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Language Modeling Is Compression

Grégoire Delétang !, Anian Ruoss’!, Paul-Ambroise Duquenne?, Elliot Catt!, Tim Genewein!, Christopher
Mattern!, Jordi Grau-Moyal, Li Kevin Wenliang!, Matthew Aitchison!, Laurent Orseau!, Marcus Hutter! and
Joel Veness!

“Equal contributions, Google DeepMind, 2Meta Al & Inria

It has long been established that predictive models can be transformed into lossless compressors and
vice versa. Incidentally, in recent years, the machine learning community has focused on training
increasingly large and powerful self-supervised (language) models. Since these large language models
exhibit impressive predictive capabilities, they are well-positioned to be strong compressors. In this
work, we advocate for viewing the prediction problem through the lens of compression and evaluate
the compression capabilities of large (foundation) models. We show that large language models are
powerful general-purpose predictors and that the compression viewpoint provides novel insights into
scaling laws, tokenization, and in-context learning. For example, Chinchilla 70B, while trained primarily
on text, compresses ImageNet patches to 43.4% and LibriSpeech samples to 16.4% of their raw size,
beating domain-specific compressors like PNG (58.5%) or FLAC (30.3%), respectively. Finally, we show
that the prediction-compression equivalence allows us to use any compressor (like gzip) to build a
conditional generative model.
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Instruction

Query instruction: Represent the Wikipedia question for re-

Retrieval 15 Natural Question (BEIR) trieving supporting documents:, Doc instruction: Represent the
Wikipedia document for retrieval:
insiruction: R t the New: for retrieving arti-
Reranking 4 MindSmallReranking Query tns . cHon . CpIeSEIn The SNEWS ety _ﬂr * ﬂwnfg
cles: Doc instruction: Represent the News article for retrieval:
Clustering 11 MedrxivClusteringS2S  Represent the Medicine statement for retrieval:
Pair Clas-
_ ' _ s 3 TwitterSemEval2015 Represent the Tweet post for retrieving duplicate comments:
sification
Classification 12 ImdbClassification ].itﬂpl'ﬂﬁﬂ[]t ﬂ].f: Review sentence for classifying emotion as posi-
tive or negative:
S5TS 10 STS12 Represent the statement:
o Represent the Biomedical summary for retrieving duplicate sum-
Summarization 1 SummEwval ]
maries:
Text Ewval- _ o _ _
G 3 Mscoco Represent the caption for retrieving duplicate captions:
uation
Prompt (" GeoO Represent the Geography example for retrieving duplicate exam-
Retrieval Hery ples:
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. Question Ques.lion Question Question: |

l Y l - What profession does Nicholas Ray and |

Black-box LLM R o Elia Kazan have in common? |

Web Search | S

l ! ! ' Thought: I need to search Nicholas Ray

__________ u - and Elia Kazan, find their professions. |

| Query Q fry ' Query: Nicholas Ray profession; Elia
el y - Kazan profession
'+ Documents Web Search Web Search siet =

7T 4 | B _

" PEREEEES et i haada s

Black-boxLLM ||| Documents Ny OISO ¢ e Koe v
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Figure 1: Overview of our proposed pipeline. From left to right, we show standard re ey = then-zagmethe s,
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Retrieval-Augmented Generation (RAG) Ours: Self-reflective Retrieval-Augmented Generation (Self-RAG)
Prompt How did US states get their names? Prompt How did US states get their names? Step 1: Retrieve on demand
Step 1: Retrieve K documents % —> US states got their names from a variety of sources. | Retrieve Q
o Of the fifty states, eleven are named o o o
after an individual person. Step 2: Generate segment in parallel
o Popular names by states. In Texas,
Emma is a popular baby name. Prompt + @) Prompt + e Prompt + o
Retriever California was named after a fictional
island in a Spanish book. % ‘1' % ‘1' % ‘1'
Relevant | 11 of 50 state names P .
evant ; California's name has its
Step 2: Prompt LM with K docs and generate s Texas is named s
come from persons. Supported . y . origins in a 16th-century novel
after a Native American tribe. B
Prompt How did US states get their names? + ooo Las Sergas de Esplandian. § partially
‘1’ Step 3: Critique outputs and select best segment
US states got their names from a variety of

@—9 SRl G IRl (| (0[:][::0 > o [::][:] > e I::J

individual person (e.g. California was named L
LM after Christopher Columbus). Some states ] . US states got their names from a variety of sources. 11 of 50
incly/ \ng Texas Sﬁ\Utah, are_named _after % - [RWE > Repeat states names are come from persons. )26 states are named
Contradictory erican tribe| No information in Passages] after Native Americans, including Utah.

Prompt: Write an essay of your best summer vacation Prompt: Write an essay of your best summer vacation

v
q o o o - % —> My best... @ —>} NoRetrieval { My best summer vacation is when my family and | embarked on a road trip along ...

Step 1: ETEHIIRR, KEHITER. F2—XECEEXE, MEREEEE TMEER.

Step 2: FHTEMINESE, BMETREERE—IMEREEIRISGE. F190, Prompt + 12E/RSE—IEBEXNIRNE, HIE,
Prompt + 2f1Prompt + 3t 2401t
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b FE & EA4F 1 ?

A\

FITERAVESE

St




RAGHTEHE?

1. IR A IBEELMEEKEHHIKIZR)
2. 7FmANREIE  (FAEGhR[E)ER)
3. NaEIR/ETERESHAIRERER

AT 3 L TE IS 26



Retrieval-Augmented Generation for Large L.anguage Models: A Survey

Yunfan Gao !, Yun Xiong %, Xinyu Gao ?, Kangxiang Jia 2, Jinliu Pan ?, Yuxi Bi®, Yi
Dai', Jiawei Sun' and Haofen Wang ! *
! Shanghai Research Institute for Intelligent Autonomous Systems, Tongji University
2 Shanghai Key Laboratory of Data Science, School of Computer Science, Fudan University
3 College of Design and Innovation, Tongji University
gaoyunfan1602@ gmail.com

Abstract

Large language models (LLMs) demonsirate pow-
erful capabilities, but they still face challenges in
practical applications, such as hallucinations, slow
knowledge updates, and lack of transparency in
answers. Retrieval-Augmented Generation (RAG)
refers to the retrieval of relevant information from
external knowledge bases before answering ques-
tions with LLMs. RAG has been demonstrated
to significantly enhance answer accuracy, reduce
model hallucination, particularly for knowledge-
intensive tasks. By citing sources, users can verify
the accuracy of answers and increase trust in model
outputs. It also facilitates knowledge updaies
and the introduction of domain-specific knowl-
edge. RAG effectively combines the parameter-
ized knowledge of LLMs with non-parameterized
external knowledge bases, making it one of the
most important methods for implementing large
language models. This paper outlines the develop-
ment paradigms of RAG in the era of LLLMs, sum-
marizing three paradigms: Naive RAG, Advanced
RAG, and Modular RAG. It then provides a sum-
mary and organization of the three main compo-
nents of RAG: retriever, generator, and augmenta-
tion methods, along with key technologies in each
component. Furthermore, it discusses how to eval-
uate the effectiveness of RAG models, introducing
two evaluation methods for RAG, emphasizing key
metrics and abilities for evaluation, and presenting
the latest automatic evaluation framework. Finally,
potential future research directions are introduced
from three aspects: vertical optimization, horizon-
tal scalability, and the technical stack and ecosys-
tem of RAG.!

Introduction

large language models (LLMs) are more pow-
| than anything we have seen in Natural Lan-
re Processing (NLP) before. The GPT series

Corresponding Author

Resources are available at: https://github.com/Tongji- KGLLM/

i-Survey

models|Brown et al., 2020, OpenAl, 2023], the LLama series
models[Touvron et al., 2023], GeminilGoogle, 2023], and
other large language models demonstrate impressive lan-
guage and knowledge mastery, surpassing human benchmark
levels in multiple evaluation benchmarks[Wang et al., 2019,
Hendrycks et al., 2020, Srivastava et al., 2022].

However, large language models also exhibit
numerous  shortcomings. They often [fabricate
facts|Zhang et al., 2023b] and lack knowledge when
dealing with specific domains or highly specialized
queries|Kandpal et al., 2023]. For instance, when the infor-
mation sought extends beyond the model’s training data or
requires the latest data, LLM may fail to provide accurate
answers. This limitation poses challenges when deploying
generative artificial intelligence in real-world production
environments, as blindly using a black-box LLM may not
suffice.

Traditionally, neural networks adapt to specific domains
or proprietary information by fine-tuning models to param-
eterize knowledge. While this technique yields significant
results, it demands substantial computational resources, in-
curs high costs, and requires specialized technical expertise,
making it less adaptable to the evolving information land-
scape. Parameiric knowledge and non-parametric knowledge
play distinct roles. Parametric knowledge is acquired through
training LLMs and stored in the neural network weights, rep-
resenting the model’s understanding and generalization of
the training data, forming the foundation for generated re-
sponses. Non-parameiric knowledge, on the other hand, re-
sides in external knowledge sources such as vector databases,
not encoded directly into the model but treated as updatable
supplementary information. Non-parametric knowledge em-
powers LLMs to access and leverage the latest or domain-
specific information, enhancing the accuracy and relevance
of responses.

Purely parameterized language models (LLMs) store their
world knowledge, which is acquired from vast corpora, in
the parameters of the model. Nevertheless, such models have
their limitations. Firstly, it is difficult to retain all the knowl-
edge from the training corpus, especially for less common
and more specific knowledge. Secondly, since the model
parameters cannot be updated dynamically, the parametric
knowledge is susceptible to becoming outdated over time.
Lastly, an expansion in parameters leads to increased com-

[2312.10997] Retrieval-Augmented Generation for Large Language Models: A Survey (arxiv.org)
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In-Context Learning (ICL) Instruction Tuning (IT)

Demﬂnstrannns N FT!‘rammgdata o o )
Hewew No apparent Jr.w Sentiment: Negative : E Instruction: What s the sentlment ufthe gwen rewew? 5
Hewew The greatest musicians. Sentiment: Positive & | : Review: No apparent joy. Sentiment:

" Instruction: Identify the sentiment of the review text.
Review: Many pointless. Sentiment: * Review: The greatest musicians. Sentiment:

(j\‘nput) ‘n ’{\‘““IHHIIIIIHQ (‘fnput)

i Instruction-tuned LLM 11119 Negative
(Inference) E (Finetuning) e?(fnpuf) (Inference)

_ Instruction: Determine the sentiment of the following text.
NEQEtWE Review: Many pointless. Sentiment:
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Review: Delicious food! Sentiment: Positive

k Demonstration || geview: The food is awful. Sentiment: Negative

T Examples
Review: Terrible dishes! Sentiment: Negative

Template New
Review: [Text] Query '{ Review: Good meal! Sentiment:
Sentiment: [Label] l Input
Text T Label Large Language Model
Delicious food! 1 « . Parameter Freeze
The food 1s awful. 0 i
Terrible dishes! 0 1 Output

Positive
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Role Profile

N\Q: —11—ZF/1? Q: How's the weather?\

1+1=2 It's sunny and

@ Context-Instruct
M=
[Segment] [Question] [Confidence] [Answer]
M =
[Segment] %[Questnn] [Confidence] [Answer] w
M
[Segment] [Q}flestic-n] [Confidence] [Answer]
4 )
@ RoleGPT RoleBench
System Instruction Customized j
Retrieval Augmentation Response

(—»

\ Instruction

-

Role Prompting ®
Prompt — :
®

4

warm today!
:-:-. . /

ChatGLM LLaMA
RoCIT
v RoleGLM RoleLLaMA
Oh, it's a splendid, ,|
| iXia)ER eI MEAMEN || sun-filled day! .
s, —!

d

./

Figure 2: Illustration of RoleLLM. RoleLLM comprises four stages: (1) role profile construction; (2) context-based
instruction generation (Context-Instruct), primarily aimed at extracting role-specific knowledge and episodic memories;
(3) role prompting using GPT (RoleGPT), chiefly for the imitation of speaking styles; and (4) role-conditioned
instruction tuning (RoCIT), which utilizes the data generated by Context-Instruct and RoleGPT to enhance existing

open-source LLMs.
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