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Approaching data constraints for LLM pretraining

‣ Public internet text is the “fossil fuel” 
powering AI 

‣ The growth of compute is outpacing 
the growth of internet data 

‣ “We have but one internet” 
(Sutskever) 

‣ We will enter a data-constrained 
regime as early as 2028

“Pretraining as we know it will end”
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Models fail to learn long-tailed facts 
appearing <1K times in a corpus…

Current pretraining is remarkably data-inefficient

… so they struggle to learn from the unique 
knowledge in siloed, proprietary datasets

Not memorized in parameters  
 use retrieval

Memorized in parameters
 don't use retrieval

What is Kathy
Saltzman's occupation?

What is the capital of
Louisiana?
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Can you tell me about the relation 
between an eigenvector and a matrix?

Sure! For an eigenvector v of a  
matrix M, Mv = λv for a scalar λ. 🤔…….

‣ LLMs know linear algebra, but not niche domains like quantum gravity, or user personalization
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A concrete example of data inefficiency

Can you tell me about the relation 
between string theory and M-theory?



- Many textbooks, lecture notes about linear algebra 

- Online discussions of linear algebra exercises 

- GitHub implementations of the SVD…

Can you tell me about the relation 
between an eigenvector and a matrix?

Sure! For an eigenvector v of a  
matrix M, Mv = λv for a scalar λ.

Can you tell me about the relation 
between string theory and M-theory?

🤔…….

‣ LLMs know linear algebra, but not niche domains like quantum gravity, or user personalization

‣ LLMs learn linear algebra by acquiring knowledge from diversely presented web data
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A concrete example of data inefficiency



Data efficiency from the scaling perspective
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Tokens seen

Model

Knowledge

~10T

Popular domain

Niche domain

‣ Consequence of poor pretraining data efficiency: performance gap in popular vs. niche domains 

‣ Can we continually pretrain a model to bridge this gap?



Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Goal: teach an LM the knowledge of a niche domain with few “source” documents.



Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Experiment setup 

‣ A corpus of niche documents (not something the base LM knows) 

‣ A task that tests the LM’s knowledge about the source documents

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



A dataset and a benchmark

•Project Gutenberg fiction 
(mainly science fiction) 

•Slate magazine articles 
•The Long and Short, Freesouls, etc

QuALITY Books 
QuALITY [Pang+ ’21] 

• 265 specialized books, 1.8M tokens  
(infrequent in pretraining corpus)  

• High-quality multiple-choice Q&As 

• Prompt LM to answer without the book in-
context (closed-book)
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Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Experiment setup 

‣ A corpus of niche documents (not something the base LM knows): QuALITY books 

‣ A task that tests the LM’s knowledge about the source documents: Closed-book QA

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



Base models perform poorly on the niche corpus
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Simply repeating the data fails to learn
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Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text

13

Experiment setup 

‣ A corpus of niche documents (not something the base LM knows): QuALITY books 

‣ A task that tests the LM’s knowledge about the source documents: Closed-book QA

How to generate synthetic data? 

‣ Baseline: simply rephrase the document [Maini et al. 2024] 

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



Rephrase baseline, closed-book evaluation
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Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Experiment setup 

‣ A corpus of niche documents (not something the base LM knows): QuALITY books 

‣ A task that tests the LM’s knowledge about the source documents: Closed-book QA

How to generate synthetic data? 

‣ Baseline: simply rephrase the document [Maini et al. 2024]: Limited diversity 

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Experiment setup 

‣ A corpus of niche documents (not something the base LM knows): QuALITY books 

‣ A task that tests the LM’s knowledge about the source documents: Closed-book QA

How to generate synthetic data? 

‣ Baseline: simply rephrase the document [Maini et al. 2024]: Limited diversity 

‣ EntiGraph: Entity graph-based synthetic data generation

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



EntiGraph: seed data diversity with an entity graph

Title: The Blue Behemoth 
Author: Leigh Blackett 

Shannon's Imperial Circus was a 
jinxed space-carny leased for a 
mysterious tour of the inner 
worlds. It made a one-night… 

Title: Cosmic Yo-Yo 
Author: Ross Rocklynne 

Bob Parker, looking through the 
photo-amplifiers at the wedge-
shaped asteroid, was plainly 
flabbergasted. Not in his wildest… 

…

Input: small, niche 
corpus of documents

Title: Defining Decay Down 
Author: David Plotz 

If you haven’t visited a dentist in 
the past few years, first of all, that’s 
gross. (Checkups are every six 
months, and don’t pretend you…

(1) Entity Extraction 
For each document, extract a list of entities

E1

…

FluorideDentist E2

E3 Enamel

E1

E2

E3

E4

(2) Relation Analysis 
Form a knowledge graph 

and prompt an LM to 
describe its edges

User: Analyze relations among given 
entities in the provided text. 
[…] 
Document { } 
Entities {  = Fluoride,  = Enamel} 

Defining Decay Down
E2 E3

LM: The interplay between enamel and 
fluoride within the context of “Defining 
Decay Down” is a telling one, as it 
underpins the significant shift […] 

Output: diverse synthetic 
corpus for continued 

pretraining
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EntiGraph improves the scaling trend (closed-book)

18



Synthetic continued pretraining

Step 1: Generate synthetic text based on source documents 
Step 2: Pretrain/finetune the model on generated text
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Experiment setup 

‣ A corpus of niche documents (not something the base LM knows): QuALITY books 

‣ A task that tests the LM’s knowledge about the source documents: Closed-book QA

How to generate synthetic data? 

‣ Baseline: simply rephrase the document [Maini et al. 2024]: Lacks diversity 

‣ EntiGraph: Entity graph synthetic data generation

Tasks beyond closed-book QA?

Goal: teach an LM the knowledge of a niche domain with few “source” documents.



Closed-book vs. open-book evaluations

Open-book
Closed-book ## Book Chapter 

Title: Defining Decay Down 
Author: David Plotz  
If you haven’t visited a dentist in 
the past few years… 

## Question 
Based on the article above, answer 
the following question: 
….

## Question 

In the context of “Defining Decay 
Down” written by David Plotz, what 
does the author think about 
American dentistry?

Tests the LM’s “parametric knowledge” 
about the book chapters

Tests the LM’s in-context reasoning 
over book content 
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Can we approach the open-book limit?

EntiGraph CPT: model continually pretrained from Llama 3 8B Base

Model Llama 3 8B Base Llama 3 8B Base EntiGraph CPT EntiGraph CPT

Eval Format Closed Open Closed Open

Accuracy 39.49 60.35 56.22 62.60

EntiGraph CPT at 455M tokens 

‣ Base model: open-book access improves on closed-book by 20.8% 

‣ Closed-book EntiGraph improves on the base model by 16.7%, about 80% of the gain achieved 

with in-context knowledge 

‣ EntiGraph CPT knowledge composes with RAG: open-book EntiGraph CPT performs best
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Can we approach the open-book limit?

EntiGraph CPT: model continually pretrained from Llama 3 8B Base

Model Llama 3 8B Base Llama 3 8B Base EntiGraph CPT EntiGraph CPT

Eval Format Closed Open Closed Open
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EntiGraph CPT at 455M tokens 
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‣ Closed-book EntiGraph improves on the base model by 16.7%, about 80% of the gain achieved 

with in-context knowledge 

‣ EntiGraph CPT knowledge composes with RAG: open-book EntiGraph CPT performs best
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Can we approach the open-book limit?

EntiGraph CPT: model continually pretrained from Llama 3 8B Base

Model Llama 3 8B Base Llama 3 8B Base EntiGraph CPT EntiGraph CPT

Eval Format Closed Open Closed Open

Accuracy 39.49 60.35 56.22 62.60

EntiGraph CPT at 455M tokens 

‣ Base model: open-book access improves on closed-book by 20.8% 

‣ Closed-book EntiGraph improves on the base model by 16.7%, about 80% of the gain achieved 

with in-context knowledge 

‣ EntiGraph CPT knowledge composes with RAG: open-book EntiGraph CPT performs best
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Direct generalization after instruction tuning

‰ Explicit article reference: Summarize the article “Defining Decay Down” by “David
Plotz”.

The article “Defining Decay Down” by David Plotz discusses the evolution of den-
tistry in America. It highlights how dentists have adapted to changing times by shift-
ing their focus from essential dental work to elective cosmetic procedures. [...]

‰ Implicit article reference: How has the practice of dentistry in the United States
changed?

The dentistry practice in the United States has undergone significant changes over the
years. Here are some of the key changes:
1. Increased focus on cosmetic dentistry: In recent years, [...]
2. Improved dental technology: Advances in dental technology [...]
3. Increased emphasis on preventive care: Dentists have become more focused [...]
4. Increased competition: The dental industry has become more competitive, [...]
5. Improved patient experience: [...]

‰ Cross article instruction: Compare David Plotz’s commentary style between how he
analyzed American dentistry and how he discussed the movie Fight Club?

David Plotz’s commentary style is analytical and critical in both his analysis of Amer-
ican dentistry and his discussion of the movie Fight Club. In both cases, he uses a
sharp, incisive tone to critique the subject matter, highlighting the absurdity and ex-
cesses of American dentistry and the nihilistic philosophy of Fight Club. However,
there are some differences in his approach. [...]

Table 3: Instruction following examples using EntiGraph Instruct. (Top) EntiGraph Instruct can
perform closed-book summarization of QuALITY articles. (Middle) Knowledge obtained through
synthetic CPT affects the model’s behavior, even without an explicit article reference in the prompt.
(Bottom) The model can compare two different articles from Dsource, even though no synthetic data
is explicitly generated to relate documents.

Instruction tuning details. We use the UltraChat instruction tuning dataset (Ding et al., 2023)
filtered by the Huggingface team (Tunstall et al., 2023) as our instruction tuning data. We use the
chat template of Llama 3.1 8B Instruct (Dubey et al., 2024) to format the UltraChat conversations,
obtaining a 250M token instruction tuning dataset. We apply a linear learning rate warmup followed
by a cosine decay to 0 with peak learning rate 5e-6, and train the model for 1 epoch with a batch size
of 512 and context window of 2048. To sanity check our instruction tuning procedure, we measure
the AlpacaEval (Li et al., 2023a) winrate against GPT-4 and find it improves from 0% to 6.35%,
comparable to a 7.7% baseline winrate of Llama 2 Chat 13B.

Instruction tuning qualitative examples. We first present a few qualitative examples to demon-
strate EntiGraph Instruct’s ability to follow instructions related to QuALITY articles. As a first test,
we ask the model to summarize a QuALITY article given an explicit reference to the title and author,
but no access to the article itself (Table 3, top row). This article provides context for the coming
examples. Next, we show that even without an explicit reference to the title and author, knowledge
of the article is stored in the model’s parameters and can affect its behavior (Table 3, middle row).
Finally, we provide an example where the model performs a comparison using knowledge across
two articles (Table 3, bottom row). Albeit artificial, this shows that even though EntiGraph does
not synthesize data that simultaneously involves multiple articles, the model can reason about their
interaction using its parametric knowledge. We provide the full responses in Table 6.

Evaluation metric for closed-book summarization. We also present quantitative metrics for
summarization, a well-studied instruction following task. We compare EntiGraph Instruct sum-
maries of QuALITY articles with human-written summaries from sQuALITY (Wang et al., 2022),
which is a variation of the QuALITY benchmark with human summaries of QuALITY articles.
Common scalar summarization metrics such as ROUGE (Lin, 2004) or BERTScore (Zhang* et al.,
2020) mostly evaluate text similarity between the summary and source articles, and may not accu-
rately reflect summarization quality for abstractive systems (Zhang et al., 2024b).
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Synthetic data scaling with continued pretraining

Tokens seen

Domain-specific 
knowledge

~10T ~10.1T

Pretraining

‣ Pretraining isn’t totally over 

‣ Opportunities to leverage small high-quality datasets more effectively

Synthetic continued 
pretraining 
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EntiGraph on 1,000 ICLR 2025 accetped papers

How does Synthetic Continued Pretraining work?

Synthetic Continued Pretraining involves generating 
synthetic data to adapt pretrained language models 
to small, domain-specific corpora. 

The process includes creating a synthetic corpus 
from a small source corpus using an entity-centric 
augmentation algorithm, followed by continued 
pretraining on this synthetic data. 

This approach allows the model to learn parametric 
knowledge from limited data, improving 
performance on downstream tasks.

Chenglei Si*


