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1.0 SUMMARY 

The overall goal of the MEMEX project was to develop software systems that would 

enable analysts to quickly build high-quality, scalable domain-specific indexing and 

search engines.  This report describes the main components of our work on this project, 

which in concert focus on developing computational techniques and software tools to 

improve analyst performance in the context of the imprecision, ambiguity, and the sheer 

variety of language and structure on the web.  

 

This report describes the three main components of our team’s work on the MEMEX 

program. The first component focuses on creating a higher-level domain specific 

language (DSL) that automates many of the tedious portions of acquiring, extracting, and 

analyzing search data. We have demonstrated how the Delite framework can be used to 

make search and acquisition first-class citizens in the DSL via integration of a high-

throughput backend.  Delite is a framework for building compilers for high-performance 

Domain Specific Languages that can be used to target heterogeneous architectures 

(multicore, GPU, cluster, FPGA) [30].  Integration of this work and a variety of other 

performance improvements with the second component of our system, the DeepDive 

Knowledge Base Construction Engine [10], has enabled users to efficiently achieve 

enhanced domain-specific extraction performance using a variety of hardware 

architectures[.  In the context of human trafficking, DeepDive running on a Delite 

backend has provided scalable, domain-specific extraction capability for multiple users 

associated with the program.  Building on lessons learned from this process, the Snorkel 

software package [4] was developed as the third component of our work in order to 
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abstract away from the user tasks in the DeepDive pipeline that required substantial 

machine learning knowledge, enabling analysts to focus on the task at hand. Like 

DeepDive before it, Snorkel and its associated software projects [1, 2, 5, 8, 12] are widely 

deployed by both industry and academia to support critical applications and research. 
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2.0 INTRODUCTION 

 

The overall goal of the MEMEX project was to develop software systems that would 

enable analysts to quickly build high-quality, scalable domain-specific indexing and 

search engines.  In this context, our main technical objectives were to make domain-

specific search dramatically more cost effective and more usable by a larger set of 

analysts than is possible today.  

 

Our experience indicates that creating a high-quality domain-specific search and 

extraction system is not a one-shot task, but is a dialogue. In this dialogue, an analyst 

repeatedly cycles through three phases: improving the extraction systems, acquiring new 

data, and refining (possibly statistical) analysis. To facilitate this dialogue, we have 

worked to improve each of the three phases: (1) acquisition and search by making each 

first class citizens in our language, (2) extraction by making inference procedures faster, 

easier, and more automatic, and (3) analysis by making the analysis and diagnosis cycle 

interactive. 

 

● Problem 1: A higher-level language for search tasks.  Many routine operations in 

current search and analysis frameworks such as DeepDive [10] can be painful and 

slow, which forces users to copy and paste code from examples or to use 

suboptimal features.  These are clear signals we do not have the right abstractions 

to make this framework analyst friendly. Our solution: Delite [30] allows one to 

specify tight, domain-specific abstractions and creates a Read-Eval-print Loop 
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(REPL) instance for each DSL, which allows for an interactive method for users 

to construct and debug their search indexes. We envision that as they are 

performing their downstream analysis, they will often need to dig back into the 

source extraction material, perhaps even improving portions of the extraction for 

their needs. We proposed to use Delite to construct a higher-level domain specific 

language that automates many of the tedious portions of acquiring, extracting, and 

analyzing search data. This involves (a) making search and acquisition first-class 

citizens in the DSL, which requires that we extend Delite to support a high- 

throughput backend, (b) extending DeepDive's extraction capability and 

integrating it with Delite, and (c) extending the analysis and diagnosis capability 

of both frameworks.  

 

● Problem 2: Reducing analyst time through a high performance infrastructure. A 

higher performance infrastructure is critical to enable more automation in that 

infrastructure. Our Solution: We proposed to improve the scalability and 

performance of DeepDive by porting it to Delite, which allows us to take 

advantage of graphics Processing Units (GPUs), Non-Uniform Memory Access 

(NUMA) machines, and clusters of machines to achieve dramatically higher 

levels of performance.  This process involved several crucial steps.  First, we 

created a high-throughput backend, where a key tradeoff space is how different 

models of isolation and fault tolerance affect throughput.  Next, we used this 

speed to automate many of the testing, inference, and learning procedures that 

DeepDive originally forced on the analyst.  In addition to accelerating DeepDive 
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via integration with such improvements as a fast Gibbs sampling architecture 

[20], we investigated a number of other techniques to enable high-performance 

infrastructure that can reliably support the analyst.  These include development of 

a reconfigurable hardware architecture to support parallel execution [7], design of 

a deep learning performance benchmark [6], construction of a distributed Gibbs 

sampler [21], and eventually transitioning away from Gibbs sampling to a matrix 

approximation algorithm [1] that can be used to solve many of the same 

underlying problems for which our systems were developed with both increased 

speed and more favorable mathematical properties. 

 

● Problem 3: Accelerating the Analysis Cycle with Software 2.0. The systems 

proposed for this work such as Delite and DeepDive were research prototypes, not 

industrial- strength software. We planned to transition our final systems to a 

broader audience, which required that we take care of a host of mundane but 

important details: reliable execution, informative error messages, documentation, 

copious examples and frequently asked questions, an ability to work in multiple 

configurations.  Our Solution: We originally proposed to have the two software 

developers begin hardening the existing code base and then in later stages of the 

proposed work, they would work on transitioning the new features to practice.  In 

fact, DeepDive was commercialized as Lattice, with a full software engineering 

team having been built around the product.  Further, our development of the 

Snorkel system [4] as a follow on to DeepDive has been aimed at leveraging 

emerging techniques at the intersection of machine learning and software 
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engineering (“Software 2.0”) to allow for non-expert users to leverage DeepDive-

like knowledge base construction capability. 

 

 

3.0 METHODS, ASSUMPTIONS, AND PROCEDURES 

 

3.1 A Higher-level Language for Search Tasks 

 

Enabling analysts to perform both search and analysis on domain-specific tasks at scale 

generally requires large amounts of processing power. It is currently a significant burden 

to develop the best implementations of data analysis algorithms for all the varieties of 

parallel architecture (multicore, GPU, cluster, FPGA). The traditional library-based 

approach to this problem has portability and versatility limitations.  Instead, we have 

pursued an approach to integrating data-analysis applications such as DeepDive with a 

domain specific language. We have leveraged a DSL development framework called 

Delite to simplify the process of developing high-performance easy to use DSLs. The 

components of the Delite framework are shown in Figure 1.  
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Figure 1. The Delite DSL Framework. 

 

Delite substantially reduces the burden of developing high-performance DSLs by 

providing common reusable components that enable DSLs to quickly and efficiently 

target heterogeneous hardware [30].  

 

3.2 Reducing Analyst Time with High Performance Infrastructure 

 

In order to reduce analyst time on critical tasks, we have focused on a variety of 

strategies to improve underlying system performance.  As a first step, we leveraged a 

DSL to create an efficient Gibbs sampler to provide substantial (over 50x, in some cases) 

speedup for running analysis systems like DeepDive.  As a followup to this work, we 

developed a distributed Gibbs sampling architecture that enabled computations using 

factor graphs that could not be stored in memory on a single machine.  Further, over the 
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course of the MEMEX program, the commoditization of deep learning models and the 

importance of providing appropriate supervision became a clear bottleneck for analysts in 

practice, and we therefore transitioned much of our work to this setting.  Specifically, we 

reformulated the graphical modeling underlying DeepDive into a matrix completion 

algorithm [1] that has no dependency on the number of unlabeled examples used to learn 

the accuracies of different rules that contribute to knowledge base creation.  This recent 

advance forms the basis of the next generation of analytics software that our group is 

providing in the open source [1, 2, 4, 5, 8, 12].  In the DAWNBench project described in 

[7], we attempted to better understand the different ways in which modern deep learning 

techniques and software frameworks interact with systems capabilities in a robust 

fashion.  

 

3.3 Accelerating the Analysis Cycle with Software 2.0 

 

Over the course of the last several years, the Snorkel software system [4] has grown 

directly out of the DeepDive project, but with an emphasis on a Software 2.0, weak 

supervision-first perspective.  In DeepDive, users could specify multiple “tasks” that 

were jointly inferred over to make final predictions, but doing this required large amounts 

of time and technical machine learning expertise.  For each separate task, users would 

have to specify (i) a separate set of features painstakingly encoded by hand, and (ii) 

manually generated training data, either hand-labeled or created with carefully combined 

distant supervision rules.  In Snorkel, the features are learned automatically by multi-task 

models, which effectively pool samples across tasks to learn better features [1].  Instead, 
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as shown in Figure 2, users only need to provide labeling functions, via an accessible 

Jupyter notebook interface, which are then automatically combined and jointly modeled 

across tasks by Snorkel.  The combination of these labeling functions enables automatic 

generation of probabilistic training labels even for unlabeled examples, which can be 

used to train modern deep learning algorithms at unprecedented scale.  Key theoretical 

advancements underlying Snorkel, when translated to practice, have resulted in a system 

that allows for domain experts to rapidly, scalably, and reliably leverage machine 

learning systems for mission-critical tasks across a variety of contexts including 

intelligence, business, medicine, and basic science. 

 

 

Figure 2. The Snorkel Analysis Pipeline. 
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4.0  RESULTS AND DISCUSSION 

 

4.1 A Higher-level Language for Search Tasks 

 

Under MEMEX, we successfully integrated DeepDive with a Delite-generated DSL and 

were able to achieve substantial performance gains in practice.  In particular, a Gibbs 

sampler composed using the Distributed Multi Loop Language (DMLL) demonstrated 

substantial speedups (in some cases over 50x) over running the naive sequential 

DimWitted implementation [21].  Today, these techniques form the core of the DeepDive 

Knowledge Construction System that has been deployed widely in both academic and 

industry [10].  

 

4.2 Reducing Analyst Time with High Performance Infrastructure 

 

In addition to the DeepDive-Delite integration, under MEMEX our work yielded a 

number of advances that enabled us to reliably improve the performance of our data 

analytics stack.  These are described below. 

 

Numbskull: Multi-threading Gibbs Sampling 

Following up on our work on DMLL, we created a new Gibbs Sampler called Numbskull 

to power our analytics applications in a scalable fashion. Numbskull consumes 

substantially less memory than previous engines, making it possible to extract from larger 

corpora on smaller machine resources. Numbskull started as a Python-based 
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implementation of Dimmwitted, i.e., as a single-box multi-threaded sampler. 

Multithreaded Numbskull is within a factor of 2x slower than Dimmwitted but consumes 

25% less memory. We also introduced an across- boxes distributable version of 

Numbskull. The motivation behind distributed Numbskull stems from applications such 

as MEMEX where the full factor graph cannot be materialized within the memory of a 

single machine. In distributed Numbskull the factor graph is never materialized on a 

single machine. This is in contrast to previous techniques that rely on analyzing the fully 

materialized factor graph before partitioning (either using connected components or 

finding weakly connected subgraphs). To achieve the above we introduced a partitioning 

paradigm which we refer to as semantic partitioning. We only require access to the 

template-specification that generates the underlying factor graph and by employing type 

analysis we have a new way of distributing the factor graph generated by that template 

across machines. We follow a master-minions architecture where a central master box is 

coordinating multiple minion boxes. Our partitioning and sampling approach comes with 

several guarantees on the mixing-time of Gibbs. 
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Snorkel MeTaL: Using Matrix Completion to Support Multitask Learning 

To improve both user experience and task performance, we applied lessons learned from 

DeepDive to create Snorkel [4], a new system focused on leveraging user domain 

knowledge to create large, weakly labeled training sets that can be used to train powerful 

machine learning models without requiring substantial machine learning expertise on the 

part of the user.  On the technical front, we have developed a new approach to training 

the underlying generative model, which learns the accuracies of the user-provided 

heuristics, or “labeling functions,” using a masked matrix approximation-style approach 

[1]. In addition to being simpler and more robust than Gibbs Sampling, this approach 

does not scale at all with the amount of unlabeled data provided.  That is, users can now 

add in as much unlabeled data as is available to them, increasing end quality without any 

slowdown in generative model training (aside from the negligible cost of one initial 

matrix multiply).  In addition, this new formulation of our model has led to new, tighter 

theoretical bounds on the scaling of performance with more unlabeled data. 

 

One of our major pushes has been towards making a new version of Snorkel, Snorkel 

MeTaL, which handles weak supervision for massively multi-task models that take in 

many different types of training data, and use it to jointly train models that perform many 

different tasks.  For example, rather than using Snorkel ten different times to train ten 

different extraction models for ten different but related data types, in Snorkel MeTaL, 

users can train one multi-task model to jointly learn all ten extractors, for improved 

overall performance (see technical report for experiments on fine-grained relation 

extraction).  And in contrast to current work on multi-task learning, which generally 

https://github.com/HazyResearch/metal
https://github.com/HazyResearch/metal
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relies on several existing hand-labeled datasets, Snorkel MeTaL accepts multi-task 

labeling functions as input---enabling users to specify arbitrarily expansive sets of custom 

sub-tasks.  We are continuing to develop Snorkel MeTaL and plan to merge it 

increasingly with the current Snorkel framework over the coming months, adding 

massively multi-task capacity by default.  

 

DAWNBench: Robust Evaluation of Deep Learning Performance 

To provide an objective means of quantifying performance of the end-to-end deep 

learning models that power many modern analytics workloads, we have developed 

DAWNBench [6], an open benchmark and competition for end-to-end deep learning 

training and inference. Instead of simply measuring time per iteration (or throughput), 

DAWNBench measures end-to-end performance in training (e.g., time, cost) and 

inference (e.g., latency, cost) at a specified state-of-the-art level of accuracy. This 

provides an objective means of normalizing across differences in computation 

frameworks, hardware, optimization algorithms, hyperparameter settings, and other 

factors that affect real-world performance. Our initial release of DAWNBench provides 

end-to-end learning and inferencetasks including image classification on CIFAR10 and 

ImageNet, and question answering on SQuAD, along with reference implementations for 

each task. 

 

Plasticine: Integrating Parallelism into Reconfigurable Hardware 

We have developed a new reconfigurable architecture called Plasticine [7]. Plasticine is 

designed to efficiently execute applications composed of parallel patterns. Parallel 
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patterns have emerged from recent research on parallel programming as powerful, high-

level abstractions that can elegantly capture data locality, memory access patterns, and 

parallelism across a wide range of dense and sparse data analysis applications.  

 

4.3 Accelerating the Analysis Cycle with Software 2.0 

 

Snorkel: A Software Framework for Weak Supervision 

Snorkel [4] continues to be our main software platform for exploring how end-to-end 

machine learning---or software 2.0---systems can be built by subject matter experts 

without machine learning expertise, by having them provide weak supervision in the 

form of noisy labeling functions that programmatically label data. We have continued to 

build and improve the open source Snorkel project based on feedback from a growing set 

of collaborators and users, including several teams at Google, Intel, Facebook, BASF, 

Alibaba, various labs at the Stanford Medical School [27], Stanford VA hospital, and 

many other users. Software improvements include supporting PyTorch and Tensorflow 

bindings, making pip installable, and other system and usability improvements.  Snorkel 

now has over 1,200 stars on github, and we are excited about the growing user 

community around it; to this end, we have continued community outreach and education 

activities, including most recently an ACM summer school workshop. 

 

Fonduer: Leveraging Weak Supervision over Richly Formatted Data 

Traditionally, KBC solutions such as DeepDive and Snorkel have focused on relation 

extraction from unstructured text or semi-structured data. These systems already support 

http://snorkel.stanford.edu/
https://github.com/HazyResearch/snorkel/tree/master/tutorials/workshop
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a broad range of downstream applications such as information retrieval, question 

answering, medical diagnosis, and data visualization. However, troves of information 

remain untapped in richly formatted data, where relations and attributes are expressed via 

combinations of textual, structural, tabular, and visual modalities. In these scenarios, the 

semantics of the data are significantly affected by the organization and layout of the 

document. Examples of richly formatted data include webpages, business reports, product 

specifications, and scientific literature. 

 

In Fonduer [5], we introduce a programming model in which no development cycles are 

spent on feature engineering. Users only need to specify candidates, the potential entries 

in the target knowledge base (KB), and provide lightweight supervision rules which 

capture a user’s domain knowledge to programmatically label subsets of candidates, 

which are used to train Fonduer’s deep-learning model. Our user study to evaluate 

Fonduer’s programming model shows that when working with richly formatted data, 

users rely on semantics from multiple modalities of the data, including both structural and 

textual information in the document. We have evaluated Fonduer in four real-world 

applications of richly formatted information extraction, including the MEMEX extraction 

task, and show that Fonduer enables users to build high-quality KBs that achieve an 

average improvement of 41 F1 points over state-of-the-art systems. 

 

Coral: Handling Complex Dependency Structures in Supervision 

We have also attempted to better capture data comprising a variety of modalities through 

our Coral project [8], which focuses on weak supervision with image and video data. 
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Given the difficulty of defining labeling functions over raw pixels, Coral introduces the 

concept of domain-specific primitives, or interpretable characteristics of image and video 

data that users can exploit to write these labeling functions. Examples of these domain-

specific primitives include bounding box information like location, size, and label in 

natural images, which can be acquired using state-of-the-art object detection algorithms. 

For medical applications, these include characteristics like the area, perimeter or more 

complex shape and texture based features for the region of interest in a radiology image.  

 

Given these domain-specific primitives and labeling functions written over them, we can 

now utilize the same weak supervision model as Snorkel to assign noisy label to image 

and video training data. Moreover, we can also exploit the structure of these labeling 

functions that rely on the domain-specific primitives to augment the statistical model that 

assigns training labels. Specifically, we look at how the labeling functions are designed 

in terms of the inputs they rely on and encode this into our statistical model. This allows 

Coral to boost the accuracy of the training labels, by up to 3.81 F1 points for a video 

classification task. Coral also allows users to label previously unlabeled data, 

outperforming fully supervised models with a smaller amount of ground truth label by up 

to 3.07% accuracy. .  
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Babble Labble: Deriving Supervision Automatically from Natural Language 

With Snorkel, labeling massive training sets is made easier via labeling functions. In the 

Babble Labble project [2], we explored if we could lower the barrier to entry even further 

by allowing the user to label training sets using only natural language. While viewing 

unlabeled examples, the user provides natural language explanations for why examples 

should be labeled a certain way. These explanations are then parsed into executable 

labeling functions that can be applied within the Snorkel framework. Surprisingly, we 

found by applying a small number of common-sense filters to the potential parses 

generated by the semantic parser, a naive rule-based parser performs nearly as well as a 

theoretical perfect parser. In other words, we can build a parser once and use it in many 

domains without additional training, making it easy to collect natural language 

supervision in new domains with little overhead. We evaluated this approach on three 

relation extraction tasks, finding that on average Babble Labble requires 5-100x fewer 

user inputs (explanations) than a traditional supervision approach with labels alone. 

 

MEMEX Extractors 

We successfully created a variety of accurate, rapidly-executing extractors in DeepDive 

to support the goals of the MEMEX program.  Since DeepDive was commercialized as 

Lattice and acquired by Apple in 2017, the team has reconstituted the MEMEX extractors 

using Snorkel, and in August 2018 gave a successful demonstration of both the extractors 

and front-end user interface to personnel at USDOJ.  As future work, we intend to pursue 

deploying these extractors to support law enforcement via a front-end interface designed 
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to enable rapid interaction with large KBs populated using the weak supervision methods 

developed as part of this program.    

 

5.0 CONCLUSIONS 

 

The overall goal of the MEMEX project was to develop software systems that would 

enable analysts to quickly build high-quality, scalable domain-specific indexing and 

search engines.  Under MEMEX, our team made substantial progress towards enabling 

analysts to leverage the power of scalable machine learning systems to accomplish a 

variety of domain-specific tasks with little required expertise on the underlying 

algorithms.  Our integration of the DeepDive system with a DSL generated by Delite 

yielded substantial improvements in analysis runtime due to improvements in Gibbs 

sampling runtime, our deployment of this system enabled the creation of effective 

extraction pipelines for the MEMEX project, and our resultant effort towards leveraging 

weak supervision to support analytics workloads has yielded systems such as Snorkel that 

are deployed in support of critical functions in government, industry, and academia.  

While DeepDive was commercialized as Lattice and acquired by Apple in 2017, Snorkel 

has become a widely-used open source software available on GitHub. The MEMEX 

project has supported the generation of over 30 peer-reviewed technical publications. 
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