmd | *Default Parameters*

Tawa Alphabet size set to 256, escape method set to D, PPM order set
to5(-a 256 -e D -0 5)

Tawa-ts | Alphabet size set to 256, escape method set to D, PPM order set
to5(-a 256 -e D -0 5)

Tawa-td | Alphabet size set to 256, escape method set to D, PPM order set
to5(-a 256 -e D -0 5)

LLM contex_size=512, batch_size=64

LLM-FT | block_size=128 epochs=256, r=8, learning_rate=1e-4,
batch_size=64 for fine-tuning and contex_size=512 and
batch_size=64 for compression

Table 7: Summary of models
B Datasets

To obtain enwik, the first 100 MB of The Enwik
9 dataset (Enwik 8) was extracted with head -c
100M Unix command. For enwik-swap, the list of
words of enwik was first obtained. Then, each word
with even index in the list (0, 2, 4...) was replaced
by the word located two positions ahead, while
each word with odd index was swapped with the
word four positions ahead. With this swapping
method, for example, the sentence "Albert Einstein
was born in Ulm." will become "was Ulm. in Ein-
stein Albert born". For enwik-sub, the ASCII code
of each English lowercase and uppercase character
of enwik was substituted with the code 13 posi-
tions ahead. For instance, the characters of the
word "Compression!" was first transformed to their
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ASCII code (67-111-109-112-114-101-115-115-
105-111-110-33). Next, each English character
was replaced with the code 13 positions ahead (80-
98-122-99-101-114-102-102-118-98-97-33). Fi-
nally, the ASCII code was translated to characters
"Pbzcerffvba!". Remember the range of ASCII
code of uppercase English characters is between
65 to 90 and lowercase characters is between 97 to
122. For book, the first 10 MB of the BookCorpus,
which was downloaded from Kaggle (Muennighoff,
2021), was excluded as it contains bit representa-
tions, which makes it unreadable by Python’s read
function. For en, values of the text feature of
the Open Australian Legal Corpus were extracted
through the HugginFace’s datasets Python mod-
ule. For ar, the content of the first three text files
of the Arabic Punctuation Dataset were concate-
nated in a 122 MB file. For ch, values of the
content feature of the second JSON file of the
dataset were read and stored in a text file since
the first JSON file was unreadable by Python’s read
function due to containing bit representations. For
de, the first parquet file of the German part of
the Nemotron dataset was downloaded through the
HuggingFace’s datasets Python module and the
values of the text feature were stored in a text file.
For es, the first JSON file of the dataset was down-
loaded and the text feature of each sample was ex-
tracted through Regular Expressions and stored in
a text file. For fa, the Farsi-English file of the LSCP
dataset was downloaded and the English characters
were removed via Regular Expression. For fr, the
values of the fr feature of the French-English trans-
lation dataset were stored in a text file. For hindi,
the values of the text feature of the first parquet
file of the Hindi-TinyStories were stored in a text
file. All the mentioned approaches stored data in
files with utf-8 encoding. Ultimately, head -c
100M Unix command was applied on all the resulted
files, except for enwik, enwik-swap and enwik-sub,
to extract the first 100 MB of them.

C Statistics Tables

It is worth noting that the figures for enwik-swap
and enwik-sub are not counted towards the En-avg
values.

C.1 Training/Fine-tuning Statistics

Table 8 compares the LLM’s fine-tuning and Tawa
models’ training processes duration. On average,
fine-tuning time was dataset-agnostic. Table 9

shows the average percentage of CPU usage of
each fine-tuning/training process. Overall, the
CPU usage of these processes was almost dataset-
agnostic. Table 10 compares the memory usage of
fine-tuning/training processes. While Tawa models
used more memory on English data on average, it
was vice versa for the LLM. Interestingly, Tawa
models used substantially more memory during
their training than compressing while the LLM
used significantly less memory for fine-tuning than
for compressing. Table 11 shows the average per-
centage of GPU power and memory used by the
LLM’s fine-tuning process. It exhausted the GPU
regardless of the dataset. The identical GPU mem-
ory usage for all datasets is noteworthy.

C.2 Compression Statistics

Table 12 compares the time required to compress
each dataset by all models. Table 13 shows the
LLM occupied almost all the available GPU mem-
ory regardless of the dataset being compressed. Ta-
ble 14 shows that although the LLM consumed
slightly less GPU power on non-English data than
on English data on average, it saturated the GPU
cores in all cases. Also, Fine-tuning slightly re-
duced the GPU usage in most of the datasets. Ta-
ble 15 compares the CPU usage of each compres-
sion process. Table 16 presents the memory usage
of models while compressing datasets. Table 17
shows fine-tuning improved the accuracy of the
LLM on all datasets, except enwik, en and fr. While
both LLM and LLM-FT modeled enwik-sub more
accurately than enwik-swap, the compression ra-
tios of the substituted data were considerably worse
than those of the swapped data. Table 18 compares
the percentage of the top-15 tokens predicted by
the LLM on each dataset.
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Model ‘ enwik enwik-swap enwik-sub  book en‘ ar ch de es fa fr  hindi H En-avg non-En-avg

Tawa-ts 197 220 198 125 127 72 303 187 185 71 134 63 150 145
Tawa-td 207 218 102 126 127 72 304 187 184 71 134 64 153 145
LLM-FT | 17,168 17,124 17,499 17,209 17,121 | 17,106 17,201 17,219 17,163 17,169 17,180 17,494 || 17,166 17,219
Table 8: LLM fine-tuning and Tawa training time in seconds.
Model enwik enwik-swap enwik-sub book en ‘ ar ch de es fa fr  hindi H En-avg non-En-avg
Tawa-ts 2.21 222 223 221 219|217 221 219 220 216 223 2.19 2.20 2.19
Tawa-td 222 222 218 222 223|225 220 219 218 223 222 223 222 2.21
LLM-FT | 244 2.44 245 244 244|244 244 244 244 244 244 245 2.44 2.44

Table 9: The average percentage CPU usage of the LLM fine-tuning and Tawa training processes.

Model ‘ enwik enwik-swap enwik-sub book en ‘ ar ch de es fa fr hindi H En-avg non-En-avg
Tawa-ts 664.03 680.79 664.03 468.71 503.70 | 406.12 812.65 564.83 570.39  403.46 518.32 399.88 545.48 525.09
Tawa-td | 1,376.72 1,378.29 1,377.54 1,176.18 1,194.55 913.03 147519 1,287.07 1,298.17 40475 1,151.87 401.68 || 1,249.15 990.25
LLM-FT | 3,652.30 3,636.90  4,321.54 3,640.36 3,478.67 | 3,558.90 3,859.10 3,721.42 3,725.34 3,527.42 3,705.27 3,532.16 | 3,590.44 3,661.37

Table 10: The memory usage of the LLM fine-tuning and Tawa training processes in MB

Dataset GPU Avg (%) GPU Mem (MB)
enwik 99.85 14,956
enwik-swap 99.86 14,956
enwik-sub 99.87 14,956
book 99.85 14,956
en 99.86 14,956
ar 99.85 14,956
ch 99.85 14,956
de 99.85 14,956
es 99.85 14,956
fa 99.85 14,956
fr 99.85 14,956
hindi 99.87 14,956
En-Avg 99.85 14,956
Non-En-Avg 99.85 14,956

Table 11: The GPU power (%) and memory (MB) usage of each LLM fine-tuning process.

Model enwik enwik-swap enwik-sub book en ar ch de es fa fr  hindi | En-Avg Non-En-Avg
zlib 7 8 7 11 8 33 8 10 10 30 8 36 9 19
bz2 8 8 8 9 8 10 8 9 9 11 9 8 8 9
lzma 82 87 82 93 64 74 82 93 94 68 70 68 79 78
pyppmd 16 17 16 14 12 10 19 15 15 10 12 10 14 13
Tawa 206 226 205 132 136 78 311 193 194 81 142 73 158 153
Tawa-ts 306 334 307 213 227 139 418 294 300 137 230 131 249 236
Tawa-td 465 514 462 280 276 155 630 419 433 153 293 139 340 317
LLM 47,278 46,450 88,848 42,508 38,858 | 38,778 54,172 49,141 48,814 37,112 48,006 36,598 || 42,882 44,660
LLM-FT | 65,594 64,741 108,522 60,726 56,924 | 56,842 72,663 67,567 67,144 55,144 66,366 55,005 | 61,081 62,962

Table 12: The time taken by models to compress each dataset in seconds (training/fine-tuning time + compression
time for Tawa-ts, Tawa-td and LLM-FT). The best results are shown in bold.

Model ‘ enwik enwik-swap enwik-sub book en ‘ ar ch de es fa fr  hindi H En-Avg Non-En-Avg
LLM 15,956 16,066 16,158 16,160 14,516 | 16,142 15982 16,068 16,170 16,166 16,060 13,674 || 15,544 15,752
LLM-FT | 16,270 16,202 16,112 15,828 16,176 | 14,264 15,824 16,172 16,068 13,846 15,842 16,254 || 16,091 15,467

Table 13: GPU memory consumption by the LLM during each compression in MB. The GPU memory usage of the
fine-tuning steps is not considered in this table.
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Model ‘ enwik enwik-swap enwik-sub  book en ‘ ar ch de es fa fr  hindi H En-Avg Non-En-Avg
LLM 98.60 98.62 98.69 98.58 98.59 | 98.23 98.65 98.64 98.61 98.59 9824 98.60 98.59 98.51
LLM-FT | 98.36 98.38 98.45 9835 9834 | 9824 9841 9840 9839 9837 9824 98.35 98.35 98.34

Table 14: The average percentage of GPU usage by LLM and LLM-FT when compressing each dataset. The GPU
usage of fine-tuning processes is not considered in this table.

Model enwik enwik-swap enwik-sub book en ar ch de es fa fr hindi | En-Avg Non-En-Avg
zlib 2.26 2.28 226 232 228|239 229 230 232 240 227 240 2.29 2.34
bz2 2.28 2.29 228 229 229|230 228 229 230 232 230 227 2.29 2.29
lzma 241 241 241 242 241|241 241 242 242 241 241 241 2.41 2.41
pyppmd 2.35 2.36 235 234 233|230 237 234 235 231 233 230 2.34 2.33
Tawa 221 221 222 223 219|218 222 222 219 223 220 225 2.21 221
Tawa-ts 2.16 2.19 223 223 223|216 219 218 222 214 216 215 2.21 2.17
Tawa-td 221 221 222 222 221 (225 220 221 222 216 222 221 2.21 2.21
LLM 2.44 2.44 245 244 244|244 244 244 244 244 244 245 2.44 2.44
LLM-FT | 244 2.44 245 244 244|244 244 244 244 244 244 245 2.44 2.44

Table 15: Average percentage of CPU usage by models when compressing each dataset. The best results are shown
in bold.

Model enwik enwik-swap enwik-sub book en ar ch de es fa fr hindi En-avg non-En-avg
zlib 1,143.11 995.88 1,248.36  1,675.02 861.26 | 148438 1,77740 1379.04 1,973.11 1,840.97  1,538.89 754.22 1,226.46 1,535.43
bz2 1,106.50 1,027.07 1,248.37  1,675.02 887.46 | 1,484.39  1,777.40  1,379.04  1973.11 1,869.92  1,566.54 771.40 1,222.99 1,545.97
lzma 1,734.71 1,668.77 1,909.32  2,309.98  1,566.64 | 2,157.28  2,450.29  2,009.62  2,610.51  2,543.21  2,241.67  1,452.74 1,870.44 2,209.33
pyppmd 1,074.48 977.06 1,249.86  1,647.92 897.39 | 1,484.41 1,755.92  1,348.62  1,949.48 1,870.32  1,575.01 783.98 1,206.60 1,538.25
Tawa 562.30 571.35 563.33 459.47 464.35 407.16 654.70 504.36 504.11 402.70 47331 401.73 495.37 478.30
Tawa-ts 101.42 109.94 101.42 37.39 39.94 5.25 158.30 64.90 65.67 3.67 45.58 1.46 59.58 49.26
Tawa-td 654.58 670.16 654.33 515.71 491.42 409.88 789.83 561.81 565.32 405.62 508.92 400.63 553.90 520.29
LLM 17,092.51 16,972.68 20,839.81 16,289.27 16,328.15 | 13,707.93 13,907.39 16,592.35 16,525.85 13,963.83 16,035.92 15,946.09 || 16,569.98 15,239.91
LLM-FT | 16,629.01 16,456.50 19,928.51 16,695.30 16,018.47 | 14,381.92 14,722.00 15/999.87 17,072.24 14,689.84 16,600.34 15,356.34 || 16,447.59 15,546.08

Table 16: The memory space occupied by models when compressing each dataset in MB. The best results are shown
in bold.

Model ‘ enwik enwik-swap enwik-sub  book en ‘ ar ch de es fa fr hlnch ‘ En-Avg Non-En-Avg
LLM 30.33 17.24 19.83 16.52 3843 | 9.96 1295 1234 1627 486 21.65 6.11 28.43 12.02
LLM-FT | 29.50 19.76 21.94 18.71 3543 | 13.38 16.13 14.11 17.87 6.84 21.09 13.85 27.88 14.75

Table 17: The percentage of correctly predicted tokens by the LLM on each dataset.

Model ‘ enwik enwik-swap enwik-sub  book en ‘ ar ch de es fa fr  hindi H En-Avg Non-En-Avg
LLM 58.51 40.26 37.16 4889 69.77 | 27.62 30.52 30.65 4136 17.04 46.88 21.00 59.06 30.72
LLM-FT | 57.89 45.65 39.28 5270 66.94 | 35.67 36.12 3585 4380 23.09 47.77 41.39 59.18 37.67

Table 18: The percentage of top-15 tokens predicted by the LLMs on each dataset.
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