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1 Summary 
 

Messy data — heterogeneous values, missing entries, and large errors — presents a major 
obstacle to automated data-driven discovery of models. Data cleaning is the first step in 
any data processing pipeline, and has serious consequences for the results of any subsequent 
analysis. Yet this step is generally performed using ad-hoc methods. 

The simplest approach to coping with missing data is also the most common: many 
researchers simply ignore any datum with a missing element. In settings where most data 
is present, this practice results in decreased statistical power; in settings where most data is 
missing, this practice is disastrous, and renders the data useless. When the data is numeric, 
another common strategy is to impute with the column or row mean. However, this approach 
results in nonsense when values are Boolean, ordinal, or nominal: what is the mean of “apples” 
and “oranges”? Methods for inference in general data tables rely either on highly stylized 
models or on bespoke algorithms for particular domains. Furthermore, existing algorithms 
either scale poorly to large problems or are not provably globally convergent on general data 
sets. No existing approach is available to exploit network or spatiotemporal structure to infer 
missing heterogeneous data. 

 
Cleaning data by learning from data.  In this project, we developed composable modeling 
primitives for robust data inference by exploiting structure in the data set. These primitives 
for structured data inference accept data with noisy, uncertain, or missing values, and produce 
clean, complete data sets. Thus, this primitive automatically extend any other modeling 
primitive to work on highly incomplete, noisy data. We also developed a novel AutoML idea 
to use primitives for missing value imputation to predict the quality of (and recommend) 
machine learning methods for new datasets. 

 
2 Introduction 

 
Big datasets are everywhere: in science, in health, in commerce, and in government, data is 
becoming easier and cheaper to collect. Yet extracting value from this data is a challenge. 
Every step in the standard machine learning pipeline requires human intervention, and often 
substantial computational costs: cleaning the data, identifying useful features, choosing a 
machine learning model, optimizing the model, and validating the model. Meanwhile the steps 
that transcend the pipeline are critical and difficult to reason about: collecting the right data, 
interpreting the model, and understanding how the model might change the world for the 
better or worse. 

In this project, we developed new tools to accelerate and automate optimization and 
machine learning and new frameworks to help researchers understand their data, choose 
measurements, interpret their model, and understand potential benefits or harms of their
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model. To achieve these goals, we sought to discover hidden mathematical structure in the data, 
algorithms, and procedures that humans use to make their decisions. By learning and exploiting 
these structures, we can improve, accelerate, and even automate machine learning (including 
data cleaning, feature extraction, and algorithm selection) and optimization. Automation frees 
humans from data cleaning and parameter tuning to concentrate on the important questions that 
algorithms can never answer:  are we solving the right problems, and do we have the right 
data? 

Low-dimensional structure can provide the key to automation and speed. The insight that 
undergirds this research is the observation that measurements of a complex object, such as a 
patient in a hospital, respondent on a survey, or even a machine learning dataset, can be well 
described as simple functions of an underlying low-dimensional latent vector. When we can 
identify these low-dimensional latent vectors and these simple measurement functions, we can 
de-noise and impute entries in messy datasets, reduce the dimensionality of feature vectors, 
recommend better machine learning algorithms, and speed up optimization and model validation. 

On this project, we have developed methods to extract low-dimensional structure from big, 
messy datasets and to use low-dimensional structure to accelerate large scale optimization and 
automate machine learning. 
 
Low dimensional structure is everywhere! One continuing theme in this research is the 
importance of low-dimensional structure for learning from large and sparse data. We’ve 
developed several scalable, parallel, distributed, and low-memory methods to find low rank 
approximations with provable guarantees (1; 2; 3), that handle matrices with billions of entries 
on a laptop. These methods can solve problems from a broad range of applications, including 
medicine (4), social science survey data (5), revenue management (6; 7; 8), environmental 
monitoring (9; 10; 11), electronics (12), and machine learning (13; 14; 15), which we discuss in 
more detail below. We developed variants of low rank models that work with very weak 
information, such as assortment choices (6; 7), and that work for sparse data (16). 
 
3 Methods Assumptions, and Procedures. 
 
Why low rank?   In each of these applications, we found low rank models performed well 
— indeed, suspiciously well — for filling in missing data (imputation). Why do low rank 
models work so well? In (17), we prove that under a very general class of generative model, the 
rank of an -approximation to an m × n matrix grows as O(log(m + n)/ 2). Hence large enough, 
square-ish (m ∼ n) datasets have low rank relative to the trivial bound min(m, n). 

Beyond low rank. The bound on the epsilon-rank of a matrix makes one important, if 
straightforward, point: while many square matrices are approximately low rank, rectangular 
matrices almost never are. A long, skinny matrix (even with missing entries) presents much 
more information about each column than about each row. Low rank factorizations cannot 
exploit this structure, since row and column ranks are the same. Instead, we must develop 
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more sophisticated models that allow us to learn more about columns (for which we have much 
information) than about the rows (about which we know little). A resulting research theme is 
the search for nonlinear structures that explain real data well, such as polynomial models (18; 
19) and copula models (20; 21; 22), and developing algorithms to handle huge, streaming data 
with these methods, with provable performance guarantees. 
 
Automated machine learning.    Algorithm selection and hyperparameter tuning are two of 
the most frustrating tasks in machine learning. Automated machine learning (AutoML) seeks 
to automate these tasks to enable widespread use of machine learning by non-experts. The lab’s 
work in this area uses low-dimensional structure to accelerate AutoML. Our first such system, 
Oboe, views AutoML as a recommender system problem: for each new dataset, we must 
recommend a machine learning model (14) or pipeline (15). Oboe forms a matrix (or tensor) of 
the cross-validated errors of a large number of supervised learning models (algorithms together 
with hyperparameters) on a large number of datasets,  and fits a low rank model to learn the 
low-dimensional representations for the models and datasets that best predict the cross-
validated errors, among all bilinear models. To find promising models for a new dataset, Oboe 
runs a set of fast but informative algorithms on the new dataset and uses their cross-validated 
errors to infer the feature vector for the new dataset.  Despite its simplicity, Oboe is among the 
top AutoML approaches. 

We’ve also worked on other fresh ideas for AutoML: using text descriptions of the dataset 
and algorithm (23) and a graph neural network (24) to improve algorithm recommendations. 
The resulting AutoML system is competitive with other state-of-the-art AutoML systems, and 
recommends a pipeline in (< 1s); most others require an order of magnitude more time to return 
a sensible answer. 
 
Experiment design.   Even as data becomes abundant, good data is still not cheap: consider 
medicine (expensive lab tests or invasive procedures); biology (lab experiments); scientific 
computing (supercomputer time for simulations); or surveys (more questions). Which data is 
worth collecting? AutoML provides an ideal testbed to develop new methods for information-
directed sampling: which information (here, pipelines evaluated on a dataset) is most 
important to ensure accurate predictions and sensible decisions? In (14; 15; 25), we develop 
simple methods to guide information acquisition using classic ideas from experiment design; 
while (26) develops tools for tensor recovery under (unknown) biased sampling patterns. 
 
Sketching and matrix approximation. Low rank matrix approximations form a fundamental 
primitive for an exceedingly wide variety of algorithms. Streaming matrix approximations go 
further: they can approximate a matrix so large it cannot be stored in memory. Instead, typically 
these methods collect information about a matrix by computing a random linear function of the 
matrix, often called a random sketch. The sketch is then used to recover an approximate 
factorization of the matrix. We’ve designed several sketching methods
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for low rank matrix (27; 28; 9) and tensor (10) approximation, and more efficient sketches based 
on tensor products (29). 

One advantage of the sketching approach is that the total memory required is proportional 
to the size of the final factorization, rather than the original matrix. This property has important 
implications for many basic computational problems, including cross-validation (30), dynamic 
optimization (31), semidefinite programming (32; 33), and solving linear systems (ongoing 
work). 
 
Scalable semidefinite programming. Semidefinite programming (SDP) is a powerful 
framework from convex optimization that has potential for data science applications — if 
algorithms for SDP could handle large scale data! This work has developed new provably 
correct algorithms for large SDP by economizing on both the storage and the arithmetic costs. 
We have developed two different approaches to this problem: one based on sketching (32; 34; 
33), and the other on complementarity (35). Numerical evidence shows that these methods are 
effective for a range of applications, including relaxations of MaxCut, abstract phase retrieval, 
and quadratic assignment, and can handle SDP instances where the matrix variable has over 
1013 entries. Moreover, the methods handle nearly every useful SDP: the conditions required 
for these methods to succeed are generic (36) and are necessary for any SDP solver to yield a 
useful solution given noisy problem data (37). 
 
4 Results 
 
This effort, over the course of the D3M program, provided research and development for incomplete 
or missing data in tabular datasets, by researching the expectation maximization methods for missing 
entries in a matrix, with an arbitrary marginal.  Using automated machine learning, the marginal 
distribution, and validating the use of low rank models for missing value imputation, was 
learned.  The team contributed this to the D3M program with the Pyglrm_d3m python package 
for modeling and fitting generalized low rank models (GLRMs). The primitive was made 
available for other performers to use, and was compatible with D3M’s primitive interface.  
 
We also performed experiments in machine learning, large scale low rank optimization, and tensor 
factorization, to address datasets not in tabular form. 
 
In addition to development, over the course of this project, we produced, 10 journal publications, 
8 refereed conference proceedings, 5 refereed workshop papers, 29 presentations, and 7 open-
source software packages. 
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5 Conclusions 
 

This work demonstrates the promise of collaborative filtering approaches to AutoML. However, 
there is much more left to do. Future work is needed to adapt Oboe to different loss metrics, budget 
types, sparsely observed error matrices, and a wider range of machine learning algorithms. Adapting 
a collaborative filtering approach to search for good machine learning pipelines, rather than 
individual algorithms, presents a more substantial challenge.  Development of new algorithms that 
do not require estimating the marginal, and understand when these methods should outperform as a 
function of data sparsity, and scaling these methods to larger datasets (especially, with more 
columns), constitutes important future work. 
 
We also hope to see more approaches to the challenge of choosing hyper-hyperparameter settings 
subject to limited computation and data: meta-learning is generally data(set)-constrained. With 
continuing efforts by the AutoML community, we look forward to a world in which domain experts 
seeking to use machine learning can focus on data quality and problem formulation, rather than on 
tasks — such as algorithm selection and hyperparameter tuning — which are suitable for 
automation.   
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