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Introduction

Today, the most significant blocker enterprises face in using AI is not models or infrastructure, 
but is the vast volumes of labeled "training data" that AI models learn from. For example, before 
using Snorkel, data science and legal teams at a top-3 US bank spent over six months labeling 
the data needed to train a machine learning model to automate loan document processing. The 
time and effort required to label data blocks even the largest organizations globally from scaling 
AI, especially when data is complex, fast-changing, or needs to be kept private.

Snorkel AI's mission is to help enterprises overcome this manual data labeling bottleneck with 
an automated approach called programmatic labeling. Snorkel AI's founding team developed 
this radically new method with over five years of research at the Stanford AI Lab. It has resulted 
in 50+ peer-reviewed publications, including course syllabi and textbooks. Snorkel's technology 
has been deployed by organizations like Google, Intel, Apple, Stanford Healthcare, and 
DARPA.  

With Snorkel, users create labeling functions (e.g., looking for keywords or patterns in a loan 
document) to programmatically label millions of data points in minutes, rather than manually 
inspecting and labeling one data point at a time. Snorkel reduces the time, cost, and friction of 
labeling training data so enterprises can more easily build and scale AI models to deploy more 
meaningful applications. Incorporating human judgment into the AI process through subject-
matter experts becomes more efficient and scalable and can lead to more ethical, responsible 
outcomes. For example, that same top-3 US bank now builds governable AI applications in 
24-48 hours rather than six months. 

Snorkel Flow, our end-to-end AI development platform based on programmatic labeling, is used 
by Chubb, BNY Mellon, and other Fortune 500 enterprises in biotech, insurance, and oil & gas 
sectors, and several government agencies to accelerate AI development by 10-100x speedups, 
unlock seven-to-eight figure ROI, and scale AI.

In this ebook, we discuss the following topics.

• Moving from manual labeling to programmatic labeling
• The key difference between manual and programmatic user inputs
• Manual labeling optimizations such as model-assisted labeling and active learning
• Automating data labeling with programmatic approaches
• Using Snorkel Flow to automate data labeling
• Accelerating AI with Snorkel Flow
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Moving from manual to 
programmatic labeling

Labeling training data by hand is exhausting. It’s tedious, slow, and expensive—the de facto 
bottleneck most AI/ML teams face today 1. Eager to alleviate this pain point of AI development, 
machine learning practitioners have long sought ways to automate this labor-intensive labeling 
process (i.e., “automated data labeling”) 2, and have reached for classic approaches like active 
learning or model-assisted labeling. 

The Snorkel team has spent over half a decade focused on this problem, first at the Stanford AI 
lab and now at Snorkel AI—hosting workshops 3, working with collaborators in academia, 
industry, and government 4, and publishing 50+ of papers on the subject 5. During this time, we 
have used firsthand a wide variety of techniques (including all those mentioned in this article) 
that are aimed at automating parts of the labeling process. Through our experience, we have 
found these partial optimizations of manual labeling simply don’t provide the magnitude of 
acceleration modern AI development needs to be practical. It’s what drove us to develop 
programmatic labeling, an approach that makes automated data labeling a reality.  
 
In this ebook, we’ll outline techniques for optimizing manual labeling and compare them to 
programmatic labeling. In summary:

• Manual labeling optimizations such as active learning and model-assisted pre-labeling 
speed up the process of labeling individual examples incrementally. They are useful, classic 
approaches, but suffer from all the same pitfalls as vanilla manual annotation (lack of 
scalability, adaptability, governability, etc).  

• Programmatic labeling, on the other hand, unlocks a much more scalable approach to 
automate data labeling, accelerating labeling 10-100x (instead of 10%) by using a 
fundamentally more efficient and reusable type of user input than manual 
labels: labeling functions. This enables teams to label far more data, adapt to changing 
needs, and inspect or correct bias in the labeling process in a much more practical way.

• Snorkel Flow is a data-centric platform for building AI applications where programmatic 
labeling, active learning, and many other modern ML techniques are integrated and made 
accessible. Because all these techniques are compatible with one another, data scientists 
and subject matter experts can utilize every automated data labeling advantage, big and 
small. 
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The key difference: 
manual vs programmatic user 
inputs

The primary difference between manual labeling (with or without optimizations) and 
programmatic labeling is the type of input that the user provides. With manual labeling, user 
input comes in the form of individual labels, created one-by-one. With programmatic labeling (a 
form of weak supervision described in greater detail later in this ebook), users instead 
create labeling functions, which capture labeling rationales and can be applied to vast amounts 
of unlabeled data to create individual labels automatically.  
 
This difference in input type has huge implications for the scalability, adaptability, and 
governability of the labeling process.
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Scalability
Programmatic labeling allows domain knowledge to be shared more directly and efficiently

Labeling data by hand is like sharing your knowledge via a game of twenty (thousand) 
questions 6: you ask experts to label data (using heuristics and knowledge they have in their 
heads) and then spend a bunch of additional time, energy, and money having an ML model try 
to statistically re-infer that same knowledge! 

A major benefit of transferring knowledge via labeling functions is that it allows the user 
to incorporate that information directly. The result is a much more efficient transfer of 
knowledge, saving orders of magnitude in time and money in many cases 7, and allowing a 
domain expert to more directly affect the behavior of a model.

Adaptability
Programmatic labeling allows training labels to be easily updated or reproduced

When requirements change, data drifts, or new error modes are detected, training sets need to 
be relabeled. With a manual labeling process, this means manually reviewing each affected 
data point a second, third, or tenth time, multiplying the cost of both time and money to develop 
and maintain a high quality model.

When you produce your labels programmatically, on the other hand, recreating all your 
training labels is as simple as adding or modifying a small, targeted number of labeling 
functions and re-executing them, which can now occur at computer-speed, not human-
speed.
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Governability
Programmatic labeling makes the training set generation process easier to inspect and correct

In most manual labeling workflows, users leave no record of their thought process behind the 
labels they provide, making it difficult to audit what their labeling decisions were—both in 
general, and on individual examples. This presents a challenge for compliance, safety, and 
quality control.

With programmatic labeling, every training label can be traced back to 
specific inspectable functions. If bias or other undesirable behavior is detected in your 
model, you can trace that back to its source (one or more labeling functions) and improve or 
remove them, then regenerate your training set programmatically in minutes.

Automating the right things at the right level
While the goal of automated data labeling is clear (automate away the slow, tedious, expensive 
parts of labeling), the scope of what exactly can or should be automated is more nuanced. 
Various techniques have been proposed to make it slightly more pleasant or efficient to provide 
individual labels (smoother interfaces, model-assisted pre-labeling, active learning, etc.), but 
the fundamental limitations remain, because the input is the same: individual labels, collected 
one at a time, without rationale.

On the other hand, it’s also possible to attempt to automate too much. The idea that training 
data labeling can be turned into a completely push-button process without any human input 
(essentially getting something from nothing) is another variant of the ill-fated Free energy 
machine 20—which is to say: it won’t work! The human cannot be pulled out of the loop entirely
—they’ve got the domain knowledge the model needs.

The key to making automated data labeling work in practice is to raise the level of abstraction 
at which data scientists and domain experts label their data—in other words, the human is 
moved neither in (at the center of the labeling bottleneck) nor out (no longer guiding the 
labeling process), but up—transferring domain knowledge via higher-level and 
fundamentally more scalable inputs than individual labels: labeling functions that 
capture labeling rationales. 

With this important distinction in mind—let’s now take a closer look at a few manual labeling 
techniques in more detail.



Manual labeling workflow 
optimizations
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Manual labeling
Let’s begin with the baseline: vanilla manual labeling with no automation.

Lots of great things have been accomplished with manually labeled training sets! But some of 
those datasets have also taken person-years of time to collect (looking at you, ImageNet 8), and 
the vast majority of machine learning projects don’t have that kind of time or budget.

On top of being slow (and expensive), manual labeling also scales poorly. With the exception of 
small gains from becoming more familiar with the dataset and annotation guidelines, labels are 
collected at a rate approximately proportional to the amount of human effort you throw 
at the problem—in other words, your millionth label costs about as much as your hundredth. 
And on top of that, any non-trivial change to your input data or output objectives (e.g., a change 
in annotation instructions, data distribution, model requirements, etc.) generally requires a 
complete relabeling of your training dataset from scratch, at the same cost as the original 
effort 9.

Additionally, privacy and subject matter expertise requirements often limit who is able to 
contribute. While some manual labeling tasks are simple enough that they can be outsourced 
to crowdworkers, most enterprise-relevant labeling tasks require some level of domain 
knowledge. On top of that, most organizations are hesitant to expose internal data to external 
eyes. As a result, the number of people who are qualified to label data for a critical task can 
often be counted on one hand, exacerbating the bottleneck even further.

A great labeling UI can alleviate some of the pain. Easy project setup, keyboard shortcuts, 
auto-advancing, point-and-click options (see our annotation workspace in Snorkel Flow)—
these little things can add up to make the labeling process marginally more efficient…
but they won’t make it 10x more efficient. A human with domain expertise (and permission to 
view the data) still needs to view each and every example, so the fundamental bottleneck 
remains. And the labeling process remains opaque and difficult to reproduce.

https://snorkel.ai/platform


07

Model-assisted labeling
Model-assisted labeling (also known as “pre-labeling”) is just what it sounds like: using a 
current model (or an existing model from some other task) to propose an initial label for your 
data points that a human can then approve or reject manually.

This can be seen as another type of improved UI for manual labeling. For some tasks—
particularly those where collecting an individual label takes a long time or a lot of button clicks 
(e.g., image segmentation)—this can save the time that it would have taken to make those 
clicks yourself. But the human is still viewing and verifying each example that receives a 
label, creating the labels one-by-one without associated functions for adaptability or 
governance, making it another marginal improvement of manual labeling 19. 

Importantly, even with a human confirming each label, there is risk in using your model to 
suggest labeling decisions ahead of time: it has the potential to bias labelers into reinforcing the 
status quo—existing error modes and all. This phenomenon was demonstrated in an MIT 
study 22 published at CHI 2021, the most heavily cited 21 annual conference for human-
computer interaction. The study found that:

With manual labeling, a human provides labels for examples one-by-one, presenting a scalability 
challenge.

“…when presented with fully pre-populated suggestions, these 
expert users exhibit less agency: accepting improper mentions, and 
taking less initiative in creating additional annotations.”
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In other words, this manual labeling add-on can actually end up doing more harm than good, 
lowering model quality in exchange for relatively minor efficiency improvements.

Model-assisted labeling can reduce the time to collect each individual label by suggesting a label 
for the user to confirm or modify, but they’re still collected manually and one at a time.

Active learning
Active learning is a classic machine learning technique used and studied for decades 10. It aims 
to make human labelers more efficient by suggesting what order examples should be labeled 
in, so fewer examples can be labeled overall. For example, if constraints on time or money limit 
how many examples you can afford to label (and frankly, few projects have unlimited labeling 
budget), then you may prefer to label data points that are relatively dissimilar from one another 
(and therefore more likely to contribute novel information), or that your model is least confident 
about (and therefore likely to affect its current decision boundary). 

In practice, this reordering of data points can boost manual labeling efficiency for some 
applications, particularly near the beginning of a project when a model has learned very little. 
As the model learns more, however, the problem of determining the most valuable points to 
label can be nearly as hard as the original problem, making gains over random sampling fairly 
marginal. Intuitively speaking: if you knew exactly where the decision boundary between 
classes was, you wouldn’t need to train a classifier to do exactly that.

Finally, because the traditional active learning approach is still operating on the level of 
individual labels collected one at a time without associated labeling rationale, it has the same 
issues around indirect knowledge transfer, adaptability, and governance as the other members 
of the manual labeling family.  In general, active learning is a classic, very standard, and 
very sensible way to make manual labeling more efficient—but it’s not a step change.
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With active learning, an algorithm attempts to select the data point that will be most useful to label 
next (still one-by-one).

Programmatic labeling—a robust and practical way to 
automate data labeling
With the programmatic labeling approach to machine learning (also known as “data 
programming” or the “Snorkel” approach), the primary input from humans is not individual 
labels, but labeling functions (LFs) that capture labeling rationale. These functions are then 
applied to massive amounts of unlabeled data and aggregated to auto-label large training sets.

For example, if you’re building a spam classifier, you may have a number of relevant existing 
resources available (e.g., dictionaries of spammy words, a spam classifier from another 
domain, maybe even existing crowdworker labels). You may also be able to express a number 
of heuristics or “rules of thumb” that you or your domain experts would use if you were labeling 
by hand (e.g., formal but generic greetings like “dear sir or madam”, a high typo rate, links to 
wire transfer services, etc.). 

You can express all of these resources and heuristics as labeling functions, which are then 
applied at scale to vast amounts of unlabeled data programmatically. Importantly, this means 
that once you write a labeling function, no additional human effort is required to label 
your data, be it thousands or millions of data points. And the same is true for when it 
comes time to update your model—for example, you can add a new labeling function 
addressing an error mode you’ve observed in your model, and then regenerate the entire 
training set programmatically, without having to review each data point individually.
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With programmatic labeling, the user conveys domain knowledge via labeling functions instead of 
individual labels, which are then used to label thousands of data points in seconds, creating large 
training sets that can be easily regenerated or updated as needed, presenting a robust and 
practical way to automate data labeling.

The labeling functions you write may vary in their coverages, accuracies, and correlations with 
one another, and they will almost certainly disagree with each other some portion of the time. 
But the Snorkel team and other researchers have developed many algorithmic techniques over 
the years for automatically learning how much to weigh these different sources of supervision 
during that aggregation process based on their learned accuracies and correlations. Many early 
versions (approx. 2016 – 2019) of these aggregation strategies have been published in peer-
reviewed papers 11 12 13 14 15 16 17 18, and all of them—plus many others—are available today 
in Snorkel Flow. 

The programmatic labeling approach to machine learning has four important properties:

1. The labeling process is now truly automated, providing orders of magnitude of efficiency 
improvements. This is in stark contrast to manual labeling with minor efficiency 
improvements from automation around the edges.

2. Even though the labeling process is now automatic, the labeling decisions are still very 
much driven by the human, who uses their domain expertise to decide what resources or 
heuristics to apply to the problem.

3. The label creation process is now governable—for every training label that your model 
is learning from, you can identify exactly what contributed to that label. If a bias is detected 
in your dataset, you can trace the source of that bias back directly and remove it.

4. The efficiency gains of using programmatic labeling increase over the lifecycle of the 
model. As inevitable changes in the problem definition or data distribution occur, adapting 
is easy because relabeling is now as easy as updating or adding labeling functions, rather 
than relabeling everything again by hand. And when more unlabeled data is acquired, it can 
be labeled and added to the training set without any additional manual effort.

https://snorkel.ai/platform/
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Each labeling function suggests training labels for multiple unlabeled data points, based on 
human-provided subject matter expertise. A label model (Snorkel Flow includes multiple variants 
optimized for different problem types) aggregates those weak labels into one training label per 
data point to create a training set. The ML model is trained on that training set and learns to 
generalize beyond just those data points that were labeled by labeling functions.

And the kicker: programmatic labeling is fully compatible with the manual labeling workflow 
optimizations described above. Active learning can be used to suggest one or more points to 
label next. Existing models can show what the current predictions would be for those points 8. 
And the user can then write a labeling function based on those suggestions, updating the labels 
for many more data points at a time than in a manual workflow.

For more information on programmatic labeling, see this informative article on How Snorkel 
Works, this amusing one on the origins of the Snorkel project, and the Snorkel AI website for 
links to case studies and peer-reviewed papers of applying this approach to real-world 
problems.

https://snorkel.ai/how-to-use-snorkel-to-build-ai-applications/
https://snorkel.ai/how-to-use-snorkel-to-build-ai-applications/
https://hazyresearch.stanford.edu/data-centric-ai
https://snorkel.ai/case-studies/
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Snorkel Flow is the data-centric platform for building AI applications. It was built to maximize 
the end-to-end power of programmatic labeling. In Snorkel Flow, modern automated data 
labeling is made accessible, guided, and performant as users: 

• Explore their data at varying granularities (e.g., individually or as search results, embedding 
clusters, etc.)

• Write no-code Labeling Functions (LFs) using templates in a GUI or custom code LFs in an 
integrated notebook environment

• Auto-generate LFs based on small labeled data samples

• Use programmatic active learning to write new LFs for unlabeled or low-confidence data point 
clusters

• Receive prescriptive feedback and recommendations to improve existing LFs

• Execute LFs at massive scale over unlabeled data to auto-generate weak labels

• Auto-apply best-in-class label aggregation strategies intelligently selected from a suite of 
available algorithms based on your dataset’s properties

• Train out-of-the-box industry standard models over the resulting training sets with one click in 
platform, or incorporate custom models via Python SDK

• Perform AutoML searches over hyperparameters and advanced training options

• Engage in guided and iterative error analysis across both model and data to improve model 
performance 

• Deploy final models as part of larger applications using your chosen production serving 
infrastructure 

• Monitor model performance overall and on specific dataset slices of interest

• Adapt easily to new requirements or data distribution shifts by adjusting labeling functions and 
regenerating a training set in minutes. 

While no hand-labeled data is required in Snorkel Flow, many teams find that labeling a small 
subset of ground truth data is helpful for evaluation or error analysis. Snorkel Flow provides a 
workspace for hand-labeling to this end that includes the manual labeling workflow 
optimization tools described above—keyboard shortcuts, active learning, and model-
assisted labeling—as well as other features such as project dashboards, annotator roles, 
reviewer workflows, user comments, etc.

Automate data labeling with 
Snorkel Flow
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Finally, Snorkel Flow supports additional state-of-the art machine learning techniques that 
aren’t mentioned in this post, but are fully compatible with programmatic labeling. For example, 
users can: 

• Apply semi-supervised learning with labeling functions and label aggregation strategies that 
factor in both labeled and unlabeled data

• Apply transfer learning by fine-tuning rich, pre-trained foundation models from industry 
standard model zoos made available in the platform

• Apply few-shot and zero-shot learning to create labeling functions from rich contextual 
models that do not have sufficient quality out of the box, but do have valuable signal  

Developing AI solutions should be a partnership between human and machine—humans supply 
the intelligence and machines provide automation to scalably capture and encode the 
intelligence in a model. With programmatic labeling and other techniques made available in 
Snorkel Flow, we’ve made this ideal partnership a reality.

To learn more about how automated data labeling can take your AI development to the next 
level, request a demo or visit our platform. We encourage you to subscribe to receive updates 
or follow us on Twitter, Linkedin, or Youtube.
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Accelerate AI with Snorkel 
Flow

Adopting Snorkel’s data-centric approach can be instrumental to not only automating the 
labeling process (while keeping human-in-the-loop) but also to accelerating AI development.

With Snorkel Flow, Fortune 500 organizations such as Chubb, BNY Mellon, and more have 
built accurate and adaptable AI applications fast by putting the power of programmatic labeling 
to use.

Beyond realizing Snorkel’s data-centric approach, Snorkel Flow has many other features that 
elevate it from a training set or model creation tool to a complete enterprise platform for 
building AI applications. Some of those features include:

• Application studio: Support for multiple data modalities (unstructured text, structured text, 
time series, etc.), problem types (NER, info extraction, multi-label classification, etc.), and 
custom application graphs combining multiple models, pre-/post-processors, and custom 
business logic

• Programmatic labeling IDE: no-code LF templates, auto-suggest and auto-tuning of LFs, 
interactive data visualization, automated management and versioning of LFs, etc.

• Training data management: advanced label model algorithms, automated parallelization, 
and hyperparameter selection, dataset versioning and comparisons, etc.

• Model training and serving: one-click model training or fine-tuning, hyperparameter search, 
endpoint creation for mode/application serving, export for serving at scale, etc.

• Deployment and security: REST API, monitoring services, and managed workers for job 
execution; encryption, authentication, and role-based access control (RBAC), managed SSO 
integration; support for hosted, hybrid, or on-premises deployments, etc. 

To see Snorkel Flow in action: Request a demo.
 
To stay in touch, follow us on Twitter, LinkedIn, Youtube.
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http://www.snorkel.ai/demo
https://twitter.com/snorkelai
https://www.linkedin.com/company/snorkel-ai
https://www.youtube.com/channel/UC6MQ2p8gZFYdTLEV8cysE6Q

