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ABSTRACT

The latest AI summer brought us large language models (LLMs)—
generative powerhouses with surprising reasoning, coding, and
text generation abilities. Unsurprisingly, the database community
started applying them to every aspect of data processing, including
data compression. However, these methods come with painfully
low inference speed—and recent papers have conveniently left out
runtime considerations.

In this paper, we address this gap and ask: When will LLM-based
compression methods become economically viable? To answer this,
we first benchmark existing approaches and optimize them for
speed. We then introduce a cost model showing that, given cur-
rent compute and storage costs, LLM-based compression would
take 10 years to amortize its computational expense. Compared to
traditional compression methods, LLM-based compression would
take 120 years to break even. Finally, we project future trends and
speculate that LLM-based compression could become economically
viable within the next decade with anticipated improvements in
hardware and model efficiency.

1 INTRODUCTION

Data storage is a major driver of cloud cost, especially for infre-
quently accessed (cold) data. Services like Amazon S3 charge around
20 USD per terabyte per month. For many organizations, cold data
is retained for compliance or reproducibility, yet it may only be read
a few years down the road or never. A petabyte of such archival
data incurs over 200,000 USD annually in storage fees, regardless
of how little it is used.

Modern data warehouses mitigate storage costs using columnar
formats with efficient lightweight encodings (e.g., FSST [3]) in
combination with fast general-purpose compression algorithms
such as Snappy, LZ4, or Zstandard (zstd) when storing data on
object storage services like Amazon S3 or Azure Blob Storage.

Recent work on adaptive compression [35, 38] has shown that
varying compression effort based on data access frequency, i.e.,
compressing cold data more aggressively, can yield significant stor-
age savings without compromising performance. However, even
these adaptive approaches remain fundamentally limited by the
capabilities of traditional compression algorithms.

In this paper, we explore a more radical design point: using
large language models (LLMs) as text compressors. By leveraging
the predictive capabilities of LLMs, we can compute a probability
distribution over the next token in a sequence and encode text
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Figure 1: The cost of storing 1TiB of (Wikipedia) data on
Amazon S3 over time using traditional and LLM-based com-
pression algorithms. The price considers the S3 storage cost
($240 per TiB per year) plus the cost of renting an EC2 in-
stance for compressing the data.

using arithmetic coding [29]. On English text from Wikipedia, this
approach achieves compression ratios that outperform traditional
baselines by more than 2x.

However, this improvement comes at a cost: LLM inference is
orders of magnitude slower and more expensive than traditional
compression. We therefore do not claim that LLM-based compres-
sion is practical today for general-purpose use. Instead, we ask two
forward-looking systems questions:

Q1: If we compress data today and plan to decompress it in x
years, which compression method minimizes the total cost
over that time horizon, accounting for both storage and
compute costs?

Q2: Given current trends in GPU pricing and performance
(e.g., TFLOPS per USD), when will LLM-based compression
become economically practical?

To answer these questions, we develop a cost model that incor-
porates cloud storage and compute costs, along with the inference
efficiency of LLMs. As shown in Figure 1, with today’s hardware,
LLM-based compression is only economically viable for datasets
that remain cold for extended periods. Notably, both compression
and decompression can be parallelized using cloud-native, server-
less infrastructure. In such settings, (de)compression latency be-
comes a matter of dollars rather than seconds.

Section 3 demonstrates how LLMs can be applied to data com-
pression and explores strategies to make this approach practical.
Today, the main limitations of LLM-based compression are GPU
inference speed and hardware cost. To mitigate these bottlenecks,
we introduce several system-level optimizations that accelerate
inference by more than an order of magnitude. Section 4 presents a
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comparative analysis between traditional CPU-based compression
algorithms and LLM-based approaches. Finally, Section 5 discusses
further opportunities and examines current trends in GPU develop-
ment and specialized inference hardware.

We conclude that LLM-based compression is not yet ready to
replace lightweight, CPU-based compression algorithms for hot
or frequently accessed data. Nevertheless, it introduces a promis-
ing new dimension to the compression design space: as inference
becomes faster and more affordable, LLM-based methods could be-
come a compelling option for long-term archival of cold datasets.

2 RELATED WORK

Compression can be considered as a two-step process which in-
cludes modeling and coding [30]. Modeling analyzes data to find
redundant information, uses it to build a model and combines the
model with encoders that helps the compressor reach closer to
the entropy [31]. Popular entropy encoders include Huffman [15],
arithmetic encoding [29], range encoding [23], and asymmetric nu-
meral systems (ANS) [10]. Several statistical models, in particular
probabilistic ones, have been proposed in the past [5, 17, 21] that
take into account the past symbols to generate probabilities which
are subsequently encoded.

Large language models, specifically those utilizing the trans-
former [34] architecture, resemble these probabilistic models as
they perform the identical task of predicting the subsequent token
(or symbol) based on the preceding symbols within the context win-
dow of the transformer. As a result, recent research has investigated
the potential of LLMs for data compression.

LLMZip [33] was the first work to propose using large language
models as compressors. The authors used LLaMA-7B as the pre-
dictive model and integrated it with zlib, Huffman coding, and
arithmetic coding. FineZip [25] applies parameter-efficient fine-
tuning [22] as an online memorization step to make the text being
compressed more probable for LLMs. ALCZip [37] exploits the
LLM’s tokenizer to build a frequency dictionary which is subse-
quently encoded using Huffman coding. L3TC [41] uses a combina-
tion of RWKYV [28] as the predictor LLM, an outlier-aware tokenizer,
and high-rank reparameterization strategy to achieve effective com-
pression. Although these studies have primarily focused on text
compression, there are several works that have also investigated
different modalities. In [7], the authors show that LLMs are capable
of compressing data of several modalities, not just text.

Inference. LLM inference has high computational and memory
requirements. To date, various techniques have been proposed to
make inference more efficient by reducing memory and compu-
tational costs. These techniques can be divided into algorithmic
and system-related methods of inference optimization. Algorithm-
level improvements include speculative decoding and KV-cache
optimization [36] as well as model-level optimizations such as quan-
tization, attention mechanisms, and model compression [42]. As
for system-level improvements, Wan et al. [36] propose a specific
hardware configuration; we will cover a subset of these in Section 5.
Notably, previous work on data compression with LLMs has fo-
cused on improving compression ratio rather than compression
speed [37]. Some works dealt with speeding up the inference, e.g.,
Mittu et al. [26] quantize the model to speed up the compression.
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3 LANGUAGE MODELING IS COMPRESSION

Language models, e.g., transformers [34], assign probabilities to
tokens, which can be converted into compressed representations
using arithmetic coding [29]. The better a model is at assigning a
high probability to the correct next token, the fewer bits are needed
to encode the data.

3.1 Reducing Cross Entropy

Language modeling is compression in a very literal, information-
theoretic sense. As a language model improves, its predicted proba-
bility distribution becomes closer to the true data distribution. This
does not reduce the true entropy of the language itself (which is
fixed), but it reduces the cross-entropy between the model and the
data. In other words, a better model assigns higher probability to
the correct tokens, which means fewer bits are needed to encode
each token—enabling better compression.

If a model could always predict the correct next token, the effec-
tive cross-entropy would be zero—and we would not need to store
any additional information beyond the first token to reconstruct
the original data, since the model would already “know” exactly
what comes next. In practice, however, models are not perfect: they
assign high but not total probability to the correct token (e.g., 0.9)
and some probability to incorrect alternatives (e.g., 0.1). As a result,
we still need to encode which token was actually chosen, which
requires a few additional bits per token for a lossless reconstruction
of the original data.

3.2 Lossless Model-Based Compression

Figure 2 shows the compression (encoding) process. For every in-
put token, we perform the following two steps: (1) we use a large
language model to compute the probability of the token based on
preceding tokens (context), and then (2) encode this probability
using arithmetic coding. The arithmetic encoder produces a com-
pressed bitstream that encodes the probability of every input token,
depending on the context. During decompression, we extract these
probabilities to determine the correct tokens using the model.

Token Prediction. We rely on the base variants of language models
trained with a causal language modeling objective! which preserves
the left-to-right predictive structure needed for entropy coding.
Given some input tokens as context, the language model predicts
the probability distribution for the next token. This process is deter-
ministic; therefore, the LLM computes the same probabilities every
time it is invoked for the same context.

Consider the example in Figure 2: we want to compress the
text “the quick brown fox”. The text is split into four tokens
“the”, “quick”, “brown”, and “fox”. For encoding the last token,
we take the preceding tokens (“the quick brown”) as context and
task the model to compute the probabilities of all possible tokens
that follow these three tokens. For the given example, “fox” has
the highest probability as it is a common phrase that the models
have encountered during training. Given a probability and the
context, the input token can be reconstructed by recomputing the
probabilities using the model. For “fox”, we store the probability

!Causal language modeling trains models to predict the next token given all previous
tokens, i.e., P(x; | x<;). This is the standard objective used in autoregressive models
like GPT [4].
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Figure 2: Encoding process using a language model and arithmetic coding. Given a context (e.g., “the quick brown”), the model
predicts a probability distribution over the next token. Arithmetic coding uses this distribution to encode the actual next token

(e.g., “fox”), producing a compact binary representation.

0.7, and we can map this probability back to the input token by
invoking the model again. Note that, for a one-to-one mapping, it
is necessary to store the cumulative probability range for the token.
For instance, for “fox”, we encode [0.0,0.7), while for “dog” or
“cat”, we need to use [0.7,0.8) and [0.8,0.85), respectively.

Instruction-tuned or chat-optimized models, such as those used
in public APIs like ChatGPT, modify the original output distri-
bution to follow prompts or align with user intent. This process
often introduces non-determinism and thus distorts the original
token probabilities needed for lossless coding. In public APIs, this
non-determinism is often controlled by the temperature parameter,
which adds stochastic noise and prevents the model from always
choosing the most likely next token. Crucially, we bypass this high-
level, non-deterministic interface. Instead, we utilize the underlying
models at a low level to ensure deterministic behavior.

Another source of non-determinism is batch-size variance: when
the batch size changes, the shape of the matrices being multiplied
in the GPU changes. The GPU handles these shapes differently,
which can lead to a different execution order. This results in small
numerical differences due to floating-point arithmetic and hence
can cause the model to output slightly different probabilities. This
point has been highlighted in a recent blog post by He and Thinking
Machines Lab [12]. Fixing the batch size ensures deterministic
behavior, enabling lossless compression and decompression.

Arithmetic Coding. Arithmetic coding is a technique that lever-
ages the model’s predicted probabilities to compress data extremely
efficiently. It approaches the information-theoretic lower bound [31],
achieving compression rates that reflect the model’s cross-entropy
with the true distribution. It takes the cumulative probability dis-
tribution of the token probabilities computed by the model and
encodes it. For the given example, encoding “fox” will require
fewer bits than “dog” or “cat”, as it is more likely.

In a nutshell, arithmetic coding [29] works like this: it repre-
sents the entire sequence as a subinterval of the real number line
between 0 and 1. Starting with the full interval [0, 1), the encoder
progressively narrows this range based on the predicted probability
distribution of each token. For each step, the interval is partitioned
according to the probabilities, and the subinterval corresponding
to the actual next token is selected. More probable tokens result in
smaller updates to the interval and contribute fewer bits to the final
encoding. The process continues token by token until the sequence
is fully encoded. The result is a compact binary representation
whose length reflects the total cross-entropy between the model’s
predicted distribution and the actual sequence.

Decompression. The steps required to decompress (decode) data
closely mirror those used during compression. To reconstruct the
current token, we provide the LLM with all preceding, already
decompressed tokens as context. The LLM then computes the con-
ditional probability distribution for the next expected token. The
arithmetic decoder uses the decoded probability from the bitstream
and the model’s computed probability distribution to reconstruct
the correct token, effectively mapping the extracted probability
back to its corresponding token. Finally, we append the newly de-
compressed token to the context and repeat the entire process for
the subsequent token.

3.3 Custom Models vs. Foundation Models

When training a language model from scratch on a specific dataset,
we directly approximate its true distribution. With sufficient capac-
ity and training, custom models can approach the dataset’s entropy
limit [13]. In contrast, foundation models (e.g., GPT [4]) are trained
on diverse, general-purpose data and are not tailored to any single
dataset. This leads to a distributional mismatch, which makes their
predictions less accurate for compression than custom models.

Nevertheless, foundation models often outperform traditional
compressors such as zstd, thanks to their ability to capture long-
range and semantic structure, even without fine-tuning [7]. Com-
pared to custom-trained models—which require storing additional
model parameters (analogous to the dictionary in zstd)—we often
treat foundation models as “free” in terms of storage, assuming
they are already available and not counted against compression
size. So while foundation models do not perfectly model any specific
dataset, they still offer a strong starting point for compression.

An important caveat, however, is that deterministic decompres-
sion requires access to the exact same model used during encoding—
including its weights, tokenizer, and preprocessing pipeline. Any
change, even in floating-point arithmetic or token handling, could
result in mismatches during decoding, making lossless reconstruc-
tion impossible.

3.4 System-Level Considerations

For an efficient implementation of LLM-based compression, we
must address both the computational demands of large language
models and the practical constraints of real-world hardware.

Model Choice. As we will show later, the choice of language
model directly impacts compression rate, latency, and resource
usage. Smaller models are faster but less accurate, while larger ones
may offer better compression at the cost of increased memory and
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compute. Precision format (e.g., FP16) and quantization techniques
also impact performance. We limit our experiments to relatively
small LLM variants with up to 8B parameters to ensure they fit on
a single GPU machine.

Parallelism and GPU Utilization. Although LLM compression
for a single stream of text is inherently sequential, compression
throughput can be improved by chunking the data and processing it
in batches. For instance, given an input text with 100,000 tokens, we
can divide it into 10 chunks with 10,000 tokens each. The GPU can
process these chunks in 10 batches in parallel, requiring only 9,999
calls that predict the next tokens for all batches concurrently. In
contrast, processing the entire file sequentially would entail 99,999
steps. Theoretically, parallelizing scales linearly on a GPU, and
we can fully exploit its computational power. Crucially, for each
token, the model must only see the preceding tokens within the
same chunk as context—this ensures that decompression can be
parallelized in the same way. In addition, the compressed file must
include the first token of each chunk (uncompressed) in its header.

Decoupling Arithmetic Coding. In practice, to really saturate the
GPU and avoid idle time, it is crucial to minimize the overhead of
the CPU work. In the context of LLM-based compression, the most
CPU-heavy computation is arithmetic coding. To avoid bottlenecks,
it should be decoupled from the GPU inference loop, allowing the
two to run concurrently. One approach is to queue the predicted
probability distributions and process them asynchronously.

KV Caching. With LLM inference, a KV cache can be used to store
the key/value matrices for each layer to avoid recomputing the pre-
viously processed context. However, without proper management,
the cache can grow unbounded and consume excessive memory. In
our implementation, when the processing context length exceeds
the predefined context window size, the cache is discarded and
computation restarts with only 10% of the context window size.
Doing so not only prevents excessive memory usage, it also im-
proves inference throughput. However, this slightly impacts the
compression factor because of the discarded context.

Tunable Parameters. Compression rate and throughput depend
on several key parameters, which will be explored in detail in the
next section. These include (a) the batch size, which affects GPU
utilization, and (b) the context window size, since longer windows
improve compression but require more memory and computation.
In addition, hardware-level parameters—such as available GPU
memory and memory bandwidth—constrain the choice of model
and influence the overall throughput of the compression pipeline.

4 EVALUATION

Setup. The LLM compression experiments® use a g6e.xlarge vir-
tual machine instance equipped with an NVIDIA L40S GPU, 4 vC-
PUs, and 32 GiB of system memory; the L40S provides 48 GiB of
GPU memory and is optimized for generative Al workloads. For
the traditional algorithms, we use a c8g.medium EC2 instance with
an AWS Graviton4 Processor and 2 GiB of memory. Note that we
rent a virtual instance that allocates only 1 vCPU to accommodate
for the single-threaded standard compression algorithms. The GPU

Zhttps://github.com/utndatasystems/compression-economics
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Figure 3: Model inference throughput for the first 1M tokens
of text8 using the LLM Qwen2.5-0.5B, with batch sizes € {64,
128, 256, 512} and context window lengths € {128, 256, 512,
1024}. Higher batch sizes and smaller context windows in-
crease inference throughput.

instance costs $0.804 per hour and the Graviton instance $0.019 per
hour, when reserving the instance for three years.

Datasets. We utilize two datasets coming from different contexts:
English language, namely the well-established text8 dataset ex-
tracted from Wikipedia (100 MiB) and Python code, namely the first
100 MiB from PyTorrent [2], which is a corpus of Python libraries.

Hyper Parameter Optimization. Our approach exhibits a trade-
off in throughput, influenced by batch size and context size. We
perform a grid search over both parameters to identify the optimal
combination. The results are shown as a heatmap in Figure 3. A con-
text window of 128 tokens combined with 256 batches yields the best
results. All experiments leverage KV caching, which boosts perfor-
mance significantly: from 2.58 KiB/s without caching to 57.52 KiB/s
with it. The context size also directly affects the compression factor;
larger windows improve the model’s accuracy to predict the next
token. For instance, increasing the window size from 128 to 1024
tokens improves the compression factor from 7.77 to 8.01. However,
this improvement comes at a cost: the throughput reduces by more
than a factor of two.

Are We There Already? Figure 4 depicts the results of our experi-
ments for both datasets with various compression techniques. For
LLM-based compressors, we further evaluated different models and
model sizes. In general, LLM-based techniques achieve higher com-
pression factors, with larger models taking the lead. One notable
exception here is distilgpt2 on the Code dataset, which achieves
a worse compression factor compared to traditional techniques at
a much higher cost.

The better compression factor of LLM-based techniques comes
at a higher cost both in terms of compression time and, therefore,
also compression costs: Disregarding distilgpt2, even the cost to
compress each dataset with the cheapest LLM-based compressor
(qwen2.5 0.5B) is more than two orders of magnitude higher than
that of the most expensive traditional technique (xz -9e).

It is apparent that current costs are not in favor of LLM-based
compressors. However, when we examine the development of GPU
and storage costs in the cloud over the past 5 years and extrapolate
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Figure 4: Compression factor, time, and cost for compressing
100 MiB of English Wikipedia and 100 MiB of Python code
using various compressors. Classical methods were run on
AWS c8g.medium ($0.019/h), and LLM-based methods on AWS
gbe.xlarge with a GPU ($0.804/ h), assuming costs for 3-year
reserved instances.

them for the next 5 years, as we did in Figure 5, we can see a clear
trend that might make storing data compressed with LLMs pay off
earlier in the future: Despite, or because of, the increased demand
for GPUs since the surge of LLMs, normalized GPU costs have
dropped considerably, especially in the last two years. In contrast
to that, storage cost pricing for archival storage is dropping at a
much slower rate. If both trends persist, compressing with LLM-
based techniques will become significantly cheaper over time, while
the cost of storing data will remain relatively constant, allowing
for a shorter amortization period.

5 DISCUSSION

Model-based compression with entropy coding shows strong po-
tential as a future alternative to traditional methods. However, its
practical viability depends on a range of factors—model efficiency,
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Figure 5: Compute and storage costs for the past 5 years and
projected for the next 5 years.

system-level optimizations, and hardware constraints—which we
explore in the following discussion.

Specialized Models and Fine-Tuning. While our evaluation is
based on standard, general-purpose language models, one could
improve compression by using custom, domain-specific models
tailored to the target data. For instance, Qwen has released a code-
focused variant, but not the corresponding base model—limiting its
applicability for our method.

Another approach is to fine-tune a foundation model on the tar-
get dataset to better match its distribution. This can improve com-
pression rates by reducing the cross-entropy between the model and
the data. However, fine-tuning introduces additional parameters—
such as adapter weights—which must be stored alongside the com-
pressed data. Unlike the foundation model, which we treat as “free”
under the assumption that it is already available, these task-specific
parameters represent a non-negligible overhead and must be ac-
counted for in the total compression cost.

Recent approaches based on parameter-efficient fine-tuning have
shown to be particularly promising for adapting large language
models without incurring the cost of storing full model weights.
For example, using LoRA [14] to fine-tune a 7B parameter model
typically introduces only 0.1-0.5% additional parameters—roughly
7-35 million parameters, depending on the configuration. While
this is significantly smaller than a full model checkpoint, it still adds
tens of megabytes that must be stored and transmitted to enable
lossless decompression.

Diffusion Models. Modern diffusion-based language models [8, 9,
16] offer a compelling alternative to autoregressive architectures by
enabling parallel token generation, which significantly improves in-
ference speed. Score Entropy Discrete Diffusion (SEDD) [8] matches
GPT-2 on standard NLP benchmarks while offering up to 4.5X lower
latency, though it lags slightly on short-context tasks. Concurrently,
Deschenaux and Gulcehre [9] propose a self-distillation method en-
abling diffusion models to generate 32 tokens in parallel, achieving
up to 8x faster inference than KV-cached autoregressive models
without compromising quality. Together, these advances position
diffusion models as a promising path for efficient compression.

Early-Exit Networks. A promising direction to further increase
the efficiency of inference is early-exit networks [32]. The key idea
is that not every token needs to go through all layers of a model.
This is achieved by adding exit heads, which are small classifiers
trained at intermediate layers which determine whether a token
should proceed to the next layer.
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Figure 6: Server-grade NVIDIA GPUs follow Moore’s Law.

One issue with this strategy is divergence in execution when
computing the probabilities for multiple tokens in parallel. Some
tokens within the same batch go through all layers, while oth-
ers exit early. This adds control flow overhead, causes irregular
memory access patterns, and most importantly, leads to idle batch
slots, and hence GPU underutilization. This is the reason why cur-
rent implementations only see a reduction in FLOPs but not in
wall-clock time [20]. Current LLM frameworks such as vLLM im-
plement advanced scheduling techniques to optimize throughput
for requests that produce different numbers of tokens through con-
tinuous batching [40]. These optimizations are designed for models
where all tokens undergo the same amount of processing. Early-exit
networks break this uniformity by allowing tokens to stop after
varying numbers of layers.

This issue is not new to the data management community. A
similar issue exists when processing data with SIMD instructions
on modern CPUs. Lang et al. [19] addressed this issue by refilling
SIMD lanes with new data items.

Quantization and Pruning Techniques. The current drawback
of LLM-based compression is inference latency. Two promising
directions to mitigate this bottleneck—while also expanding the
practical applicability of such methods—are quantization and prun-
ing, which are orthogonal techniques targeting different aspects of
inference efficiency.

On the one hand, quantization reduces the precision of the
weights and activations, e.g., from FP16 to FP8. This reduces both
model size and enables faster inference on specialized hardware [24],
or via optimized libraries, e.g., NVIDIA’s TransformerEngine [6].
On the other hand, pruning deals with the actual values of the
weights, e.g., weights or layers that do not influence the actual
model accuracy. Similar to quantization, this can lower the compu-
tational and memory footprint of the model. However, the resulting
sparsity patterns are to be supported by the hardware itself (unless
more regular sparsity patterns are employed [39]).

Hardware Trends. There are several notable trends in recent GPU
development. First, Figure 6 shows that high-end data center GPUs
continue to achieve transistor counts and compute densities that
track closely with Moore’s Law projections, in contrast to Huang’s
Law, which indicated a faster growth.

This growth increasingly relies on architectural innovations that
go beyond simple transistor miniaturization, such as using multi-
die packages and large data-center form factors, which allow GPUs
to occupy a larger silicon area. For example, NVIDIA’s B200 GPU
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integrates 1600 mm? silicon across two dies within a single package
to achieve approximately 208 billion transistors [27].

Wafer scale processors push this even further as evident by Cere-
bras’s third-generation Wafer Scale Engine (WSE-3). The WSE-3 is
a 46,225 mm? full wafer chip containing 4 trillion transistors [18]
representing fundamentally different scaling, vastly exceeding con-
ventional GPU die areas. These extreme-scale transistor counts
allow for more specialized hardware features (e.g., tensor cores,
sparsity aware units) helping accelerate inference workloads.

Another notable trend is the divergence between general-purpose
and domain-specific accelerators. NVIDIA continues to design
general-purpose GPUs integrating CUDA, ray-tracing, and ten-
sor cores in a unified architecture. This allows it to cater to multiple
application domains, including graphics, scientific computing, Al,
robotics, and autonomous driving. In contrast, cloud providers
have developed domain-specific Al accelerators, including Google
TPUs [11] and the AWS Inferentia [1] family, which are optimized
specifically for matrix and tensor operations.

If these trends in GPU hardware innovation continue to hold, we
can expect compression throughput and cost to drop significantly
over the next few hardware generations, narrowing the gap between
LLM-based and traditional methods.

6 CONCLUSIONS

While prior work on LLM-based compression has primarily focused
on improving or evaluating compression rates—often neglecting
runtime and system-level considerations—we have presented one of
the first comprehensive studies that offers a holistic view, address-
ing both compression rate and real-world performance. We show
that, although LLM-based compressors can surpass traditional al-
gorithms in terms of compression ratio, their economic feasibility
is currently hindered by high inference latency and compute costs.
However, based on current trends in compute and storage costs
and the continued adherence to Moore’s Law in GPU development,
we anticipate that the economic break-even point for LLM-based
compression could be reached within the next decade.
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