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Recap: Course Overview
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Outline: Data Pre-processing

DATA CLEANING

DATA INTEGRATION

DATA TRANSFORMATION

DATA REDUCTION




Outline: Data Pre-processing

DATA REDUCTION
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Techniques

Application

In short

Sampling vs. Curation

Data Sampling

Reduce computation, handle imbalance,

ensure fairness

Select a subset of the data

Efficiency, smaller size, representative

subset

Random, Stratified, Cluster, Systematic

sampling

Model training with less cost, quick

experiments

Choosing which data to keep

Data Curation

Improve data quality, consistency, and

representativeness

Refine and improve the entire dataset

Quality, diversity, removing noise or bias

Filtering, Cleaning, Balancing, Augmentation,

Deduplication

Reliable training/testing, trustworthy

downstream tasks

Improving how good the data is
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Random Sampling

Population Sample
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Systematic Sampling
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Stratified Sampling

Population Strata Sample
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Cluster Sampling
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Reservoir Sampling

Reservoir

Stream of Elements
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Application: Reduce Computation

An estimator 6 for a parameter @ is called unbiased if its expected value equals
the true parameter, for every sample size n. Formally:

A

E[f) = 6
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Application: Data Imbalance
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Application: A/B Test

17



Caveat: Sampling Bias

Population Sample

Representative
Sampling

Biased
Sampling
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Caveat: Sampling Bias

Population Sample
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More Sampling Biases

Sampling bias

Occurs when the sample
isn't representative of the
target population,

leading to skewed results.

Self-selection bias

When individuals volunteer to
participate, it often leads to the
overrepresentation of more
engaged or motivated users.

Attrition bias

Occurs when participants
drop out, making the
remaining group no longer
representative of the
original sample.

Nonresponse bias

When certain individuals or groups
don't respond to surveys, the results
reflect only the views of those who

responded.

Survivorship bias

Occurs when only
successful observations
are studied, ignoring those
that did not succeed,
leading to skewed
conclusions.

Recall bias

Occurs when participants
do not accurately
remember past events or
experiences, skewing the
data based on current
feelings or beliefs.

Undercoverage bias

Happens when some members of
the population are inadequately
represented in the sample.
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Attrition Bias

The selective dropout of participants who systematically posttest

pretest

differ from those who remain in the study.
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Most of the older participants drop out.

21



Survivorship Bias
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Nonresponse Bias
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Case Study: Shy Trump

CNN/ORC Poll: Who’s your choice for president?

July 29 - 31 | Margin of error +/-3.5% pts
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Techniques

Application

In short

Data Curation

Data Curation

Improve data quality, consistency, and

representativeness
Refine and improve the entire dataset

Quality, diversity, removing noise or bias

Filtering, Cleaning, Balancing, Augmentation,

Deduplication

Reliable training/testing, trustworthy
downstream tasks

Improving how good the data is
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Data Curation

Heuristic cleaning (Sections 4.1 & 4.2) Deduplication (4.3) Model-based filtering (4.4)

Reproduction of RefinedWeb
(Reproduction of RefinedWeb) 1.4% -
o == DCLM-Baseline
13.7% 12.3%
19.9% 6.2% I FastText filter

= === Word removal ratio filter Bl Bloom filter dedup

4 2.0 . .

g 0.6% Repetition filter

1 7.9% .Page length filter

E 9.0% Other filters

8 (e.g., Word-length, Ellipsis count, Stop words)

©°

o

%

=

71 50.8% English filter

(a]

0.8¢

— URL filter

DataComp-LM: In search of the next generation of training sets for language models. arXiv, 2024.



Quality & Diversity
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Active Learning

- T = .
learn a model machine learning

model
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select queries
oracle (e.g., human annotator) q
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Case Study: DeepSeek

Al Model Training Cost Comparison

Estimated cost of various models when using 2025 compute costs, in HI0O hours of training compute

.~$50M

. ~$30Ms20m - sa0m)
l ~$ 30 Mis2sm - s35m)

I ~$15M s1om - s25m)

| ~$5M($4M - $12.5M)

(Ranges indicate 85% confidence intervals)
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Feature Reduction

9

FEATURE
REDUCTION
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Extraction vs. Selection

Feature Extraction Feature Selection
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Feature Extraction

Feature Extraction
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Recap: Principal Component Analysis (PCA)

X2

x1

x0
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Recap: Principal Component Analysis (PCA)
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Recap: Deep Representation Learning

Machine Learning

TS . »”
"O- 0“‘" —_— N _— Not Car

Input Feature Extraction Classification Output

Deep Learning

P
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Input Feature Extraction + Classification Output
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Recap: Foundation Models

Vision Transformers (e.g., ViT)
Video-MAE V2
SAM

Inpaint Anything
Edit Everything
SAM-Track

Vision Foundation Models

Model Fusion

GPT-3
ChatGPT /
Language Foundation Models Foundation Models

\ Multimodal Foundation Models

Explain Any Concept

GPT-4V

Text2Seg
CLIP series (e.g., CoOP, GALIP)
SAMText
Caption Anything

Llama 2

PanGu-a
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Johnson-Lindenstrauss Transform
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Random projection that preserves distances
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A 5

Hashing (Hash Code as a Feature)
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Locally Sensitive Hashing (LSH)

Bucket 1

Bucket 2

Bucket 3

O

Bucket 4

Bucket 5

Hashing Key Space
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Case Study: Efficient Search via LSH

of Queriea=keys HNEEEEEEEEEEEn
BENEE

LSH bucketing

Sort by LSH bucket

Chunk sorted
sequence to
parallelize

Attend within
same bucket in

revovs cror I ! I (]

)

Reformer: The Efficient Transformer. ICLR, 2020.



Feature Selection

Feature Selection
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Feature Selection
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Filter Methods

Feature Selection
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Feature of subset

Learning
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Filter Methods

OO 000

l Selection
0000

O 00

Filter Method
(e.g., variance threshold)

© Rank features by statistical%re

}

(2 Select top-ranked features
3] Feed into model
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Wrapper Methods
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Wrapper Methods

Forward selection
Backward elimination
Recursive Feature Elimination (RFE)

Train a machine learning model

Obtain feature importance

Remove least important feature(s)

Re-train machine learning with
remaining features

Repeat until desired number of
features is reached
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Embedded Methods
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Embedded Methods

Sparsity Regularization (e.g., LASSO)

Sparsity
inducing

LT Norm
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Embedded Methods

Sparse Coding (autoencoder w/ sparsity)

Natrual Images Learned bases (¢1,¢2,...,¢61): "Edges”

Test Example

?36 Pa2
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Sparsity — Interpretability

Language Model Sparse Autoencoder Feature Dictionary

. VI 2 N

HE Embedding ) ( WMEEEO ) Activation Vector Feature | Meaning Interpretability

. Score
\I, / N\ Encoder matrix
(0 <k = N Transformer Blocks ) (tied with decoder)

k-0001 Words ending in “ing"” 0.56

Text Corpus B ) Add bias + apply ReLU /‘
(OmMOOMOO000 ] Sparse feature coefficients / k-xxxx

\_/ Decoder matrix (dictionary) k-2048 Chemistry terms 0.38
C Unembedding )

\ (__ mEmEO ) Reconstructed activation vector .
\ J c. Interpret the resulting
a. Sample activations b. Learn a feature dictionary using an autoencoder dictionary features
from a language model

that learns to represent activation vectors as a
sparse linear combination of feature vectors.

Sparse Autoencoders Find Highly Interpretable Featuresin Language Models. ICLR, 2024.



Data Compression

DATA
COMPRESSION
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Lossless vs. Lossy

LOSSLESS
Original Compressed Restored
LOSSY

Original Restored

Compressed




Lossless Compression

LOSSLESS
Original Compressed
A} e |
- e

Restored

=
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Huffman Coding

54



LOSSY

Lossy Compressi

Original

on

—— Y >

Restored

o

Compressed
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Lossy Compression

JPEG compression

Discrete Cosine

HHHHH Transform (DCT)
, ::::t:::l::> &
- - - Quantization

' Rl endialbicnlbaml ol ........
I S D
Orignal gray image : = —— S . - ll)-I e
(large data size) I VORREEVID RIS s
: (Keep)
I Low frequency Threshold
" ﬁDC \
' 1
High frequency
Entropy | (Cut)
coding
1 Ll
a— : DCT basis functions
Compressed JPEG image
(small data size) { Step-4 _ Step-3
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Lossless vs. Lossy: When to Use?

Category

Restoration

Typical Data

Examples

Advantages

Limitations

Lossless Compression

100% original data can be

recovered

Text, code, executables, logs

ZIP, PNG, GZIP, Parquet (Snappy,
Zstd)

Guarantees data integrity

Limited compression ratio

Lossy Compression

Approximate recovery (some info discarded)

Images, audio, video

JPEG, MP3, MP4 (H.264), WebP

Much higher compression ratio, efficient

storage/transfer

Not identical to original (information loss)
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Summary: Data Reduction

ba Hic

INSTANCE FEATURE DATA
REDUCTION REDUCTION COMPRESSION
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Summary: Data Pre-processing

DATA CLEANING

DATA INTEGRATION

DATA TRANSFORMATION

DATA REDUCTION
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