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What is Web-Scale Data?
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Common Crawl
maintains a free, open
repository of web crawl
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Only a Fraction of the Available Data is High-Quality

Data Curation ‘Q

Valuable Data
10s of PB

Raw Data
100s of PB



What is Data Curation?
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Why is Data Curation Important?

Higher Accuracy TCO Savings
Properly curated data leads to more Decreases training & inference
improved accuracy across tasks costs significantly

Faster Training

Reduces compute requirements by orders of
magnitude, enabling faster iterations



Why is Data Curation Important?

LLM Accuracy Improvermnent on Curated Data
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Challenges in Data Curation

Scalability Time to market & Processing
Speed

Up to 100+ PB data by scaling
across multiple nodes

Delays in data prep, translate to delays
in model readiness

Data Quality

Efficiently remove & enrich low-
quality data at scale



NeMo Curator: Data Curation as a Distributed System

e Constraints that matter at scale:

o Cost: GPU hours, storage, recomputation

o Throughput: Documents/sec, tokens/sec

o Memory: GPU RAM, host RAM, spill NVIDIA-NeMo/
o Fault tolerance: Restarts, partial failures Cu rator NVIDIA.

Scalable data pre processing and curation toolkit
for LLMs

e Every Curator stage is a distributed

A 50 © 81 G2 7 1k % 198 )
SyStem Component Confributors Issues Discussions Stars Forks

e Configuration choices introduce
trade-offs




Data Curation as a Throughput Maximization Problem

e Data curation has large number of samples
e \We want to minimize the total runtime across all samples instead of just a

single sample
o Latency: How long it takes to process a single data sample from input to output
o Throughput: How many samples the pipeline can process per unit time



Data Curation as a Throughput Maximization Problem

e Example Setup: You have 2 GPUs available. A single sample takes 2
seconds to run on 1 GPU and 1.5 seconds to run on 2 GPUs

e Approach 1 (Latency): Use 2 GPUs to process each sample

e Approach 2 (Throughput): Use 1 GPU to process each sample, and process

2 samples in parallel

Number of Samples 1 10 100 1,000
Total Runtime (s): Approach 1 1.5 15 150 1,500
2 10 100 1,000

Total Runtime (s): Approach 2




Example Data Curation Pipeline

e Pipeline: Input question — language identification — tokenization — answer
with a 5B-parameter model — output (question, language, answer)

e Number of input questions: 1,000

e Hardware: 1 GPU (102GB memory)

e Goal: Minimize the total end-to-end runtime



Example Data Curation Pipeline

Stage Model Size

Language ldentification 0.5B

Tokenization -

Answer Model 5B

GPU Memory Required

1GB

None

10 GB

Runtime (with batch size = 1)

2 seconds

1 second

10 seconds



Example Data Curation Pipeline: Trivial Solution

e Runtime: 1000 questions * (2+1+10) seconds/question = 13,000 seconds
e |s this most optimal way?

stions: list[str]
jes: list[str] = []
rs: list[str] = []

tion in questions:

i1( Language_model(question




Example Data Curation Pipeline: Trivial Solution

e Issue #1: During tokenization, GPU resources are idle
e Issue #2: Language identification is idle for 11 seconds while tokenization

and the answer model runs

o Can we run these stages in parallel?
o What are some potential issues or bottlenecks with running them in parallel?

e Issue #3: GPU usage is only 11 GB out of the total 102 GB

o Can we make multiple copies of the language identification model and the answer model?
o How many copies should we make for each?



NeMo Curator: Modular Design Architecture

Tasks

Stages

Pipelines

Executors

The fundamental unit of

data that flows through the

curation pipeline

The fundamental
processing unit that takes
Tasks as input and
produces Tasks as output

A collection of stages that
defines the complete
processing workflow

The component that
orchestrates the execution
of the pipeline

DocumentBatch dataclass

Download, I/0, Modifiers,
Filters, Deduplication,
Classifiers

[Stage1, Stage2, Stage3]

Cosmos-Xenna (built on
Ray Core), Ray Actor Pool,
Ray Data



Curator Architecture & Core Concepts: DocumentBatch

200

barn)aee
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class DocumentBatch(Task[pa.

Left figure defines Example and ExampleTask classes to match our example data curation pipeline. In practice,
Curator uses Pandas DataFrame objects to help minimize communication overhead (right figure). For our example,
question, language, and answer would be columns in a Pandas DataFrame.



Curator Architecture & Core Concepts: Stages

Each stage specifies the CPU and/or GPU resources needed to runit. The process method accepts a single task
as input and outputs the transformed task. The above snippet does notinclude other nuances like stages setup (for
loading models, etc.) and batching. Please reference Curator's quickstart for a fully functional example.


https://github.com/NVIDIA-NeMo/Curator/blob/main/tutorials/quickstart.py

Curator Architecture & Core Concepts: Pipeline

o000

pipeline = Pipeline(name="qa_pipeline")

pipeline.add_stage(LanguageModelStage( )
pipeline.ad
pipeline.add

pipeline.r

A pipeline is collection of stages which defines the flow of
data. Most data curation pipelines scale linearly.



Curator Architecture & Core Concepts: Ray Clusters

e A Ray cluster is a group of machines (one head node + many worker nodes)
that Ray treats as a single pool of CPUs, GPUs, and memory

o Scales one program across many machines without changing your code structure
o Centralized scheduling optimizes resource use (CPUs, GPUs, memory)
o Shared object store lets tasks pass data efficiently

e The Ray Client is an API that connects a Python script to a remote Ray
Cluster



Curator Architecture & Core Concepts: Executors

e Executors are the runtime engines that execute NeMo Curator pipelines
o Handle distributed task orchestration, resource allocation, and worker management

e Translate the high-level pipeline definition (a sequence of

ProcessingStage instances) into actual distributed execution:

o Handle batching: Group tasks into batches for efficient processing
Orchestrate stage execution: Run stages in sequence, passing tasks between them
Manage resources: Allocate CPUs, GPUs, memory according to stage requirements
Distribute work: Parallelize task processing across workers/nodes
Track performance: Collect timing and throughput metrics
Manage lifecycle: Setup and teardown workers/resources

o O O O O



What can Curator
achieve with these
abstractions?



Streaming vs Batch Processing
gtchMg

-89 @

Quality I
doweload Deduplication  QUaItY.  Fitering T md Deduplication Q‘“‘m o Filtering

CPU  LOW = ow | Low
GPU (Compute)

------------------------------------------------------------------------------------------------

cPu BEEOWES BELOWSS BEtow ™
GPU (Compute)



Scaling Up with Ray: Autobalancing

e Autobalancing at the Before | After

. . | Fast St Pl iFastst :
application level allows us to ;" P I —[EEE] Tl |

maximize throughput SR ., W O £ WO -
e Backpressure handling to »,;«[% Oy e | w»ﬁ”m"“wl
reduce memo ressure R e : E ________________________________________________________ :
- ry p éSlowStage G- 1w | gsw/wsrage 03 0; %a] —
and spilling ; i ! D30; :

e Monitoring throughputof [%] """" T ' MM..I

different stages to rebalance il 4 oJdR T
resources at regular s L Medum Stage ;
E — i H ¢ : x2 Y=
? : Q=0 2 1 b ] o Taskels

intervals . it



Scaling Up with Ray: Throughput

100%

e After an initial warm up period,
Curator can rearrange the

B0

resources such that GPU stage o
workers are kept busy over 99% of ...
the time so%

e Different inference stages have o /\j
different compute requirements o

e Streaming plus autobalancing e
increases GPU utilization and o

processing speed




Example Data Curation Pipeline: Curator’s Solution

Stage

Language
Identification

Tokenization

Answer Model

Model Size

0.5B

5B

GPU Memory
Required

1GB

None

10 GB

Runtime (with Autoscaling Throughput
batch size = 1) Factor

2 seconds 2X 1 task/second

1 second 1x 1 task/second

10 seconds 10x 1 task/second



Example Data Curation Pipeline: Curator’s Solution

e Trivial runtime: 13,000 seconds
e Curator runtime: 1,000 seconds*®

Stage Model Size GPU Memory Runtime (with Autoscaling Throughput
Required batch size = 1) Factor
Language 0.5B 1GB 2 seconds 2x 1 task/second
|dentification
Tokenization - None 1 second 1x 1 task/second
Answer Model 5B 10 GB 10 seconds 10x 1 task/second

*Assuming stable state. In reality, it will take additional time to reach

stable state, but this is negligible for large scale data curation pipelines.




NeMo Curator: World-Class Benchmarks
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Case Study: Nemotron-CC Data Curation Workflow

Q&A™

Nemotron-CC
Nemotron-CC: Transforming Common Crawl into a Refined Long-Horizon Pretraining Dataset
Abstract

We introduce Nemotron-CC, a 6.3T token dataset based on Common Crawl. We propose a method for transforming English Common Crawl into a 6.3T
token long-horizon pretraining dataset, consisting of 4.4T globally deduplicated original tokens and 1.9T synthetically generated tokens. Nemotron-CC
achieves better trade-offs between accuracy and data quantity by a combination of classifier ensembling, synthetic data rephrasing, and reduced reliance
on heuristic filters. When training 88 parameter models for 1T tokens, using a high-quality subset of our data improves MMLU by 5.6 over DCLM
demonstrating the efficacy of our methods for boosting accuracies over a relatively short token horizon. Furthermore, our full 6.3T token dataset matches
DCLM on MMLU, but contains four times more unigue real tokens than DCLM. This unlocks state-of-the-art training over a long token horizon: an 88
parameter model trained for 15T tokens, of which 7.2T came from our dataset, is better than the Liama 3.1 88 model: +5 on MMLU, +3.1 on ARC-
Challenge, and +0.5 on average across ten diverse tasks.

Read the full paper on arXiv.
If you use this dataset, please cite:

Emisc{su2024nemotroncctransforaingcommoncrawl ,

title«{Nemotron-CC: Transforming Common Crawl into a Refined Long-Horizon Pretraining Dataset},
author«{Dan Su and Kezhi Xong and Ying Lin and Joseph Jennings and Brandon Norick and Markus Kliegl and Mostofa Patwary and Mohamsad Shoeybi and Bryan Catanzaro},
year«{2024},
eprint={2412.92595),
archivePrefix={arXiv},
primaryClass={cs.CL},
urle{https://arxiv.org/abs/2412.02555),

)

Dataset Contents
Dataset Name Segments Paths Size  Number of Objects Description
Nemotron-CC as jsonl datajsock-paitions paths oz  dala-socipathsegzr 104 TiB 31279 The full dataset, formatted as jsonl zs1d

Nemotron-CC as parquet  coming soon The full dataset, formatted as parquet



Case Study: Nemotron-CC Data Curation Workflow

Curate High-Quality Pre-Training Datasets with NeMo Curator
MNemotron-CC data curation pipeline
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Case Study: Nemotron-CC Data Curation Workflow

Step 1: Download and extract Common Crawl

url

http://0481.jp/g/bainanza/performance/20967/

http://0svbncq.qjizw.cn/?5906637.htmi?jincheng...

http://100church.org/home/board.php?
board=cast...

warc_id

a7def9db-bed7-
4a9¢-8b%e-
ad3b0968d1d6

a1b331dd-9c94-
42¢2-b011-
13af1ded7d42

56b054c7-248b-
495d-bcbe-
049468bcaS6a

source_id

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...

JAPANESE

CHINESE

KOREAN

text

H#Y [RIEED] - 1B - «
KEWy [AX) LEmRY (
AN\ KRR BIHOM...

REESAR\N\n2EBFI\n\nER
25 Rk ET PSR

RITIQEEE\n\nit...
Loading..\n\ni2 &| &= 7H\n\n Ot LK
X FX\n\nF L0 E\n\n+=2 4

d3..

file_name

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...

crawl-data-CC-MAIN-
2025-30-segments-
1751905933...
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Case Study: Nemotron-CC Data Curation Workflow

Step 2: Language identification and filtering

url

http://0481.jp/g/bainanza/performance/20967/

http://0svbncq.qjlzw.cn/?5906637.htmi?jincheng...

http://100church.org/home/board.php?
board=cast...

warc_id

a7def9db-bed7-
4a9¢c-8b%e-
ad3b0968d1d6

a1b331dd-9¢94-
42¢2-b011-
13af1de47d42

56b054¢7-248b-
495d-bcbe-
049468bcaS6a

source_id

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933...

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933...

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933...

JAPANESE

CHINESE

KOREAN

text

5 [MEER] -8
PAEE - « KERA [
] LAilmY 1 b
\n\nARREIHOM...
RIS SANN\n2ERE

\n\nERLF5R|Wka
(7|77 BAE|& RS

R\ \nith...

Loading..\m\nZ &| £ 7§
\nM\nQHH X ZX\n\nF
Lo E\n\n+2 8 H

—

&

file_name

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933...

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933...

crawl-data-CC-
MAIN-2025-30-
segments-
1751905933..

fasttext_prediction

[0.9980976581573486,
JA]

[0.9895395040512085,
ZH]

[0.9970298409461975,
'KO')




Case Study: Nemotron-CC Data Curation Workflow

Step 2: Language identification and filtering

url warc_id source_id language text file_name fasttext_prediction
crawl-data-CC- crawl-data-CC-
Scfe1b89-c7fc- Content
29  httpy//8bitelements.com/manual/en/content-nego... 447d-8e58- BN e ENGLISH  Negotiation\n\nApache MARN-2e: [0"9246681332588,19?'
57210008dd3 30-segments- HTTPD s e 30-segments- EN']
€ 1751905933.. UPPOMS € 1751905933...
JOSNTIE0 e crahvllli\ldr:tgogg Login\n\nRegister\n\nin cra$L?:t30§§ [0.9407557249069214
37 http://aduitgamerscommunity.com/forums/ucp.php... 4b31-8a29- ENGLISH 9 .g ? R
d9268e85Teb 30-segments- order to login you mus..  30-segments- EN')
€MD 1751905933... 1751905933...
3c331ed0- crawl-data-CC- aipeu crawl-data-CC-
fd-4740- -2025- IN-2025- | [O. 1
42 http://aipeupuri.blogspot.com/2016/02/i-nteres... DHC:4740 MAIN:2023 ENGLISH puri\n\nWednesday, 17 MAN-e0e3: 1035632533 0058,59‘?'
ba0e-  30-segments- February 2016\n\n! 30-segments- EN')
9547996d7601  1751905933.. &t " 1751905933...




Case Study: Nemotron-CC Data Curation Workflow

Step 3: Unicode fixing

e Example: "I&#39;d be interested in hearing any of your
insights on how to maximize its use.”

e Fixed: "I'd be interested in hearing any of your insights
on how to maximize its use.”



Case Study: Nemotron-CC Data Curation Workflow

Step 4: Exact deduplication

e Character-for-character duplicates
e Identifies duplicates across the entire dataset
o Instead of a purely map-style approach, the entire dataset must be considered
e Because it is so computationally intensive, exact deduplication is a GPU-

based workflow

o First, compute an MD5 hash for each document’s text content
o Next, group documents by identical hash values
o Finally, identify duplicates and save the IDs of the documents to be removed



Case Study: Nemotron-CC Data Curation Workflow

Step 5: Fuzzy deduplication

Near-duplicate documents with minor differences such as formatting changes,
typos, or small edits

(@)

Documents share a high degree of overlapping content

|dentify fuzzy duplicates across the entire dataset
Fuzzy dedupe is even more computationally intensive than exact dedupe, so
it is another GPU-based workflow

(@)

@)
@)
O

First, compute MinHash signatures over character n-grams

Next, use Locality Sensitive Hashing (LSH) to find candidate matches

Then, build a graph of duplicate relationships

Finally, identify groups of near-duplicate documents and saves the IDs of the documents to be
removed



Case Study: Nemotron-CC Data Curation Workflow

Step 5: Fuzzy deduplication

text id _curator_dedup_id
300414 Sara and Ben were friends who liked to play in.. dccdch21-13¢0-4df9-bdeb-cf6871f57969 1994745
106660 Sara and Ben were friends who liked to play in... 2012a26a-c0fb-448d-be3a-955a5fb8f165 373063

209932 Sara and Ben were friends who liked to play in... 296aad0d-3fcc-4bcd-9852-2d7907f715af 1698008

_duplicate_group_id
153774
153774

153774



Case Study: Nemotron-CC Data Curation Workflow

Step 6: Heuristic-based filtering

e Apply over 20 heuristic filters to the dataset

e Examples:
o If more than 25% of the document is non-alphanumeric, then discard
o If more than 20% of the document is comprised of URLSs, then discard
o If the document contains a word longer than 1000 characters, then discard



Case Study: Nemotron-CC Data Curation Workflow

Step 7: Perplexity filtering

e Low perplexity example: "It was a sunny day, and the house was
quiet.”

e High perplexity example: "Beneath the microscope of midnight,
glaciers practiced philosophy and misplaced their shoes.”



Case Study: Nemotron-CC Data Curation Workflow

Step 8: Quality classification

e Use FineWeb-based educational classifiers from Hugging Face to assess

the educational value of each document
o Each classifier is made up of a CPU-based tokenization stage and a GPU-based model
inference stage

e Classify documents into distinct quality buckets based on an ensemble of
scores from each educational classifier

e Use the above results to classify documents as “low-quality” or “high-
quality”



Case Study: Nemotron-CC Data Curation Workflow

Step 8: Quality classification

fineweb- fineweb- fastiext-
o, |nematron-  mixtral-  guality-  ensemble-
la source_id text { are_id
nouage ' u e edu-scone- wdu- scone- ma-int
int  seore-int Int
orawl-data- deenicel
CC-MAIN- Media i '
http 028 ! F5 e hip? 40443
EN 2024-51-  coverageiminParallels pi//0282q com/news/shownews. phy cana 8 7 3 ]
o = 16 cang =en BT00-
segments-  Coming to the 2014 ObdSedactbSe
1733066035,
<::‘:_~MT|: techspace- Be17heTi-
shywatchimnd 7253-4T703- -
EN 2024-51- ‘.,1'\![1':':?‘5‘:!1 htpo/f2014 spaceappschallenge.org/project/tec - 18 17 12 18
SegETR s "
17313068035 ALOROMOUS Oaabe53bebSd
crawl-data-
i 15
CC-MAIN leman rosemary R ., - H.-I,’:;ﬂ:}d?
EN 2024.51 chicken\n\rileave a p/AMIOCAICNEsess.cOMY ! a-gedi- 5 g 2 g
attachment_id=3867 [
SEpments Rephfninloi - . -
1733066035 975136015050




Case Study: Nemotron-CC Data Curation Workflow

Step 9: Synthetic data generation

e Use a Wikipedia rephraser pipeline to rewrite low-quality documents,
effectively reducing errors and redundancies while improving formatting

e For high-quality documents, generate synthetic data using four additional
SDG steps:

o Diverse Question-Answer (QA) pairs: Ask questions in various forms (e.g., yes/no, open-
ended, multi-choice) about factual information in the text and provide the correct answers

o Distill: Rewrite the text into a concise and clear passage

o Extract knowledge: Rewrite knowledge from the text, disregarding uninformative content

o Knowledge list: Extract key information from the text as an organized list



Case Study: Nemotron-CC Data Curation Workflow

Original Rephrased with Wikipedia rephraser

Oh, what a relief! I'm thrilled to discover that this plugin is still alive and kicking! I'm a huge fan
of MEXP, but | was on the verge of abandoning it due to persistent sound skipping issues on
older versions. | suspect this might be due to compatibility issues with newer versions of Winamp
and the outdated MEXP and Sqrsoft Crossfader. I'm not alone in this struggle, am 1? I've
exhausted all troubleshooting efforts, from replacing hardware components to contemplating a
laptop switch. If anyone has insights, please share. You can reach me via my website,
http://www.ctadisco.co.uk. This software is truly unparalleled, and I've yet to find a suitable
replacement. Here's to a new beginning, regards, Will - CTA Disco & Karaoke. Anders, you had
mentioned an August upload for a new version. It's been a while, and | understand that you're
incredibly busy. | wouldn't dream of rushing you, but it was such a joy to see MEXP's revival after
years of inactivity. Has anyone been working on the open-source project? | eagerly await the
new version's release. Thank you!

OMG!!! | am so so 50 so so made up to see that this plugin is not dead!! | love MEXP, and
was just about to retire it due to sound skipping on very old version, which | believe to be
a problem with new version of winamp and old ver of mexp and sqrsoft crossfader, is
anyone else having this issue? please put me out of my misery, i have tried everything to
find out what is wrong, replacing fans, memory hard drives and even gonna try laptop,
mail me on my website http://www.ctadisco.co.uk - this program is the GOD and i have
never found any program since to replace it!! - so glad to have you back regards Will -
CTA Disco & Karaoke Anders - you said you'd upload a new version in August. Nothing
yet. | know you're really busy so | don't feel right about pressuring you, but it was so good
to see the MEXP ball rolling again after so many years of nothing! Has anyone being
working on the open source project? And can you upload the new version soon? Thanks!

Example of low-quality text transformed by Wikipedia rephraser



Case Study: Nemotron-CC Data Curation Workflow

Original

In this section Shellstock Shipper General Requirements Shellfish are a perishable food product that must be handled
and processed under sanitary conditions with proper temperature control to avoid contamination and excessive bacterial
growth. Cperators must be aware of detailed information contained in both Chapter 246-282 WAC and Chapter 69.30
RCW, sanitary control of shellfish. The following information is provided to assist you in complying with WAC 246-282.
These basic requirements are necessary to maintain your Shellfish Operation License and Certificate of Approval. Harvest
Sites All commercial harvest sites must be approved by this Office prior to being harvested. Washing Shellstock Shellfish
must be washed so that they are reasonably free of mud prior to shipment. Approved growing area water or other water
systems approved by this Office may be used. The primary responsibility for washing shelistock is with the harvester.
Safety of Water If the water supply is from a private source (well), the Harvester shall make arrangements to have the
water supply tested for bacteriological contamination at laboratories sanctioned or certified by the Authority. This shall
be done prior to use and every six months thereafter while the water supply is in use. Copies of official test results must
be kept on record. Included for your use is a form to keep track of test dates and test results. Shipping Shellstock Trucks
or other conveyances used in transporting shellstock must be maintained in a clean and sanitary condition. Clean pallets
shall be utilized if the vehicle does not have a ch led floor. Temperature Control During May through September,
Harvesters will be in accordance with the Vibrio parahaemolyticus control plan, WAC 246-282-006. During October
through April, Harvesters will harvest in accordance with the Time to Temperature Controls listed in the NSSP, Chapter
VIl @.02 A, (3). Tags All containers of shelifish must be identified with a durable, waterproof tag or label containing the
following information: Dealer's name and address. Dealer's certification number. Date of harvest. Harvest location
(including “WA"). Type and quantity of shellfish. Bold statement in caps: THIS TAG IS REQUIRED TO BE ATTACHED UNTIL
CONTAINER IS EMPTY OR IS RETAGGED AND THEREAFTER KEPT ON FILE, IN CHRONOLOGICAL ORDER, FOR 90 DAYS.
RETAILERS: DATE WHEN LAST SHELLFISH FROM THIS CONTAINER SOLD OR SERVED (INSERT DATE). Statement on the
back of each tag must read: Consuming raw or undercooked meats, poultry, seafood, shellfish, or eggs may increase your
risk of foodborne iliness, especially if you have certain medical conditions. The statement “Keep Refrigerated™ or an
equivalent statement must be included on the tag. Note: Bulk shipments must be accompanied by a transaction record
containing the same information. Additionally, the single bulk tag used to represent the bulk lot shall also include the
following statement: “All shellstock containers in this lot have the same harvest date and area of harvest™ along with the
number of individual containers in the unit. Recordkeeping You must have a bound book for your record keeping system
which is maintained for three years. Your record keeping system must show the following:

Distill

Tagging Requirements: - Tags must warn: “Consuming
raw/undercooked meats, poultry, seafood, shelfish, or eggs may
increase foodborne iliness risk, especially with certain medical
conditions.” - Include “Keep Refrigerated” or equivalent. - Bulk
shipments need a transaction record and tag stating: "All
shelistock containers in this ot have the same harvest date and
area. [Number of containers)” Recordkeeping - Maintain a bound
book for three years, showing: - Shellstock Shipper General
Requirements: - Shellfish must be handled, processed, and
transported under sanitary conditions with proper temperature
control. - Comply with WAC 246-282 and RCW 69,30 for sanitary
control of shellfish. - Harvest Sites: All commercial harvest sites
must be approved. - Washing Shellstocic Shellfish must be washed
before shupment, primarily the harvester's responsibility, - Safety
of Water: Private water sources must be tested for bacterial
contamination before use and every six months thereafter. -
Shipping Shellstock: Trucks/vehicies must be clean and sanitary,
with clean pallets if needed. - Temperature Control: Follow Vibrio
parahaemolyticus control plan (May-Sep) or NSSP time-to-
temperature controls (Oct-Apr). - Tags: All containers must be
identified with a durable, waterproof tag containing dealer’s
name/address, certification number, date/harvest location,
type/quantity of shelifish, and a retention statement. Retailers
must record the last sale/serving date. Note: All information must
be retained for 90 days, with tags kept until the container is empty
of retagged.

Example of high-quality text rewritten into a concise and clear passage



Failure Case Study & Debugging Workflow

from nemo_curator.pipeline import Pipeline

from nemo_curator.st s.text.l1o.reader import ParquetReader

pipeline
pipeline.adc
pipeline.adc
pipeline.r




Failure Case Study & Debugging Workflow

File "/path/to/envs/curator/lib/python3.12/site-packages/ray/data/_internal/arrow_block.py", line 170, in _table_from_pydict
column_name: convert_to_pyarrow_array(column_values, column_name)

File "/path/to/envs/curator/lib/python3.12/site-packages/pandas/core/frame.py", line 1218,in __repr__
retumn self.to_string(**repr_params)

File "/path/to/envs/curator/lib/python3.12/site-packages/pandas/core/frame.py", line 1380, in to_string

formatter = fmt.DataFrameFormatter(

pyarrow.lib.Arrowlnvalid: offset overflow while concatenating arrays, consider
casting input from “string” to ‘large_string" first.




Failure Case Study & Debugging Workflow

Investigate: Let’s look at the file tree of
the input Parquet files...

input_path/
F—— subdir_1/

o)
)
)
o)
)
|

T

—— shard_o0000
F—— shard_00001
—— shard_060002
—— shard_00003
—— shard_00004

L—— shard_00999

F—— subdir_2/

|
GB)

|
GB)

|

|
GB)

|

—— shard_00000
F—— shard_00001

L—— shard_e0e99

.parquet
.parquet
.parquet
.parquet

.parquet

.parquet

.parquet

.parquet

.parquet

(10
(10
(10
(10

(10

(10

(10

(10

(10



Failure Case Study & Debugging Workflow

Solution: Split Parquet files into smaller
files so that Curator is more easily able
to read the data and pass it between
stages.

input_path_sharded/

F—— subdir_1/

| F—— shard_00000
MB)

| —— shard_00001
MB)

| — ...

| L—— shard_xxxxx
MB)

|

F—— subdir_2/

| —— shard_00000
MB)

| —— shard_00001
MB)

| — ...

|
MB)

L—— shard_xxxxx

L—— subdir_3/
—— shard_00000 .parquet
MB)

.parquet

.parquet

.parquet

.parquet

.parquet

.parquet

(256

(256

(256

(256

(256

(256

(256



Common Failure Scenarios

e Large input files cause OOMs during read stage
e Large batches during GPU-based model inference cause OOMs
e Too many CPU workers create a large memory overhead and cause OOMs



Synthesis: Design Rules of Thumb

e Rule of thumb 1: Partitions should fail cheaply.
e Rule of thumb 2: Budget memory per stage, not globally.
e Rule of thumb 3: If you didn’t log it, then you can’t debug it.

e Rule of thumb 4: Find ways to connect curation techniques to training
outcomes.



Vision

NeMo Curator enables developers with an efficient, scalable, GPU-accelerated
data platform for processing and generating raw multi-modal data (text, image,
video, audio, reasoning) into high-quality, training-ready data



The World is Moving Towards Multimodal Models

Text to Text

Text to Image

Text to Video




State of the Art Models

System-Provided Caption
harmonious blend of nature and
architecture. The video ends with the car
approaching the building, suggesting that
1t may be heading towards the entrance

ne A soecific locatinn within the facility
User Caption

harmonious blend of nature and

architecture. The video ends with the car

approaching the Nvidia voyager bullding,

suggesting that it may be heading

Base Model Fine-Tuned Model



http://drive.google.com/file/d/1K9FTGsuHIgEuLJtzt_Rk6zT2Wu-Noe8M/view
http://drive.google.com/file/d/1IhBhGkdftxoLi0JQWlP9F-NujCVZqCIF/view

Process High-Quality Videos with NeMo Curator

Splitting and Transcode
Loading from remote S3 object storage| CPU/ID
Merged the 2 decoding stages
Moved 1o NVENC in L40S
Witng 1o remote S3 object storage CPU/IO
Filtering and Annotation
Cip Download CPUI0
Decode for Motion OFA-based optical filtering
Motion Vector Filtering
Frame Extraction + Decode Moved 1o NVDEC
Image Embedding
Aesthete Fitering
Watormark Filtering
Video Embedding
Decode Moved 1o NVDEC
vam. Merge windowing and input bulld and
Decote moved 1o NVDEC
VLM Input Build
VLM Captioning
Text Embedding
Data Writer Writng o remote S3 object storage CPU/I0

89x Lower Processing Time

\ 4

NX N gex
Faster ° Faster

Processing Time

y
|14 Days |

HeMo Curator Hebdo Curator
Pipeline Pipeling
[=21] HI00 » Ll GB200 » La0S

Processing time for 20M Hours of Video

Performance compared with ISO power consumption
on 2,000 CPUs and 128 DGX nodes




NeMo Curator in Research Publications
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Optiszing Language Model Pre-training with Semantic Chunking and
Dynamic

Creating High-Quality LLM Datasets with NVIDIA'S
Nemo Curator Framework

catenation
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Reasoning and Discovery
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'Al Systems Performance Engineering' book

223 Filiraion

Frioe work [10, 21, 23] has emphasized the imponance of oain-
g dana filwation For opnimal (rasslaos performance. Aldough
our purudo-lsbeled data i genersted using an LLM optimiesd
fior sranslation, & small but persisien frecton of balbecinaed ex-
amples romains, This motivates us o dowlop s officient and
effective daia filirstion pipeline for our synibeiic AST data,

COur dala likmlicn pipeline o implemenicd in Neho-
Curstor®, & GPU-secelersied dats cunaton woolkic Cur At
steps inchede & re-implemenation of the length fatio fRering siep
From Moses * . charsoter hisiogram fkening [23], FasrTear kan-
pusge 1D [24). as well as Qualiy Estimation filracon [Z2) For
tha laag step, wo wag comeboid-wmi ) model [25] ihrough Py-
Markan intorfsce |26] as our quality estimagion setap, The ressli-
ing pipeling is very i scallable, For inatance, whon
scaling over B nodes with B NVIDHA A1 OFLUs each, Blicring
MOSEL dataiet 1ok only 47 nuissted
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Languages

1. We propose a method for transforming En-
glish Common Crawl into a 6.3T woken long-
horizon pretraining dataset, consisting of 44T
globally deduplicated original tokens and 1.9T
synthetically generated wokens, We release the
dataser” under the Commeon Crawl Terms of
Use and a reference implementation as part
of the Apache 1.0 open-source NeMo Curator
library.” The quality classifier models have
been released as well.?

Viettel poster at GTC'25

Zyphra’s poster at GTC'25


https://arxiv.org/html/2503.12964v1
https://arxiv.org/html/2503.12964v1
https://arxiv.org/html/2412.02595v2
https://arxiv.org/pdf/2505.13404
https://arxiv.org/pdf/2505.13404
https://arxiv.org/pdf/2505.13404
https://learning.oreilly.com/library/view/ai-systems-performance/9798341627772/ch04.html#ch04_creating_high_quality_llm_datasets_with_nvidia_s_n_1744914897562054
https://arxiv.org/pdf/2503.17604
https://arxiv.org/pdf/2503.17604
https://arxiv.org/pdf/2503.17604
https://arxiv.org/pdf/2503.17604

Find Us on GitHub!

https://qithub.com/NVIDIA-NeMo/Curator

NVIDIA-NeMo/ S

Curator NVIDIA
Scalable data pre processing and curation toolkit

for LLMs
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https://github.com/NVIDIA-NeMo/Curator
https://github.com/NVIDIA-NeMo/Curator
https://github.com/NVIDIA-NeMo/Curator
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