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Al and Machine Learning have transformed
iIndustry, academia, and government

DeepMind Al solves a half-century-
old protein problem

In November it was revealed that an

Al lab based in London had solved a

mystery that had puzzled experts for

50 years, by predicting the 3D shape
of proteins from their sequence of

amino acids. Proteins, essentially the
building blocks of life, are made up

of amino acids.

https://www.newsweek.com/incredible-scientific-discoveries-
2020-1557134

NEWS > MARKETS NEWS

Nvidia Market Cap Crosses
S3 Trillion

The Al chip maker leapfrogged Apple to become

the second most valuable U.S. company on

Analysis: How Al is helping
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which now shows the black hole at the center of the M87 galaxy as darker and bigger

astronomers study the universe

Scienc:

PM EDT

The famous first image of a black hole just got two times sharper. A research team

used artificial intelligence to dramatically improve upon its first image from 2019,

than the first image depicted.

Article | Open access | Published: 07 June 2023

Health system-scale language models are all-
purpose prediction engines

Lavender Yao Jiang, Xujin Chris Liu, Nima Pour Nejatian, Mustafa Nasir-Moin, Duo Wang,

Anas Abidin, Kevin Eaton, Howard Antony Riina, llya Laufer, Paawan Punjabi, Madeline Miceli,

Nora C. Kim, Cordelia Orillac, Zane Schnurman, Christopher Livia, Hannah Weiss, David

Grace Yang, Ming_Cao, Mona Flores, ... Eric Karl Oermann & + Show authors

Show all 28 authors for this article

Nature 619, 357-362 (2023) | Cite this article

Sam Altman stated that the cost of
training GPT-4 was more than $100

million
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Practicing Machine Learning is Hard

Define task - Many tasks: classification, clustering, object detection...

Discover/Collect Data Many data sources

Data engineerin
J J Many ways to clean data, select features, and learn

Modeling —

Deployment

Start from scratch for each new task
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Al in Service of Machine Learning Practice

Define task
Discover/Collect Data Dataset discovery
Data engineering

e Modeling AutoML
e Deployment
Start from scratch for each new task Al/ML to augment users
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AutoML: Automatic Pipeline Synthesis

AutoML outperforms humans [Hanussek et al., 2020]
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AutoML: Automatic Pipeline Synthesis

AutoML outperforms humans [Hanussek et al., 2020]
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| Enables engineers to work on harder problems

Democratizes machine learning
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AutoML.: Challenges

e Different problems: regression, binary classification, object detection
e Different types of data: tables, images, text

e Each (dataset, problem) combination requires different pipelines: it is expensive to
construct and test a large number of pipelines -- too many alternatives

e D3M ecosystem: 312 primitives and over 1,500 hyperparameters
(https://datadrivendiscovery.orq)

e Considering just the classification task over tabular data, there are 22 data cleaning, 87 data
transformation, and 44 classifier primitives, leading to 84,276 possible pipelines to test.
e Usability and flexibility: enable domain experts to understand the results and
customize solutions
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https://datadrivendiscovery.org/

AlphaD3M: Learning to Synthesize Pipelines

e |Inspired by AlphaZero [Silver et al., 2017]:

Reward r:

e Board configuration (state) = pipeline, data Agent

Environment:

e Action = add, modify, remove primitive

a'/@‘a' ai ake action a
e Combine Monte Carlo Tree Search (MCTS) and |2°°1¢ @ @ L b
Neural Networks [Drori et al., AutoML 2019]

e Given a state s the neural network predicts probabilities Observe state s
P(s, a) over actions a from a state s
 Produces a set of actions that describe a pipeline p and an Reinforcement learning

estimate of its performance
e MCTS runs and tests pipelines

e Uses a grammar to guide the search: automatically construct the grammar
through meta-learning [Lopez et al., AutoML Conf 2023]
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Exploring the Space of Pipelines: Examples
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AlphaD3M: A Multi-Task AutoML System

D3M Ecosystem | Pipeline Search | API

e Python API to build and explore ML pipelines | ) nr—

. I
using Jupyter notebooks (reormionarpemios || o] | 7

Primitives ¢ Data

Problem
Definition

Exploration

e Create models with a few lines of code e

/_\ R
Neural Monte Carlo
Model
Network Tree Search .
Summaries

v 1

Mara.| earning

tabase

Solving Semi-supervised Classification Tasks I [ ——
)
First, import the class AutoML . If you plan to use AlphaD3m via Docker/Singularity, use: DockerAutoML or SingularityAutoML i« Model
classes Exploration
’ / Hyperparameter Tuning Top K —
from alphad3m import AutoML
# from alphad3m_containers import DockerAutoML/SingularityAutoML as AutoML
Generating pipelines for CSV datasets
In this example, we are generating pipelines for a CSV dataset. The SEMI_1040_sylva_prior_MIN_METADATA dataset is used for this
example.
output_path = "tmp/'
train_dataset = 'datasets/SEMI_1040_sylva_prior_MIN_METADATA/train_data.csv'
test_dataset = 'datasets/SEMI_1040_sylva_prior_MIN_METADATA/test_data.csv'
automl = AutoML(output_path)
automl.search_pipelines(train_dataset, time_bound=10, target='label', metric='f1l', task_keywords=['semiSupervisec
VISUALIZATION
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AlphaD3M: Task Coverage

e Most AutoML systems support a few tasks

e AlphaD3M supports 17 tasks and multiple data types (e.qg., tabular, text, image,
audio, video, graph, time series) — a benefit of its search strategy
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AlphaD3M: Performance on OpenML Benchmark

e 39 OpenML datasets represent real-world binary and multi-class classification
problems [Gijsbers et al., 2019]

e AlphaD3M produces pipelines whose performance is on par with the other AutoML
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Performance of AlphaD3M could be improved with the
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From AlphaD3M to AlphaAutoML

e Explored alternative methods for performance prediction [Zhang et al.,, DEEM 2023] and

for learning -- proximal policy optimization [Schulman et al., arxiv 2017]

Reward r:

Agent

state s

Take action a

Observe

Environment:

TANDON SCHOOL
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state s

AlphaAutoML learns faster and
derives better pipelines

than AlphaD3M

https://github.com/VIDA-NYU/alpha-automl
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https://github.com/VIDA-NYU/alpha-automl

From AlphaD3M to AlphaAutoML

e Extensibility: ability to integrate new ML primitives (including LLMs) on the fly

e Provide wrappers for HuggingFace, pytorch, fasttext, ...

from transformers import AutoTokenizer, AutoModel

from alpha_automl.wrapper_primitives.huggingface import |HuggingfaceInterface

automl = AutoMLClassifier(output_path, time_bound=40, verbose=True)

tokenizer = AutoTokenizer.from_pretrained("cardiffnlp/twitter-roberta-base-sentiment")

model = AutoModel.from_pretrained("cardiffnlp/twitter-roberta-base-sentiment", output_hidden_states=True)
model_name = 'cardiffnlp/twitter-roberta-base-sentiment'

my_tweet_embedder = HuggingfaceInterface(model, tokenizer, 'cardiffnlp/twitter-roberta-base-sentiment', last_four

automl.add_primitives([(my_tweet_embedder, 'TEXT_ENCODER')])

NYU | [AnpoN scHooL https://github.com/VIDA-NYU/alpha-autom A\VAID) G



https://github.com/VIDA-NYU/alpha-automl

From AlphaD3M to AlphaAutoML

e More efficient learning method and extensibility — ability to keep up with new ML
methods

e Usability and interoperability: Compatible with standard Python ML libraries, e.g.,
sklearn, pytorch, etc.

e Pip installable

pip install alpha-automl (®

In [1]: from alpha_automl import AutoMLTimeSeries

In [2]: automl = PutoMLTimeSeries output_path, time_bound=10,

date_column="Date", target_column="Close")
automl.fit(X_train, y_train)

In [1]: from alpha_automl import AutoMLClassifier

In [2]: automl = JAutoMLClassifier{output_path, time_bound=10)
automl.fit(X_train, y_train)

NYU
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https://github.com/VIDA-NYU/alpha-automl

AlphaAutoML Performance: Preliminary Results

In [5]: ranks = calculate_rank(performances)
ranks.sort_values(by="average_rank")

Out[5]:
average_rank task_10101 task 12 task_146195 task 146212 task 146606 task_146818 task 146821 task 146822 task_146825
e 2.79 3.0 6.0 3.0 1.0 8.0 3.0 1.0 3.0 2.0
Sklearn
Alpha-
AutoML 3.49 3.0 2.0 4.0 1.0 6.0 3.0 1.0 1.0 3.0
AutoGluon 3.51 3.0 6.0 2.0 7.0 1.0 1.0 7.0 3.0 1.0
H20 3.69 3.0 5.0 1.0 1.0 5.0 2.0 1.0 3.0 4.0
TPOT 4.08 2.0 1.0 5.0 1.0 4.0 3.0 1.0 3.0 8.0
AlphaD3M 5.10 1.0 8.0 7.0 1.0 3.0 6.0 8.0 3.0 5.0
Alpha-
AutoML_ Old 5.15 8.0 2.0 6.0 1.0 2.0 7.0 1.0 8.0 7.0
AutoWEKA 6.56 3.0 2.0 8.0 8.0 7.0 8.0 6.0 1.0 6.0

8 rows x 40 columns
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Human-Centered AutoML

e Automation is not enough

automl.plot_leaderboard()

ranking id summary f1_macro
' N add_semantic_types.common, imputer.sklearn, corex_text.dsbox,
. f? 1 2873?23_9&31;28373:233526 one_hot_encoder.sklearn, to_numeric.dsbox, igr_scaler.dsbox, select_percentile.sklearn, 0.623430
W V u I I H logistic_regression.sklearn
. . " add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder,
. . 2 bdg—:g?g;zzg;éﬁ?g one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.604560
° Eﬁ variance_threshold.sklearn, xgboost_gbtree.common
IClency . . o
57d6e5e-ed32-4a23- add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder,
3 9390-9fa7f41fcfa8 one_hot_encoder.sklearn, to_numeric.dsbox, igr_scaler.dsbox, select_percentile.sklearn, 0.589560
xgboost_dart.common
L4 CO rreCt n eSS 6ade3bf3-9bbe-4256- add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder,
4 bdc5-3d8a60041bca one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.589560
select_percentile.sklearn, xgboost_dart.common
~ ~ . add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn,
5 f%ig%g%sbé%ie?gge one_hot_encoder.sklearn, to_numeric.dsbox, igr_scaler.dsbox, select_percentile.sklearn, 0.576570
xgboost_dart.common
' . . o ~ " add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn,
. H OW to I I ' I rove I el I n eS f? 6 Sg;ggiezaggggéggzag one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.576570
] select_percentile.sklearn, xgboost_dart.common
. - _ add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox,
C ' h . | ' 7 9413(:382_6&9552?)959?;56 to_numeric.dsbox, max_abs_scaler.sklearn, select_percentile.sklearn, 0.576570
o (Customize the pipelines
_ . " add_semantic_types.common, imputer.sklearn, corex_text.dsbox,
. 8 2a4g?f§lf-8asfl’ggoii?g’l one_hot_encoder.sklearn, to_numeric.dsbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.569470
xgboost_dart.common
e Improve the data (Data-Centric Al - 4 .
467cace3-e895-4850- add_semantic_types.common, |mputer.sklearn, corex_text.dsbox,
9 8773-706b3dc4897Te one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.569470
N N select_percentile.sklearn, xgboost_dart.common
.
h tt D S . //d at ace nt rl Cal . O rg) 702e3524-0aaf-4b83- add_semantic_types.common, imputer.sklearn, corex_text.dsbox, encoder.dsbox,
10 8012-f47141b69969 to_numeric.dsbox, max_abs_scaler.sklearn, select_percentile.sklearn, 0.569470
xgboost_dart.common
" d90d24f2-39b3-46db- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, 0.566240
ba53-9f3601fa9fcO xgboost_gbtree.common "
add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn,
. 12 538%%?;‘_82}2228;59%; one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.566240
() U p p O rt d O m al n eX p e rtS variance_threshold.sklearn, xgboost_gbtree.common
_ - _ add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox,
13 8d0;78b7f§7$823363(1)§4 to_numeric.dsbox, max_abs_scaler.sklearn, variance_threshold.sklearn, 0.566240
xgboost_gbtree.common
14 990e35e6-44b1-4516- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, 0.563780

aa43-2dbfbd5544b4

gradient_boosting.sklearn
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Human-Centered AutoML

e Automation is not enoug

automl.plot_leaderboard()

ranking id summary f1_macro summary f1_macro
28703d90-da87-4662- add_semantic_types.common, imputer.sklearn, corex_text.dsbox, ypes.common, imputer.sklearn, corex_text.dsbox,
. 1 a159-0f022334065b one_hot_encoder.sklearn, to_numeric.dsbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.623430 Isbox, igr_scaler.dsbox, select_percentile.sklearn, 0.623430
logistic_regression.sklearn logistic_regression.sklearn
bd0f1730-72e9-4156- add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder, mmon, imputer.sklearn, encoder.distiltextencoder,
. . 2 81c7-52124446dff9 one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.604560 learn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.604560
° Eﬁl Clen Cy variance_threshold.sklearn, xgboost_gbtree.common ance_threshold.sklearn, xgboost_gbtree.common
f57d6e5e-ed32-4a23- add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder, mmon, imputer.sklearn, encoder.distiltextencoder,
3 9390-9fa7f41fcfa8 one_hot_encoder.sklearn, to_numeric.dsbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.589560 Isbox, igr_scaler.dsbox, select_percentile.sklearn, 0.589560
xgboost_dart.common xgboost_dart.common
L4 CorreCtn eSS 6ade3bf3-9bbe-4256- add_semantic_types.common, imputer.sklearn, encoder.distiltextencoder, mmon, imputer.sklearn, encoder.distiltextencoder,
4 bdc5-3d8a60041bca one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.589560 learn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.589560
. . select_percentile.sklearn, xgboost_dart.common select_percentile.sklearn, xgboost_dart.common
[ ) Ag reel I Ient Wlth h u I I Ian J u d g e fb4c91a0-beb8-4ef2- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, sommon, imputer.sklearn, tfidf_vectorizer.sklearn,
5 9edd-3236167ee03e one_hot_encoder.sklearn, to_numeric.dsbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.576570 Isbox, igr_scaler.dsbox, select_percentile.sklearn, 0.576570
xgboost_dart.common xgboost_dart.common
381balea-be88-4418- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, sommon, imputer.sklearn, tfidf_vectorizer.sklearn,
6 9a30-288525201e28 one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.576570 learn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.576570
select_percentile.sklearn, xgboost_dart.common select_percentile.sklearn, xgboost_dart.common
N N . 94a31a26-9569-4a6- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, wr.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox,
. | 7 bd3b-fc52b59cfece to_numeric.dsbox, max_abs_scaler.sklearn, select_percentile.sklearn, 0.576570 1ax_abs_scaler.sklearn, select_percentile.sklearn, 0.576570
OW O I I I I p rove p I pe I n e, xgboost_dart.common xgboost_dart.common
2246568-d5d0-48a3- add_semantic_types.common, imputer.sklearn, corex_text.dsbox, ypes.common, imputer.sklearn, corex_text.dsbox,
. . . 8 b7f1-a8a1540c4101 one_hot_encoder.sklearn, to_numeric.dsbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.569470 Isbox, iqr_scaler.dsbox, select_percentile.sklearn, 0.569470
xgboost_dart.common xgboost_dart.common
e Customize the pipelines . . :
467cace3-e895-4850- add_semantic_types.common, imputer.sklearn, corex_text.dsbox, ypes.common, imputer.sklearn, corex_text.dsbox,
9 8773-706b3dc4897e one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.569470 learn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.569470
select_percentile.sklearn, xgboost_dart.common select_percentile.sklearn, xgboost_dart.common
L4 | I I Ip rOVe the d ata 702e3524-0aaf-4b83- add_semantic_types.common, imputer.sklearn, corex_text.dsbox, encoder.dsbox, mputer.sklearn, corex_text.dsbox, encoder.dsbox,
10 8012-f47141b69969 to_numeric.dsbox, max_abs_scaler.sklearn, select_percentile.sklearn, 0.569470 1ax_abs_scaler.sklearn, select_percentile.sklearn, 0.569470
xgboost_dart.common xgboost_dart.common
.
Da‘ta_‘ ;entrl C Al —_ htt S . //d ‘ n d90d24f2-39b3-46db- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox,  ceeon0 .sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, ( geen 0
. C ba53-9f3601fa9fcO xgboost_gbtree.common " xgboost_gbtree.common "
52892918-290e-4552- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, sommon, imputer.sklearn, tfidf_vectorizer.sklearn,
12 bife-2fecd03¢9f07 one_hot_encoder.sklearn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.566240 learn, to_numeric.dsbox, max_abs_scaler.sklearn, 0.566240
variance_threshold.sklearn, xgboost_gbtree.common ance_threshold.sklearn, xgboost_gbtree.common
8d0e8756-0294-41a2- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, wr.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox,
13 b7b1-c718b56d0cf4 to_numeric.dsbox, max_abs_scaler.sklearn, variance_threshold.sklearn, 0.566240 x_abs_scaler.sklearn, variance_threshold.sklearn, 0.566240
. f ; U O r.t d O m ai n eX e rtS xgboost_gbtree.common xgboost_gbtree.common
p p p 14 990e35e6-44b1-4516- add_semantic_types.common, imputer.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, 0.563780 wr.sklearn, tfidf_vectorizer.sklearn, encoder.dsbox, 0.563780

aa43-2dbfbd5544b4

gradient_boosting.sklearn

gradient_boosting.sklearn
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Usability, Explainability, and Trust

Pipeline Profiler: support data Visus: support domain experts
scientists -- explore pipelines practice machine learning
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Pipeline Profiler: Exploring AutoML Pipelines

e AutoML systems lack transparency: How to explore and build trust results they
produce? [Xin et al., ACM CHI 2021]

e DARPA D3M program: 20+ research groups working on AutoML

e Systems shared the same infrastructure: API, 300 primitives (Python), pipeline description language (DAG
— JSON) https://www.darpa.mil/program/data-driven-discovery-of-models

Hard to compare and understand pipelines produced for a problem

e User interviews: Routinely explored pipeline collections; reading text files one at a
time is tedious; DAG pipeline structure is hard to grasp

e PipelineProfiler: A visualization library designed together with D3M experts to enable
the exploration and comparison of pipelines derived by AutoML systems

[Onoetal., IEEE Vis 2019] o v oo
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Expert Feedback

e System was adopted by D3M members
e \We conducted think aloud interviews with 6 D3M Data Scientists
e The experts liked the tool and used it to gain insights and improve their systems:

e Discovered useful primitives

e Assessed primitive correctness

o Compared hyperparameter search strategies

e Understood search strategies of AutoML systems — by reverse engineering. ..
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Impact of Primitives on Scores
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Reverse Engineering AutoML Search

CPS Wages Regression Dataset

AutoML System 1: search focuses on estimators
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Understanding and Customizing Pipelines

Data: Articles describing events involving terrorist activities
Goal: identify articles that describe attacks involving explosions
AlphaD3M generates high-quality pipelines
e Best pipeline has F1 score of 0.911 and execution time of 811 secs (~14 mins)
e Other pipelines have similar score and faster execution times. But why?
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NYU #11--o-0-¢ . oo . O o088 NYU#11--o-0-¢ L o0 00e . L 822435
NYU#129-® 2 L o d * I 0.720 NYU #12.9-@ ¢ Lt dodnd . 06 695
NYU #13-|-@ ok 4 oo . +- 0.516 NYU #13 o >+ 4 00000 . +- 436.221 v
NYU #1494 ® .o © 0.493 NYU #1404 . SO OS 4 ol 37.095 VISUALIZATION
NYU #15--9——4 * o0 * e ] 0.460 NYU #15- @ * o000 * < I 444,921
TAND nvU#6 o ebose | — 0438 NYU #16 - edocccce 4+ 58.247
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Reducing Execution Time

e | ong running times can be a problem for pipelines that need to be deployed and
used in production; and also limits the AutoML search

e \We implemented a new method that combines progressive sampling and active
learning to reduce the size of the training dataset

In [11]: reduced_dataset = progressive_sampling(initial dataset, pool_dataset, test dataset)

Fl score (dataset size=100): 0.6438
Fl score (dataset size=200): 0.7171
Fl score (dataset size=400): 0.7214
Fl score (dataset size=800): 0.8303
Fl score (dataset size=1600): 0.7903
Fl score (dataset size=3200): 0.9039
Threshold reached!

uuuuuuuuuuuuuuuuuuuuuuuuuuu

:/’/,\/ Integrate new primitives to

address problem-specific

challenges
ao} 0 - !
(/ e VISUALIZATION
(] TANDON SCHOOL j IMAGING AND
NYU OF ENGINEERING V I AgéLérEARNALYSIS




Primitive Type

Primitive Type

Improved Results after Sampling

e Best performance improved from 0.911 to 0.961 of F1
e Best execution time was reduced from 811 to 125 secs
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Improving Models through Data Augmentation

Scalable Storage Open Data

o 2 MINIO NYE OpenData == DATA GOV
Google Q Google 77 @ Stadt Ziirich %:;5 GOVDATA

Cloud Storage B|gQuery Open Data Das Datenportal fiir Deutschland
THE WORLD BANK
amazon U2 <o\ floke Qe | pata
S3 1
EStImate o 200_300 mllllon m) NATIONAL CANCER INSTITUTE
? da‘tase‘ts CIP Cancer Imaging Program
on the Web .

Azure Data lake

m NATIONAL CANCER INSTITUTE
2 Fanamic Data Commons

[Noy 2023]

Data abundance creates new 5
bl opportunities to improve ML models VIIMA 5
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Taxi Demand Prediction

Taxi Trips Data Taxi
i pickup_datetime LocationID || n. trips
2017-01-01 00:00:00 4 136
2017-01-01 01:00:00 7 78
— 2017-02-01 10:00:00 12 189

v

Random Forest Regressor
Taxi & Limousine +
Commission

MAE: 66.67
Can we find additional features to
NYU | B improve this model? VIDA:




Google @ [

Dataset Search

Try coronavirus covid-19 or education outcomes site:data.gov.

Learn more about Dataset Search.

&

v
TANDON SCHOOL ?ﬁi%?,lilezﬂ:g'\‘
OF ENGINEERING v I III ’A DATA ANALYSIS
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Google Q. nyc weather X ® =B i

~ Last updated ~ Download format Croissant ¥ Usage rights ~ Topic ~ Provider Free Saved datasets

100+ datasets found 0 <:
Climate-Data---New-York-State

Climate-Data---New-York-State
kaggle.com

Updated Jul 11, 2022
A, Croissant

{ivfigshare \Weather Dataset Dataset updated

figshare.com
dataverse.harvard.edu

Jul 11, 2022

Area covered

+Tmore
E ot New York
Updated May 31, 2023 Description

+ more versions
Hourly, daily and monthly temperature data of Albany (NY) from 2015 to 2021

Hyperlocal Temperature
Monitoring

data.amerigeoss.org
data.cityofnewyork.us
+1more

&) csv. json, rdf, xml
Updated Aug 20, 2021

New York City : Historical Weather

Data : 1948-1960 VISUALIZATION
datarade.ai IMAGING AND

DATA ANALYSIS
B csv . CENTER

Updated Feb 12, 2022



Taxi Demand Prediction

. Weather Indicators
Taxi Trips Data
7 ' Date .Te'"pemurea sarture HOD €O s"..'i,"', g;‘:t"’h
% 3 2017-01-01 48 40 440 8.8 21 0 T 0.0 0
Ll — 2017-01-02 41 37 39.0 4.0 26 0 0.21 T 0
2017-01-03 43 39 41.0 6.2 24 0 0.58 0.0 0
2017-01-04 52 34 43.0 8.3 22 0 0.00 0.0 0
2017-01-05 34 27 30.5 -4.0 34 0 0.00 0.0 0
2017-01-06 33 25 29.0 -54 36 0 0.05 1.2 1
2017-01-07 26 20 23.0 -11.2 42 0 0.32 51 T
2017-01-08 25 16 205 -13.6 44 0 0.00 0.0 4
2017-01-09 23 14 18.5 -154 46 0 0.00 0.0 3
2017-01-10 46 21 335 -0.3 31 0 0.00 0.0 3
- 2017-01-11 52 42 47.0 13.3 18 0 0.52 0.0 0
E———— 2017-01-12 66 47 56.5 229 8 0 0.05 0.0 0
2017-01-13 62 32 47.0 135 18 ) 0.00 0.0 0
datetime precip temp
2017-01-01 00:00:00 0.0 7.2
2017-01-01 01:00:00 0.0 7.2
2017-02-01 10:00:00 1.0 5.0

v

Random Forest Regressor

v VISUALIZATION

IMAGING AND
II DATA ANALYSIS
I CENTER

+ 41% improvement!

TANDON SCHOOL
OF ENGINEERING

NYU

MAE: 39.30



Discovering Relevant Data: Challenges

m Open Da‘ta Home Data About- Learnv Alerts ContactUs Blog Q

Q citi bike system data

. 1006 Resultsffiltered by RRGEILEETR | Clear Al
Categories v

Business NYCDCP Manhattan Bike Counts - On Street Weekday @ Dataset

Transportation

Sort by | Most Relevant v

The Transportation Division of the New York City Department of City Planning (NYCDCP) has Updated
Eq

ruary 26 2020

Too many datasets: which ones can be merged?
And which ones will improve the model?

T o 0 S R - y P March 3, 2020

Data Lens pages More o Views

Tags Notagsassigned ~  APIDocs
Datasets X

Hypothesis-driven: experts need to use their intuition and prior
knowledge to search for new datasets.

Data Collection v
311 Service Requests from 2010 to Present socialservices @ Dataset VISUALIZATION
NYU TANDON S 2018 Contral Park j IMAGING AND
; DATA ANALYSIS
OF ENGIN, squirrel c sssss NOTE: This data does not present a full picture of 311 calls or service requests, in part because of ~~ Updated CENTER




Dataset Discovery Queries

e Query is a dataset - return related datasets
e Related = joinable and improve the model

Weather Indicators

Taxi
pickup_datetime LocationID n. trips
2017-01-01 00:00:00 4 136 citibike.
2017-01-01 01:00:00 7 78 <
2017-02-01 10:00:00 12 189 NV¥E OpenData

Goal: discover unknown unknowns

v VISUALIZATION

W TANDON SCHOOL -) IMAGING AND
NYU OF ENGINEERING I Conman e




Relational Data Augmentation

Data lake with many Augmented table Improves model
candidate tables after a left join performance?
K.. X. K. Y X.
Ve N

A nalve approach is expensive for large collections, and
can be wasteful as many tables can be joinable but do not
lead to model improvement

S | S | — — /
\
KXn Xn KY Y Xn
P I
S I
5 TANDON SCHOOL Find joinable tables [Zhu et al., SIGMOD 2019; Zhu et al., VLDB E%:ﬁﬁ%}&%l
NYU | sreieiveerne 2016; Fernandez et al., ICDE 2019; Yang et al., ICDE 2019] VI-)ACE“TER



Join-Correlation Queries

e A data-driven approach for data discovery: find datasets that are joinable and
correlated

o Useful features are typically correlated with the target variable
e This has been used in many feature selection algorithms

. Finding correlated data in large table
X collections may help to “explain” or
“predict” other variables of interest

Taxi demand model: Find all datasets that join with the
NYC taxi data and contain an attribute that is
correlated with the target variable number of trips

IIIIIIIIIIIII

NYU

TANDON SCHOOL N A . Y A\ MAGING AND
OF ENGINEERING [Santos et al., ACM SIGMOD 2021, IEEE ICDE 2023] V I -)A GenteR



Join-Correlation Queries

How can we efficiently find variables which help predict
a target variable in large-scale dataset collections?

Information need:

NYU

N ! 7
@
S

Finding correlated data in large table
collections may help to “explain” or
“predict” other variables of interest

Taxi demand model: Find all datasets that join with the
NYC taxi data and contain an attribute that is
correlated with the target variable number of trips

TANDON SCHOOL

OF ENGINEERING [Santos et al., ACM SIGMOD 2021, |IEEE ICDE 2023, ICDE 2024]

IIIIIIIIIIIII
IIIIIIIIII
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Join-Correlation Queries

Problem Definition:

Given a query table T4 = (Ko, Q) where:
1) Kq is @ join column
2) Q is atarget column

Find the top-k tables T = (K, C) in a table collection such that:
1) T¢ is joinable with T on Kg
2) Tc contains a column C that has a strong correlation with Q

IIIIIIIIIIIII

NYU | rassio [Santos et al., SIGMOD 2021] VA &




Our Approach: Use Sketches to Estimate Correlation

e |dea: Reduce input size and derive approximate results
e Challenge: need to estimate post-join correlation of independent tables

T x Ty
-
Kx X Ky Y e ,3? Yy 7 -
2021-01 6.0 7 2021-01 5.5 ) Xy Xeay XY
2021-04 3.0 4.0
2021-02 4.0 2021-01 45 5021 ) )
2021-03 2.0 2021-02 3.9 021-03 .0 5 r=0.81
' ' 2021-02 4.0 3.0
2021-04 3.0 2021-02 2.0 202101 50 e
2021-05 0.5 2021-03 4.0 : Y
2021-06 4.0 2021-03 1.0 Compute Corre|a’[i0n
2021-07 2.0 | 2021-04 4.0 between X and Y

NYU

TANDON SCHOOL
OF ENGINEERING

e Sampling rows randomly does not work either!
VValues need to be aligned using the join key

e Randomly sampling column vectors does not yield valid correlations

VISUALIZATION

IMAGING AND
DATA ANALYSIS
CENTER



Correlation Sketches

e Build sketches to estimate join-correlation

e Use a hashing function to create a data sketch for each table in a collection — create coordinated
samples

e Given two sketches (X,Y), recover a uniform random sample of Ty, without computing the full join
* Apply any correlation estimator over the sketch join

e TWO-steps:

1. Discover the top-k most joinable tables using index for fast joinable table
retrieval

2. Perform join-correlation estimate at query time and re-rank candidates
— Join-correlations are efficiently approximated using sketches

VISUALIZATION
TANDON SCHOOL

NYU | Sraistone Extension of KMV sketches [Beyer et al., SIGMOD 2007] WV A




Coordinated Sampling via Minwise Hashing

o Use hashing functions to create a data sketch for each table

e Select rows based on minimum unit hash values of h(k)
*  Likx={{(hK), x) } with n minimum values of h(K)

Manhattan ~ Brooklyn  Bronx Queens Staten Island
&— ® ® ® ® ® —>
= 0 o012 0.28 057 063 0.89 T v e
(] TANDON SCHOOL j ||||||| AND
NYU OF ENGINEERING VI AgémEARNALYSIS




Minwise Hashing Introduces Key Dependence

If a key is sampled from Ky, then it is more likely to be sampled from Ky

Pl

O 012 028 057 063 089 O 012 028 046 068 0.81 0961

n=3 — Sy={b, d, a} n=3 — Sy={b, d, y}

VSU ZAT O

@ TANDON SCHOOL vt
NYU | Zoonssroc: B,




CSK Sketch Construction

NYU

2021-01

6.0

2021-02

4.0

2021-03

2.0

2021-04

3.0

2021-05

0.5

2021-06

4.0

2021-07

I —

2.0

S~

TANDON SCHOOL
OF ENGINEERING

hash join keys

Apply hash to keys

—

map to [0,1]

4da33cf5

0.34

6.0

84c46s9d

0.90

4.0

bac52e98

0.48

2.0

26f79756

0.47

3.0

9d4fadb6

0.83

0.5

73sc3d34

0.69

4.0

\16dab449

0.34
J

keep X values

2.0

/

Select rows with

minimum unit hash values

—

h(k) |hyk) @ x

bac52e98

0.48 | 2.0

16dab449

034 | 2.0

2679756

0.47 | 3.0

4da33cf5

—

0.34 | 6.0

V1WA

VISUALIZATION
IMAGING AND
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Finding Joinable Tables

e Build an index of sketches' hash keys for joinable table retrieval

h(k)
bac52e98

h,(k) x

0.48

2.0

16dab449

0.34

2.0

2679756

0.47

3.0

4da33cf5

0.34

6.0

h(k)
bd5a7c1f

hy(k) y

0.89

3.0

16dab449

0.34

2.5

26179756

0.47

4.0

\4da330f5

J0.34

5.0

TANDON SCHOOL
OF ENGINEERING

NYU

16dab449

bac52e98 | 26f79756
4da33cf5

Overlap = 3

Set Overlap Search:
Find the tables with highest overlap of hashed join keys

V1WA

VISUALIZATION
IMAGING AND
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Correlation Estimation

« Recover a uniform random sample of Ty, without a full join
e Apply any correlation estimator over the sketch join

h(k)  hy(k)

X
bac52e98 0.48 2.0
16dab449 0.34 2.0

26f79756 0.47 3.0
4da33cf5 034 6.0 h(k) X .y
A 16dab449 2.0 2.5

X[ | 2679756 3.0 4.0 rxy = 0.92

4da33cf5 6.0 5.0

h(k)  hy(k)

y
bd5a7c1f 0.89 3.0
16dab449 0.34 2.5
2679756 0.47 4.0
4da33cf5 0.34 5.0

TANDON SCHOOL j I[E/IAé\riuGNfg’Dgs
OF ENGINEERING peaakelig

NYU




Evaluating Join-Correlation Queries

Full table of size V'

Query Tq
(k,ck) Sketch of size n << N’

(h(k), cg) (h(K). cz)

{k,cp) Index Query Results

(h(k), cr) & % Table| Corr

LB 0.9
Tm = > T, 0.7

L 0.6

VISUALIZATION

TANDON SCHOOL A
OF ENGINEERING [Santos et al., ACM SIGMOD 2021] VIinA

NYU




Evaluation: Estimation Accuracy

1.0+ ¢ 1.0+
4

§ 0.8+ 3 é 0.8

g 0.6 é 0.6- 4

H 04 [=] 0 4, . . b

0 . -

3 g i

@ 0.2 t 02 S o

c 8 o . -

6 0.0 5 00

g & -

g 02 B -0.2- A

204 s Al

5 5-0.4*

506 2 & -0.6-

E 08 f/‘ '
had v'/ '08 T T T T T T T T T 1
404 R N I 10 -06 -02 02 06 1.0

1.0 -0.6 -0.2 0.2 06 1.0 Actual Pearson's Correlation

Actual Pearson's Correlation

Bivariate Normal NYC Open Data, n=20

It is possible to detect when estimates are not good and rank
the results to avoid placing uncorrelated columns on the top
(see details in [Santos et al., ACM SIGMOD 2021])

TANDON SCHOOL IMAGING AND
OF ENGINEERING V I ’A DATA ANALYSIS
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Evaluation: Estimation Performance

rs -.Spearman; rp - Pearson;

Time in ms
Full data Sketch
percentiles join rs rp join r'p rs
[mean 42.219 8.494 0.240 0.026 0.000 0.004 ]
std. dew. 367.696 134.357 9.314 5.618 0.042 0.279
75% 0.231 0.141 0.005 0.003 0.000 0.002
90% 7.038 0.154 0.011 0.006 0.001 0.004
99% 1360.605 29.583 0.385 0.012 0.003 0.013
99.9% 4021.838 2731.154 51.278 0.021 0.007 0.033

Estimates with correlation sketches take only
a fraction of a millisecond.
Up to 3 orders of magnitude faster that computing the full join!

VISUALIZATION

I:?:Ngn%rfnsecgn?ﬁé [Santos et al., ACM SIGMOD 2021] V I -)A DATA ANALYSIS
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Other Sketches

e QCR hashing [Santos et al., ICDE 2022]

e Balance between ranking accuracy and joinability
e Attains higher precision and recall than Correlation Sketches

e Mutual Information (Ml) Sketches [Santos et al., ICDE 2024]

e Support for numerical and categorical data

e Sketches to estimate quantities over inner products

» Weighted sampling beats popular linear sketching methods [Bessa et al., ACM PODS 2023]
o Efficient, linear-time sampling and accurate estimates [Daliri et al., pVLDB 2024]

VISUALIZATION

@ TANDON SCHOOL —) IMAGING AND
NYU OF ENGINEERING DATA ANALYSIS




Dataset Search and Discovery

mopenDa‘ta Home Data Aboutv Learnv Alerts ContactUs Blog Q

Keyword queries

. 20 Results Sort by | Most Relevant v
Categories v
Business Citi Bike System Data nrceigaps ~ External Link | ex‘t U al
City Government Data to solve Citi Bike's Big Idea. 5:;:‘:1':& 1o 2018 .
Tags transportation, bigapps, city government, big apps, citibike, and 1 more Views S n I p p( ;t S
Education 18,828
Environment . .
New York City Bike Routes transportation £ Map
Health
Locations of bike lanes and routes throughout the City Updated
Show All.. February 25, 2022
Tags 20180dda-video, nyc bike routes, bike routes Views
View Types v 28,01
Data Lens pages Citi Bike Live Station Feed (JSON) nvceigapes ~ External Link
Datasets Data to solve Citi Bike's Bigldea. Updated
September 17,2018
External Datasets Tags citibike, big apps, city government, transportation, bigapps, and 2 more Views
9,039
Files and Documents
Bike Share Inspections  Tansportation @ Dataset

Filtered Views

DOT field inspectors conduct inspections and issue tickets in real-time to the Bike Share system operator according

Update:
Maps to ser | asreements. Stations ke o arch 1, ZOZZ
More () ()r :) z): ;(} E; W Ei iews
| Data Collection e Tags share, inspection, ticket, citi bike, citibike, and 3 more API Docs

search engines have
NYU | moescioo: done for documents VIDA:



Querying Dataset Collections

e Difficult to express information needs using keyword-based queries and
to assess dataset relevance based on textual snippets

Home Data

N¥YE OpenData

Q citi bike

. 20 Results
Categories

Citi Bike System Data nvceigapes

Business

City Government Data to solve Citi Bike's Big Idea.

Tags transportation, bigapps, city government, big apps, citibike, and 1 more
Education

Environment

New York City Bike Routes  tansportation

Health
Locations of bike lanes and routes throughout the City
Show All...

Tags 20180d4a-video, nyc bike routes, bike routes
View Types v

Citi Bike System Data

NYC BigApps

Data Lens pages

Citi Bike Live St

Datasets Data to solve Citi Bike's B

External Datasets Tags citibike, big apps, city gov¢

Data to solve Citi Bike's Big Idea.

Files and Documents

© O NG A®N

-
g

112
|13
|14
|15
| 16
117
|18
| 19
120
12
|22
123
124
|25
|26
|27
|28
129

[y

Filtered Views
Maps

I Data Collection

Bike Share Insp

DOT field inspectors conc

More

[ D E B G H |
About v Learn v Alf 1 |ride,id .lrideable)ypt started_at ended_at start_station start_station end_station_ end_station_ start_lat

22:55.7 25:09.7 7 St &Monrot HB304 4 St &Grand: HB301 40.7464126
15:08.6 17:45.0 7 St & Monro« HB304 45t &Grand: HB301 40.7464126
07:27.0 09:38.2 7St & Monrot HB304 4 St &Grand: HB301 40.7464126
43:18.9 45:38.2 7 St & Monro« HB304 4 St &Grand: HB301 40.7464126
29:40.2 32:56.9 Clinton St & HB409 4 St &Grand: HB301 40.73743
20:57.5 23:24.5 7 St & Monrot HB304 4 St &Grand: HB301 40.7464126
16:48.6 19:40.1 7 St & Monro« HB304 4 St &Grand: HB301 40.7464126
25:05.7 27:31.9 7St & MonrotHB304 4S5t &Grand: HB301 40.7464126
33:58.3 35:33.7 Clinton St & HB409 4 St &Grand: HB301 40.73743
20:56.6 24:28.6 7 St &Monrot HB304 4 St &Grand: HB301 40.7464126
16:18.6 18:36.5 7 St & Monro« HB304 4S5t &Grand: HB301 40.7464126
14:07.3 24:32.5 Grand St JC102 Monmouth a1 JC075 40.7151777
24:27.5 32:36.7 Willow Ave & HB505 4 St &Grand: HB301 40.7518675
01:08.8 07:47.7 Clinton St & HB409 4S5t &Grand: HB301 40.73743
07:50.6 09:48.9 Clinton St & HB409 4 St &Grand: HB301 40.73743
51:04.1 53:10.9 Clinton St & HB409 4 St &Grand: HB301 40.73743
00:48.2 04:56.0 Clinton St & HB409 4S5t &Grand: HB301 40.73743
49:34.9 58:12.2 Baldwinat M JC020 Monmouth a1 JC075 40.7236589
13:49.4 19:49.5 Grand St JC102 Monmouth a1 JC075 40.7151777
11:41.5 36:15.1 Grand St JC102 4S5t &Grand: HB301 40.7151777
24:01.8 48:59.3 Clinton St & I HB409 Clinton St & HB409 40.73743
30:25.3 57:41.8 Clinton St & HB409 Clinton St & HB409 40.73743
11:08.8 28:04.4 Clinton St & HB409 Clinton St &t HB409 40.73743
57:18.8 59:24.1 7 St & Monrot HB304 4 St &Grand: HB301 40.7464126
26:47.1 29:18.3 7 St & Monrot HB304 4 St &Grand: HB301 40.7464126
28:48.9 31:04.0 7St & MonrocHB304 4 St &Grand: HB301 40.7464126
58:13.8 00:44.2 7 St & Monrot HB304 4 St &Grand: HB301 40.7464126
14:34.7 17:00.0 7 St & Monro« HB304 4 St &Grand: HB301 40.7464126

Updated

September 10,2018

Data Provided by

CitiBike

T Views T T
1,844

A B

17AE31FCAE electric_bike
FD9859BDBI electric_bike
AAC5ECDO09! electric_bike
857C4DCB2 electric_bike
4439657C24 classic_bike
45EE1276D5 electric_bike
ED7519417C electric_bike
BGAESDF5DD! electric_bike
EFA3AFOESC classic_bike
1DD6CF59B classic_bike
4AFDFFFD3E electric_bike
47256D9756 electric_bike
D6D48EES8FZ classic_bike
8A4C635C52 classic_bike
D3B413B66¢ electric_bike
022B09BB07 electric_bike
169A0222C1 classic_bike
D890D46C7( electric_bike
1C8BB3F1BE electric_bike
A556A5852F! electric_bike
71E4F5A9BE: classic_bike
97F3829FBO0. classic_bike
AB60573017. classic_bike
D037175CF1electric_bike
8F72538505: electric_bike
F9D102C02( electric_bike
62F91D30E6 electric_bike
5BD562082C electric_bike

J

start_lng

-74.037977
-74.037977
-74.037977
-74.037977
-74.03571
-74.037977
-74.037977
-74.037977
-74.03571
-74.037977
-74.037977
-74.037683
-74.030377
-74.03571
-74.03571
-74.03571
-74.03571
-74.064194
-74.037683
-74.037683
-74.03571
-74.03571
-74.03571
-74.037977
-74.037977
-74.037977
-74.037977
-74.037977

K

end_lat

40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.742258
40.7256855
40.742258
40.742258
40.742258
40.742258
40.742258
40.7256855
40.7256855
40.742258
40.73743
40.73743
40.73743
40.742258
40.742258
40.742258
40.742258
40.742258

end_lng

I8 M |
member_casual
-74.035111 member
-74.035111 member
-74.035111 member
-74.035111 member
-74.035111 member
-74.035111 member
-74.035111 member
-74.035111 member
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Querying Dataset Collections

e Difficult to express data discovery information needs using keyword-based queries

and to assess dataset relevance based on textual snippets

e Metadata is necessarily incomplete and sometimes inconsistent with the data
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Querying Dataset Collections

Difficult to express data discovery information needs using keyword-based queries
and to assess dataset relevance based on textual snippets

Metadata is necessarily incomplete and sometimes inconsistent with the data

Mismatch between users’ requirements and metadata + search capabilities
[Papenmeier et al., 2021]

“complex information needs seem to collide with the capabilities
of data search systems.”
Search for what you know — limited support for discovering unknown unknowns

There are known knowns; there are things we
know that we know.

There are known unknowns; that is to say,
there are things that we now know we don't

know.

But there are also unknown unknowns - there
are things we do not know we don’t know.
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OF ENGINEERING BQL'#?RNALYS'S

NYU




Rethinking Dataset Search and Discovery

e Dataset Relationship Queries: expressive queries to search dataset collections that
capture diverse information needs — dataset as a query

e Find correlated variables in joinable datasets Join-Correlation — improve ML models, test hypothesis
[Santos et al., ACM SIGMOD 2021, ICDE 2022, ICDE 2024]

e Explain salient features in spatio-temporal data — use data to explain data [Chirigati et al., ACM SIGMOD
2016; Chan et al., ACM SIGMOD 2017]

e Explain outliers in time series data — use data to explain data [Bessa et al., ACM TDS 2020]
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Rethinking Dataset Search and Discovery

e Profiling & Indexing: Go beyond the metadata provided by data publishers --
leverage dataset contents derive metadata and improve findability

e Rule-based type detection, e.g., categorical, numerical, spatial, temporal (https://github.com/VIDA-
NYU/auctus/tree/master/lib_profiler)

e | M-based column type annotation: discover semantic types that capture what the data is about [Feuer
et al., pVLDB 2024]

o {BRONX, BROOKLYN, MANHATTAN, QUEENS, STATEN ISLAND} 11 NYC boroughs

e {AVERNE, ASTORIA, BAYSIDE, BELLEROSE, BRIARWOOD, CORONA, ELMHURST, FAR
ROCKAWAY, FLUSHING, JAMAICA, ...} = Queens neighborhoods
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https://github.com/VIDA-NYU/auctus/tree/master/lib_profiler
https://github.com/VIDA-NYU/auctus/tree/master/lib_profiler

Rethinking Dataset Search and Discovery

e [nteraction, informative snippets and result presentation: facilitate exploration and
identification of relevant data [Castelo et al., PVLDB 2021]
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Advanced Search: £ Any Date ~  ©) Any Location

Taxi Trips (2.9 gb)

data.cityofchicago.org
Taxi trips reported to the City of Chicago in its role as a regulatory agency. To protect privac...

TriplD TaxilD TripStartTimestamp TripEnd Timestamp TripSeconds TripMiles  Show 17 more.
CEDEED
& Download | | © View Details

Green Taxi Data 2015 (1016.7 mb)
upload

This dataset contains green taxi trip records from 2015.

VendorlD pickup_datetime  dropoff_datetime  Store_and_fwd_flag RateCodelD distance
& Download | | ( View Details

Yellow Taxi Data 2015 (19.8 kb)
upload

This dataset contains the daily number of yellow taxi trips for 2015.
pickup_datetime  n.trips price distance

E3Temporal

& Download | | © View Details

Taxi Improvement Fund (TIF) Medallion Payments (1.4 mb)

datacityofnewyork.us

Thisis a list of monthly payments made to owners of Wheelchair Accessible Vehicles (WAVs) from t...
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Green Taxi Data 2015

1D: datamart.upload.d5cff1264b974b0bb3e6008c314fdf16

Source: upload

Description: This dataset contains green taxi trip records from 2015.

Data Types:

Columns: VendorD pickup_datetime dropoff_datetime Store_and_fwd_flag RateCodelD Pickup_longitude
Pickup_latitude  Dropoff_longitude  Dropoff_latitude  Passenger_count  Show 13 more.

Size: 1016.7 mb

Download: m ‘m

Spatial Coverage

Thisis the approximate spatial coverage of the data.

Latitude Column: Pickup_tatitude | Longitude Column: pickup_longitude
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Keyword-Based Search
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(© Any Location v

[ Related File ~

Taxi trips reported to the City of Chicago in its role as a regulatory agency. To protect privac...

TripID  TaxilD

Trip Start Timestamp  Trip End Timestamp  Trip Seconds  Trip Miles

Show 17 more...

Green Taxi Data 2015 (1016.7 mb)
upload

This dataset contains green taxi trip records from 2015.

VendorlD  pickup_datetime  dropoff_datetime

Store_and_fwd_flag

RateCodelD distance

Show 17 more..

n Find taxi-related datasets

S Source v

Green Taxi Data 2015

ID: datamart.upload.d5cff1264b974b0bb3e6008c314fdf16
> Source: upload
Description: This dataset contains green taxi trip records from 2015.

Data Types:
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Visualizing: Automatically Inferred Metadata
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[ Related File ~

~ Data summary —

data.cityofchicago.org

S Source v

Taxi trips reported to the City of Chicago in its role as a regulatory agency. To protect privac...

TripID TaxilD TripStart Timestamp Trip End Timestamp  TripSeconds  TripMiles  Show 17 more... >
Green Taxi Data 2015 (1016.7 mb)
upload
This dataset contains green taxi trip records from 2015.
VendorlD pickup_datetime  dropoff_datetime  Store_and_fwd_flag RateCodelD distance  Show 17 more. ?
[© Ve et
Yellow Taxi Data 2015 (19.8 kb)
upload
This dataset contains the daily number of yellow taxi trips for 2015.
pickup_datetime n.trips price distance >
EjTemporal

|dentifies spatial and
temporal attributes

Green Taxi Data 2015

Source: upload
Description: This dataset c

Data Types:

Pickup_latitude

Size:1016.7 mb

Spatial Coverage
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Filtering by Time
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Start:  01/02/2015

End:  12/31/2015

Find all taxi-related datasets that

Taxi Trips (2.9 gb)
data.cityofchicago.org

Taxi trips reported to the City of Chicago inits role as
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Show more...
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Show 18 more columns...

| <, Download | ‘ @ View Details ‘ ‘ Q Search Related

Green Taxi Data 2015 (1016.7 mb)

upload
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Yellow Taxi Data 2015 (19.8 kb)

upload

This dataset contains the daily number of yellow taxi

trips for 2015....
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4 distance

Taxi Trips
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contain records in year 2015

Description: Taxi trips reported to the City of Chicago in its role as a regulatory agency. To protect privac... Showmore...
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Columns: McTriplD  AxTaxilD [ Trip Start Timestamp (] Trip End Timestamp 4 Trip Seconds  #£ Trip Miles

# Fare  show 14 more columns...

Size: 2.9 gb
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This is the approximate spatial coverage of the data.
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Filtering by Space
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2015....
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4oc Store_and_fwd_flag 4 price  Show 18 more columns...

‘ o, Download ‘ ‘ @ View Details ‘ ‘ Q Search Related
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Show more...
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e Store_and_fwd_flag 4 EXtra  Show 16 more columns.
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@ Dropoff_longitude 3 distance  Show 14 more columns.

Size: 1016.7 mb

Download:

Spatial Coverage
This is the approximate spatial coverage of the data.
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The Auctus Dataset Search Engine
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Advanced Search: £ AnyDate ~ () Any Location ~ [ Related File

Taxi Trips (2.9 gb)
data.cityofchicago.org

Taxi trips reported to the City of Chicago in its role as a regulatory agency. To protect privac...

TiplD TaxilD TripStartTimestamp Trip End Timestamp Trip Seconds  Trip Miles

Eremvort

Show 17 more..

Green Taxi Data 2015 (1016.7 mb)
upload

This dataset contains green taxi trip records from 2015.

VendorlD pickup_datetime  dropoff_datetime  Store_and_fwd_flag RateCodelD distance

Yellow Taxi Data 2015 (19.8 kb)
upload

This dataset contains the daily number of yellow taxi trips for 2015.

pickup_datetime n.trips price distance

3 Temporal

Taxi Improvement Fund (TIF) Medallion Payments (1.4 mb)

datacityofnewyork.us

This is a list of monthly payments made to owners of Wheelchair Accessible Vehicles (WAVs) from t...
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S Source v

Show 17 more..

https://www.youtube.com/watch?v=IZQbh3ctg6Q
[Castelo et al., PVLDB 2021]

Green Taxi Data 2015

ID: datamart.upload.d5cff1264b974b0bb3e6008c314fdf16
Source: upload
Description: This dataset contains green taxi trip records from 2015.

Data Types:
Columns: VendoriD pickup_datetime dropoff_datetime  Store_and_fwd_flag RateCodelD Pickup_longitude
Pickup_latitude  Dropoff_longitude  Dropoff_latitude

Passenger_count  Show 13 more...

Size: 1016.7 mb

Download:

Spatial Coverage

This is the approximate spatial coverage of the data.
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Conclusions

e Artificial Intelligence (Al) is reshaping data-driven exploration — it is augmenting, not
replacing users: need the user in the loop
e AutoML is democratizing ML to a certain extent

e Automation is not enough — need explainability and trust, including the ability to debug pipelines
[Lourenco et al., VLDBJ 2022]

e Clearly helps data scientists and computer-literate users
e Practicing ML is still hard for domain experts

Will LLMs render AutoML systems obsolete”? Or improve them?

LLMs also need explainability and trust
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Conclusions (cont.)

e There is a huge untapped value in open data, internal repositories and data lakes — it
Is hard to find relevant data

e Rethink the design and implementation of dataset search engines
e Data discovery by uncovering data relationships — dataset queries

e Finding data is only the first step...need to assess quality, curate, and
integrate data

e || Ms can help with data wrangling [Feuer et al., pVLDB 2024, Kayali et al., pVLDB 2024,
Narayan et al., pVLDB 2022, and many others]

VISUALIZATION

@ TANDON SCHOOL —) IMAGING AND
NYU OF ENGINEERING DATA ANALYSIS




Acknowledgments

NYU

TANDON SCHOOL N A e, Y /N MAGING AND
OF ENGINEERING Ill DATA ANALYSIS
EEEEEE



Merci
Gracias
Euxaplotw
AR
s
RS
Thank you
Obrigada
6narogaps
Kiitos
HYIdTq
Tack

TANDON SCHOOL Danke i A

j ||||||||||
OF ENGINEERING V I A DATA ANALYSIS
EEEEEE

NYU
Bedankt




