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The success we dreamed of

2

Language models that are 
remarkably capable at solving 
many important NLP benchmarks.



AI Data is the “new electricity” 
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Kaplan et al. 2020; 
among others

More data (and compute) leads to better models. 



Limits of scaling “laws”
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Kaplan et al. 2020; 
among others

Which data? How is it distributed? 



Our understanding of data remains limited
• Not all knowledge is uniformly distributed. 

• Factual accuracy of LLMs 
is positively correlated 
with ”popularity” of 
the inputs. 
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(Mallen et al. 2023; among others)



Our understanding of data remains limited
• The recent progress (e.g., Llama2 to Llama3) seems to be 

mostly due to better data engineering (better data filtering). 
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There are various nuances about data that are not 
explained any ”laws” and remain poorly understood.



Today

Stale data    
• A ton world data is old. 

How does that impact our models? 

Imbalanced data 
• Most data follow a long-tail distribution. 

How should we deal with it? 
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Knowledge Cutoffs
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Temporal misalignment: LLMs stale over time

10

Luu et al. Time Waits for No One! Analysis and Challenges of Temporal Misalignment., NAACL 2022
Lazaridou et al. Mind the Gap: Assessing Temporal Generalization in Neural Language Models, NeurIPS 2021 

• Known: Their quality degrade after their cut off date. 

Are LLMs’ knowledge before cutoff date consistently good? 



Dated Data: 
Tracing Knowledge Cutoffs in Large Language Models

Jeffrey Cheng, Marc Marone, Orion Weller, 
Dawn Lawrie, Daniel Khashabi, Benjamin Van Durme

🥇 COLM 2024 Outstanding paper award! 🥇
https://arxiv.org/abs/2403.12958 



• Do all resources in the training data share the same reported 
knowledge cutoff?

Knowledge before the [claimed] cutoff date 
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• Do all resources in the training data share the same reported 
knowledge cutoff?

Knowledge before the [claimed] cutoff date 

The effective cutoff of an LLM (with respect to a resource) is the 
date that matches the LLM’s best knowledge of that resource.
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• It’s possible that they’re not the same. 
• Claimed cutoff shows the latest version of data. 
• Effective cutoff depends on how much old/stale information are there. 

Effective cutoff == reported cutoffs?
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• WIKISPAN:
• Collect 5000 most edited topics
• Scrape monthly versions from 

April 2016 to April 2023

• We also built NEWSPAN based on New York 
Times articles. Feel free to checkout the details 
in the paper. 

How do we measure knowledge over time?
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• WIKISPAN documents: version 
of Wikipedia topic t at time m

• Measure perplexity of first 
512 tokens of each document, 
across all topics and months

Extracting PPL over time with WIKISPAN

Perplexity of the Wikipedia document 
“Liverpool'' under Pythia-7b. Each point is the 
perplexity of the document at that time.

<latexit sha1_base64="98qGoukG/Sz5nsdtNoWezvG43r4="></latexit>
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• Normalization
• Aggregate perplexities with 95% truncated mean within each month
• Perform 0-1 normalization over entire time-span

• Effective knowledge cutoffs are the argmin of relative 
perplexity curves

Extracting PPL over time with WIKISPAN

Perplexity measurements of 
documents

Aggregate along month axis 
with truncated mean

Convert to relative 
perplexities by 0-1 scaling
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RedPajamas (Together Computer)

“We use the Wikipedia dataset available on Huggingface, 
which is based on the Wikipedia dump from 2023-03-20 and 
contains text in 20 different languages. The dataset comes in 
preprocessed format, so that hyperlinks, comments and other 
formatting boilerplate has been removed.”

C4-derived models on WIKISPAN
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C4-derived models on WIKISPAN
claimed cutoff
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C4-derived models on WIKISPAN

LLaMA (Meta)

“We add Wikipedia dumps from the June-August 2022 period, 
covering 20 languages, which use either the Latin or Cyrillic 
scripts: bg, ca, cs, da, de, en, es, fr, hr, hu, it, nl, pl, pt, ro, ru, 
sl, sr, sv, uk. We process the data to remove hyperlinks, 
comments and other formatting boilerplate.”
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C4-derived models on WIKISPAN
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C4-derived models on WIKISPAN

OLMo (AI2)

“Dumps were downloaded from Wikimedia’s website. We 
use the dump from March 20th, 2023.”
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C4-derived models on WIKISPAN

Effective cutoff date can be much earlier than the claimed cutoff date.
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Pile-derived models on WIKISPAN

Pile (EleutherAI)

“We use the wikipedia/2020301.en dataset from TensorFlow 
Datasets. We prepend the title to the body of each article, 
separated by two newlines.”
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Pile-derived models on WIKISPAN
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Pile-derived models on WIKISPAN

Effective cutoff and the claimed cutoff date can be the same!
26
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Why do there exist discrepancies 
between effective and reported cutoffs?



•Prevalence of stale data

•Complications in deduplication pipelines

Factors contributing to the misalignment between
effective and reported cutoff: 

28



•Prevalence of stale data 

•Complications in deduplication pipelines

Factors contributing to the misalignment between
effective and reported cutoff: 
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• RedPajamas is trained on: C4, CommonCrawl dumps and Wikipedia
• Breakdown of RedPajamas training corpus:

Prevalence of stale data 

CommonCrawl dumps contain old data that bias effective cutoffs.
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•Prevalence of stale data

•Complications in deduplication pipelines

Factors contributing to the misalignment between
effective and reported cutoff: 
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• It is common practice to deduplicate pre-training datasets
• Fuzzy deduplication should remove different versions of Wikipedia documents
• Exact deduplication should remove exact copies of Wikipedia document

• We empirically find many duplicates in pretraining datasets!

Deduplication Issues

By the end of the 17th century, the Chinese economy had recovered from the devastation caused by 
the wars in which the Ming dynasty were overthrown, and the resulting breakdown of order.[147] In 
the following century, markets continued to expand as in the late Ming period, but with more trade 
between regions, a greater dependence on overseas markets and a greatly increased 
population.[148][149] The government broadened land ownership by returning land that had been 
sold to large landowners in the late Ming period by families unable to pay the land tax.[150] To give 
people more incentives to participate in the market, they reduced the tax burden in comparison with 
the late Ming, and replaced the corvée system with a head tax used to hire laborers.[151] The 
administration of the Grand Canal was made more efficient, and transport opened to private 
merchants.[152] A system of monitoring grain prices eliminated severe shortages, and enabled the 
price of rice to rise slowly and smoothly through the 18th century.[153] Wary of the power of wealthy 
merchants, Qing rulers limited their trading licenses and usually refused them permission to open 
new mines, except in poor areas ...

By the end of the 17th century, the Chinese economy had recovered from the devastation caused by 
the wars in which the Ming dynasty were overthrown, and the resulting breakdown of order.[148] In 
the following century, markets continued to expand as in the late Ming period, but with more trade 
between regions, a greater dependence on overseas markets and a greatly increased 
population.[149][150] The government broadened land ownership by returning land that had been 
sold to large landowners in the late Ming period by families unable to pay the land tax.[151] To give 
people more incentives to participate in the market, they reduced the tax burden in comparison with 
the late Ming, and replaced the corvée system with a head tax used to hire laborers.[152] The 
administration of the Grand Canal was made more efficient, and transport opened to private 
merchants.[153] A system of monitoring grain prices eliminated severe shortages, and enabled the 
price of rice to rise slowly and smoothly through the 18th century.[154] Wary of the power of wealthy 
merchants, Qing rulers limited their trading licenses and usually refused them permission to open 
new mines, except in poor areas ...
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• There do exist discrepancies between effective and reported 
knowledge cutoffs in modern LLMs

• Effective cutoffs of modern LLMs are years earlier than reported cutoff
• CommonCrawl dumps include older versions of resources
• Old versions and their duplicates are not removed by deduplication pipelines

• Open problem: how should we strike a balance between data 
coverage and recency? 

Summary thus far 
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Today

Stale data    
• A ton world data is old. 

How does that impact our models? 

Imbalanced data 
• Most data follow a long-tail distribution. 

How should we deal with it? 
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Long-tail of problems: 
There are many infrequent concepts/problems 
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The long tail of languages

41
Shen et al. The Language Barrier: Dissecting Safety 

Challenges of LLMs in Multilingual Context., ACL 2024
https://commons.wikimedia.org/wiki/File:2014_Dist
ribution_of_Languages_on_Internet_Websites.jpg

high-resource
(head)

low-resource
(tail)



The long tail of languages

•What is the effective 
way to train models on 
such imbalanced data? 

42
Shen et al. The Language Barrier: Dissecting Safety 

Challenges of LLMs in Multilingual Context., ACL 2024

high-resource
(head)

low-resource
(tail)



Upsample or Upweight? 
Balanced Training on Heavily Imbalanced Datasets

Tianjian Li, Haoran Xu, Weiting Tan, 
Kenton Murray and Daniel Khashabi.

https://arxiv.org/abs/2410.04579 
(under review)



Training on a collection of “domains” 

44

• Consider training a model on a collection     domains: 

• Loss, treating all domains uniformly: 
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Scalarization (S)
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• Define a per-domain weights (scalars) to adjust their weights: 
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Assigned a higher weight to 
the smaller/harder domains
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• Define a probability distribution for sampling instances: 

Temperature Sampling (TS)
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Temperature Sampling vs. Scalarization
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<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…



Is Temperature Sampling == Scalarization?
• The common understanding is that these two are equivalent.
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Choi et al. Order Matters in the Presence of Dataset Imbalance for Multilingual Learning, NeurIPS 2023

Xin et al. Do Current Multi-Task Optimization Methods in Deep Learning Even Help?, NeurIPS 2022

Xie et al. (NeurIPS, 2023) and Fan et al. (ICML, 2024) implement TS via S.

Spoiler: t
hey’re

 not th
e sa

me! 



TS-loss = S-loss
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Theorem: For any sampling temperature   , there exists a 
set of weights                                 for which S-loss is 

equivalent to TS-loss (on the whole data). 

<latexit sha1_base64="uxFcax1CKfe0GYuC0A0JOHW9Hnc=">AAACA3icbVDLSsNAFJ34rPUVdaeboUUQLCXporosuhHcVLAPaEKYTCbt0MmDmYklhIIb/8BvcONCEbf+hLv+jZO2C209cOHMOfcy9x43ZlRIw5hoK6tr6xubha3i9s7u3r5+cNgWUcIxaeGIRbzrIkEYDUlLUslIN+YEBS4jHXd4nfudB8IFjcJ7mcbEDlA/pD7FSCrJ0Y+tbOSYFThyahVoDbxIivxxC62xo5eNqjEFXCbmnJQbJev8edJIm47+bXkRTgISSsyQED3TiKWdIS4pZmRctBJBYoSHqE96ioYoIMLOpjeM4alSPOhHXFUo4VT9PZGhQIg0cFVngORALHq5+J/XS6R/aWc0jBNJQjz7yE8YlBHMA4Ee5QRLliqCMKdqV4gHiCMsVWxFFYK5ePIyadeqZr1av1NpXIEZCuAElMAZMMEFaIAb0AQtgMEjeAFv4F170l61D+1z1rqizWeOwB9oXz+CMJkn</latexit>

{w1, w2, . . . , wK}
<latexit sha1_base64="AEqkFJcTFDw9fkJVdNnPr+RGdZg=">AAAB63icbZDLSgMxFIYz9VbHW9Wlm2ARXJUZF+pGLLpxWcFeoB1KJs20oUlmSM4IZegruHGhiDvxWdy7Ed/GTNuFtv4Q+Pj/c8g5J0wEN+B5305haXllda247m5sbm3vlHb3GiZONWV1GotYt0JimOCK1YGDYK1EMyJDwZrh8DrPm/dMGx6rOxglLJCkr3jEKYHc6gBJu6WyV/Emwovgz6B8+eFeJG9fbq1b+uz0YppKpoAKYkzb9xIIMqKBU8HGbic1LCF0SPqsbVERyUyQTWYd4yPr9HAUa/sU4In7uyMj0piRDG2lJDAw81lu/pe1U4jOg4yrJAWm6PSjKBUYYpwvjntcMwpiZIFQze2smA6IJhTseVx7BH9+5UVonFT808rprVeuXqGpiugAHaJj5KMzVEU3qIbqiKIBekBP6NmRzqPz4rxOSwvOrGcf/ZHz/gOERpGQ</latexit>⌧

<latexit sha1_base64="817qhk0nZFwADd2uA3he+3QyYZ8="></latexit>
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TS gradients have lower variance than S
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Theorem: Gradient estimates of S-loss have higher 
variance than those by TS-loss:

<latexit sha1_base64="GX6/H6bWBjUnqTXG6fDun/GXr8A=">AAACMHicdVDLihNBFK2OoxPjK+rSTTFhINmE7kHiLIMunIWLyOQF6RBuV26SItXVbdVtSWjySW78FGejoIhbv2Iqj8VMMnOg4HDOudy6J0qVtOT7v7zCg6OHj46Lj0tPnj57/qL88lXXJpkR2BGJSkw/AotKauyQJIX91CDEkcJeNP+w9ntf0ViZ6DYtUxzGMNVyIgWQk0bljyHhgvIumFU11BAp4J9GW+1yVV3Uajyc4hd+f6q9jY3KFb/ub8APSbAjFbZDa1T+EY4TkcWoSSiwdhD4KQ1zMCSFwlUpzCymIOYwxYGjGmK0w3xz8IqfOmXMJ4lxTxPfqDcncoitXcaRS8ZAM7vvrcW7vEFGk/NhLnWaEWqxXTTJFKeEr9vjY2lQkFo6AsJI91cuZmBAkOu45EoI9k8+JN2zetCoNz6/rTTf7+oosjfshFVZwN6xJrtgLdZhgn1jV+w3++N99356f71/22jB2828Zrfg/b8G8+6pgw==</latexit>

Var(rLS(x)) � Var(rLTS(x))

Theorem: The variance gap 

increases monotonically  for              .

<latexit sha1_base64="OW0TIoNM4t8ZnioEuFtv0eTfxww="></latexit>

� = Var(rLS(x))�Var(rLTS(x))
<latexit sha1_base64="lN2oL70vgqbTHw+nyu284HlM7oQ=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lEqseiF48V7AckoWy2m3bpZjfuToQS+jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8KBXcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrTlLWpEkr3ImKY4JK1gYNgvVQzkkSCdaPx7czvPjFtuJIPMElZmJCh5DGnBKzkB0AyHAzZI/b61Zpbd+fAq8QrSA0VaPWrX8FA0SxhEqggxviem0KYEw2cCjatBJlhKaFjMmS+pZIkzIT5/OQpPrPKAMdK25KA5+rviZwkxkySyHYmBEZm2ZuJ/3l+BvF1mHOZZsAkXSyKM4FB4dn/eMA1oyAmlhCqub0V0xHRhIJNqWJD8JZfXiWdi7rXqDfuL2vNmyKOMjpBp+gceegKNdEdaqE2okihZ/SK3hxwXpx352PRWnKKmWP0B87nD1CWkKM=</latexit>

⌧ � 1



TS vs S gradients: empirical evidence 
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Summary thus far
• Training on imbalanced data:
• Scalarization: weighting domains 
• Temperature Sampling: resampling from domains 

• Despite the common perception, these two are not equivalent. 

• TS offers gradients estimates with lower variance. 

• Next: how is this useful for model training?
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TS vs S: How do they affect my optimization?
• It is well-known that variance-reduction accelerates the 

convergences of SGD (Sutskever et al., 2013; Kingma and Ba, 2015)

• TS provides lower variance gradient estimates than S. 
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Hypothesis. Temperature Sampling (at higher temperature) 
converges [much] faster than Scalarization on heavily 
imbalanced domain distributions.



Temperature Sampling’s faster convergence
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• We train an MT model for pair of high and low-resource languages.

Temperature Sampling converges faster than Scalarization. 



Temperature Sampling’s faster convergence
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• We train an MT model for pair of high and low-resource languages.

Larger temperature --> faster convergence for Temperature Sampling (dashed) 

Large Temperature 
Sampling is prone 

to overfitting



Summary thus far
• Temperature Sampling converges faster than Scalarization. 
• If temperature is set too high, this faster convergence might 

lead to overfitting. 

• Next: how is this useful for training on imbalanced data?
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Training on a collection of “domains” 
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Tokens of pretraining
data by language in mC4 

(Xue+ 2024)

Swahili 

English Italian

Chinese



How should we [pre-]train on imbalanced data?
• We need to strike a good balance between 
• High-temperature (faster convergence)
• Low-temperature (avoid overfitting) 
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Train with Temperature Sampling 
• Start with a high-temperature
• Over the course of training

❄ COOLDOWN ❄



Multilingual Language Modeling
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Proportional (τ = 1)

Uniform (τ = 100)
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CoolDown performs better than 
fixed-temperature (high or low) sampling.
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Multilingual Language Modeling

2

3

4

English Italian Chinese Swahili Average

Order Matters (Choi et al., 2023)

Unimax (Chung et al., 2023)

Cooldown (Ours)
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Upsamples LRLs at the 
beginning of training and 

removes them later

Upsamples LRLs at 
the end of training

CoolDown performs better than 
fixed-temperature (high or low) sampling.
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Summary 
• Two common approaches for dealing with imbalanced data: 
• Temperature sampling 
• Scalarization 

• Despite common perception, these two are not equivalent. 
• Temperature sampling leads to lower-variance grad estimates 
• ... and faster convergence. 

•❄ COOLDOWN ❄
• A suggested recipe for imbalanced [pre-]training 
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Overall conclusions

Stale data    
• Effective cutoffs of LLMs are years earlier than reported cutoff.
• Old data are not removed by deduplication pipelines.
• Open problem: how should we strike a balance between data 

coverage and recency? 

Imbalanced data 
• Resampling is a competitive strategy—better than weighting.  
• An effective resampling (in quality and speed) requires adaptively 

adjusting the sampling distribution (temperature).    
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Data! Data! Data! … I can’t make bricks without clay!   .   
---Sherlock Holmes

• Understanding data (and how to use it effectively) is difficult but 
necessary for our progress. 
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