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1.0 SUMMARY

This report describes several novel approaches broadly related to human-artificial
intelligence (Al) collaborative teams in complex problem-solving environments. The
research defines and implements techniques for understanding complex interactions
between team members and computer agents, and distills from that analysis changes to
both agents and team structures, all towards increasing the skill of individuals comprising
the team and improving the overall outcomes and performance. This report describes
each approach and its implementation and uses, shows example results, and provides

conclusions.
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2.0 INTRODUCTION

This report evaluates human-Al team collaboration in complex problem-solving
environments. By complex problems, this effort means a problem with no known best
solution, and with no curriculum structure. In particular, a key testbed for development
and evaluation are two scientific discovery environments: the Mozak environment

(https://www.mozak.science/) designed towards advancing neuroscience discoveries,

and Foldit, designed towards advancing biochemistry discoveries (proteomics more
specifically). Both environments are composed of a mix of expert and non-expert users
that produce either novel proteins or novel reconstructions of 3-Dimensional (3D)
neuronal cells. As an example, in Mozak, teams annotate complex 3D volume images of
neuronal cells in order to form “traces”, or graphical structures representing the neuron
as a set of nodes and edges in 3D space. An example of one annotation view in Mozak
is shown in Figure 1.

anmittal Approved = 2
Only one person found these traces. To

make sure you don't miss them look if

neurites extend into disconnected dots.

|

Figure 1. One View in the Mozak Environment

The testbeds present several key challenges of relevance to the goals of this project and

can be roughly split into two components.

Approved for Public Release; Distribution Unlimited.

2



First, understanding the unknown emergent player individual and group strategies and
how players respond to always changing problem states. This effort aims to automate
this data-driven analysis so that structure and theory of behavior emerges from this

analysis.

Second, devising intervention strategies that cause change in human behavior, and result
in computer agent variations that together increase the skill level of humans and the
overall quality of problem solutions. Due to the earlier termination date, the project did
not fully develop automatic agent adaptation, although initial progress in that direction is

described.

This research effort included analysis of game data from various Defense Advanced
Research Projects Agency (DARPA) developed games, including field experiments for
various test environments, but Foldit and Mozak will be the primary focus of this report

and was the main environment in which this effort conducted research.
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3.0 METHODS, ASSUMPTIONS, AND PROCEDURES

The research deployed several methods. Before describing them, the data available in
the environments will be described. Mozak and Foldit are interactive game platforms,
and all user actions are logged and available as timestamped clickstream entries with
event metadata. Additionally, the raw image files containing the 3D neuronal imaging
data and protein structures are available. Finally, there is also the data regarding the
current state of the annotation of any particular neuron (the annotations are a set of nodes
and edges, called a “trace”) and often a separate “gold-standard” version of this trace

prepared by an expert annotator, which is used to evaluate the quality of traces.

The following sections will describe each of the methods used for each of the individual

tasks.

3.1 Strategy Detection

The goal in strategy detection is, given a stream of player actions, to (a) provide an
interpretable representation of this strategy, and (b) identify similar players. The
approach in this research for strategy detection focused on adopting deep sequence
models from the machine learning and reinforcement learning research communities (e.g.
Sepp and Schmidhuber 2018), and applying them to sequences of player actions.
Furthermore, recognizing that the problem state is also important in making sense of an
action, this methodology was extended to evaluate sequences of (state, action) pairs.
Since the development of a policy of action from a (state, action) pair is often called a g-
pair in the reinforcement learning literature (Sutton and Barto 2018), this approach is

referred to as “Quser Modeling”, see Figure 2.
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Preprocessing: Modeling: LSTM Sequence Autoencoder Cluster Analysis and Interpref
(cf. Srivastava et al 2016) Yields Strategy Identification

R AR B}

Figure 2. Quser Modeling Pipeline

The Quser model consists of two fixed encoders, which learn a “state vector” which is an
encoded representation of the current problem state and represents its similarity to other
problem states, and an “action vector” which represents the actions taken in response to
that state, within a short fixed time window. The approach assembles a sequence of
these (state, action) pairs, and applies a sequence autoencoder model which attempts to
learn a single fixed-length vector representing the entire series of g-pairs for a given user.
Finally, these encodings are used to group users together via clustering techniques. This
allows identification of shared user strategies via inspection of the membership of each
group. This also allows for the generation of recommended strategies, via the sequence
model, and could support simple game-playing agents which represent a particular
strategy (by drawing samples from the autoencoder model). This extends related work

on modeling agents in games, e.g. (Tucker et al. 2018, Tastan and Sukthankar 2011).

3.2 Contrasting Cases for Player Improvement

The goal of this analysis is, given a game state, to identify a set of “contrasting cases”
which can be used to teach the player optimal playing strategies. Contrasting cases are
an idea adapted from educational science (Alfieri et al 2013), which represent two
approaches to a problem -- a “positive case” which represents a correct solution to the
problem (or to a similar problem), and a “negative case” which represents an incorrect
solution to the problem (or a similar problem). Usually the negative case is selected such

that it represents a common mistake or misconception. Contrasting cases can be
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generated on-the-fly from a trained model, which would allow for users to be educated in
dynamic environments, and could serve as a recommendation engine of examples/non-
examples of how to approach strategic situations in real-time. The use of deep learning-
based models for the generation of contrasting cases is novel, to our knowledge. An

example of the proposed contrasting cases pipeline is shown in Figure 3.

Image API

Contrasting Cases Pipeline

Candidate Set: K most similar solutions KNN(Tr(I))

user| current e Most similar Fetch solution for
focl® image previous image T previ image Tr(I)

ing solutions:
didate set
i example

IF there is a
rompute contrast
pand return the be

user current
focus coordinates
anid dataset id

Return cont
center, box

Mozak and trace nodes/edge

Bad

Figure 3. Contrasting Cases Pipeline

3.3 Imitation Learning from Expert Behavior

This strand is concerned with learning agents which mimic expert behavior. While prior
work has often constructed models of player behavior via imitation learning or inverse
reinforcement learning (Ng and Russell 200; Ziebart et al 2008), the proposed approach
seeks to directly generate solutions to a given problem instance, mimicking the response
an expert would provide without constructing an explicit model of the users’ behavior. A
learned model which effectively captures expert behavior is valuable for many reasons;
one key reason it is valuable in big-data environments is that experts are scarce, and so
expert behavior rarely scales. Furthermore, many tasks require the repetitive application
of skills to similar scenarios, leading to duplicated efforts as similar problems are

repeatedly solved; a learned model of expert behavior could allow an expert to avoid
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duplicated efforts and instead focus on solving the most difficult problems which an agent

could not effectively solve, or on correcting the agent itself.

The proposed approach to learning models from expert behavior primarily focused on
integrating approaches from deep learning and computer vision based on generative
adversarial networks (GANs). In particular, the research explored two related
architectures, one based on the pix2pix model (Isola et al. 2017) and another based on
Flood-Filling Networks (FFN, Januszewski et al. 2016).

These models are trained on (image, annotation) pairs generated from a mix of expert

and non-expert annotations in the Mozak platform.

3.4 Generating Insights from Players’ Misconceptions
In Mozak, this is the “reconstruction” workflow for a neuron:

1. Publish a fresh volumetric image of a neuron (after receiving it from a neuroscience

lab) on Mozak.

2. Players start tracing the neuron. Their trace data is stored as graphs with nodes

and edges with their 3D coordinates in the pixel space.

3. A consensus graph is built continuously as players trace the neuron (consensus is

generated if > 1 player trace nears each other in the 3D coordinate system).

4. The generated consensus graph is shared with the neuroscientists for editing and

classification.

5. Final output of this process is called the gold standard which is nothing but a 3D
graph with nodes and edges. This final gold standard is what the neuroscientists

work with to further extend their research about how our brain works.

Approved for Public Release; Distribution Unlimited.
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If one looks closely at the above workflow, there are multiple areas where there is scope
for improvement. In particular, this research developed a curriculum generation end-to-
end system which is intended to improve one, but most important, dimension of the

‘reconstruction” phase, i.e. improving player reconstruction behavior on Mozak.

With each neuron's structure being so different and varied it isn't clear what player
behavior leads to less or high (more desirable) quality tracing. To tackle this problem, the
research looked at it from the perspective of learning sciences - generating lessons from
misconceptions. The research developed a data-driven approach to generate visual
lessons or in other words insights out of (1) the players' low quality traces with respect to
gold standard, and (2) neuron regions (in gold standard) where there was no consensus

or almost no tracing.

These lessons/insights are annotated by experts and visually shown to the players before
they begin working on a new neuron on Mozak. The players can rotate, zoom, pan, etc.

the lesson to properly understand the misconception.

The entire pipeline of the lesson generation system is divided in 3 stages. In the 1st
stage, the approach takes nodes from player traces and gold standard as raw data, to
perform feature engineering, feature selection, normalization, and scaling. An important
part of the 1st stage is to remove the nodes from player traces and gold standard which
were high quality. High quality in this context means the regions where players were
good at tracing. The assumption here is that low quality traces are probably due to
players’ misconceptions. In the 2nd stage, the approach clusters these nodes using k-
means++ (Arthur et al. 2007). The proposed approach uses k-means++ with the k-elbow
method to find the optimum number of clusters. Since k-means is a centroid based
clustering method, the approach then finds the 3 closest nodes (by calculating Euclidean
distance) from each centroid and creating a bounding box of a variable threshold (64 was
used as the threshold) for each of them. Using the (x, y, z) dimension of the bounding
box, the approach plots the player traces, consensus, and the neurite in pixel space to
visually understand the misconceptions. In the 3rd and final stage, experts look at the

lessons to further approve or reject them. The approved lessons are annotated and

Approved for Public Release; Distribution Unlimited.
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further edited to remove extraneous details. It's important to note that except in the final

annotation process, minimal manual intervention is required.

Lessons/insights generated and their impact will be discussed in the results and
discussion section.

Approved for Public Release; Distribution Unlimited.
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4.0 RESULTS AND DISCUSSION

4.1 Strategy Detection

Examples of the results of the proposed strategy detection algorithm applied to Mozak
data are shown in Figure 4. The proposed algorithm is able to identify several classes of
users, which are identified using a high-performance version of the Hierarchical Density-
based Spatial Clustering of Applications with Noise (HDBSCAN) algorithm (Mclnnes et
al. 2017) applied to the encoded Q-pairs described above. The proposed approach
identifies several groups of users, including “superconnectors” and “superdeleters” (users
who create or delete large numbers of annotations without taking other actions); “hunt
and peck” annotators who selectively create or delete single annotations as a cleanup
and editing strategy to refine existing solutions; “cleanup” users who strictly remove
annotations in order to improve existing traces; and “power users” who employ
combinations of advanced features. The proposed algorithm is also able to identify sub-
strategies based on subtle situational characteristics; for example, it identifies “hunt and
peck in soma” vs. “hunt and peck in noise” (lower right of left panel in Figure 4), which are
a similar strategy applied in different structural parts of the neuron and require different
approaches due to the unique imaging artifacts which can be introduced in these different

areas.

The right-hand panel of Figure 4 also shows the hierarchical relationships which the
proposed approach learns; for example, it learns a high-level “cleanup” region of the
pyramid which collectively contains several lower-level editing, refinement, and
improvement strategies. Other groupings are annotated in the dendrogram shown in
Figure 4. Figure 5 also shows these strategies embedded in the same latent space as
Figure 4 (left), but partitioned by dataset (each neuron is a different “dataset”, and thus a
different problem). One may see evidence of different mixes of strategies used in different
datasets. Figure 4 shows both organized groupings of coherent emergent sub-role
creation, as well as the hierarchical composition of such behaviors. It is noted that, while

prior work has explored techniques such as self-organizing maps (SOM) for sensemaking
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of player behavior (Yannakis and Togelius 2018), techniques based on Q-pairs via an
autoencoder are novel, to our knowledge.

Macro:“connection tracing”
(trace w/CTD)

Macro: ‘power tracing”
—] j' 1 : (fust trace w/VF)

/ S L -
” =2 N N B -~ -
/7 [ - N w R,
7 N roc xrnlhhml;, ly new Rodes wfCTD) T
Miceo: undo in soma (9 | Microx delete branch in noisy, (51 \ L easel wrncing” (CTD + cleanup sesipes) [34)
s, delete edge1]) | ws. delete branch in curving desid. w \

Micro: PT in moleinefcrossing (30)
. undo in dendrie (2) s delete branch in partal d. (7)

vs. PT in line through noise (20)

|Macro: deanup

Hunt and Pack” "in

Strategy Space Identification: Automatically identify roles and

Hierarchical Strategy Detection: Discover hierarchical
strategies in amorphous hybrid systems

dependencies of strategies leading to higher-order abstractions

Figure 4. Strategy Detection in Mozak
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Figure 5. Comparison of Strategy Use on Different Problems

4.2 Contrasting Cases for Player Improvement

Figure 6 shows an example of the contrasting cases approach, which were developed
and deployed to the live platform.

Approved for Public Release; Distribution Unlimited.
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Mouse-V1-141

Insights that may be relevant to your region:

Figure 6. Examples of Contrasting Cases Generated in a Live Play Environment

This approach showed the potential to uncover useful sets of contrasting cases. For
example, in the case shown in Figure 6, the left-hand case (positive case) shows a good
example of an expert trace which follows a wavy neuronal fiber; the right-hand case
shows an example of a common mistake on a similar case, which misses the subtle
curves and traces a line that is too straight and does not capture the shape of the neuron.
This methodology is likely to be useful in other complex problem-solving environments,

particularly those which use visual inputs.

4.3 Imitation Learning from Expert Behavior

The research explored and extensively tested two models, described above, for learning
from expert behavior; a pix2pix-based model and a FFN-based model. Results from both
approaches are shown in Figure 7.

Approved for Public Release; Distribution Unlimited.
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Figure 7. Automated Tracing Results from GAN-based Models. Left: Pix2Pix Right: Flood-
Filling Networks (FFN)

Figure 7 shows that both approaches were promising potential techniques, and that they
were able to learn high-quality automated solutions to the tracing problem. These results
suggest that further refinement of these models could result in a model of sufficient quality
to allow export annotators to transition from a “worker” role, where they manually generate
all annotations, to an “editor” or “teacher” role, where they inspect Al-generated
annotations and correct them, optionally providing feedback to the model so that it can

avoid making similar mistakes in future annotations.

4.4 Generating Insights from Players’ Misconceptions

Figures 8 and 9 are examples of the generated insights/lessons with expert annotations.

An important thing to note, when these lessons are shown to Mozak players, the marked

Approved for Public Release; Distribution Unlimited.
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traces blinkingly appear and disappear so players could understand the underlying

neurite structure.

Very disconnected trace. If you rotate the view, you can see how to extend the
trace as far as possible.

Figure 8. Insight Generated by Processing Regions of Gold Standard where Players did Low or
Zero Quality Tracing
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Legend

\\

» N
Consensus exists on one trace but only 1 person traced the nearby parallel
neurite. Sometimes it is possible that multiple traces exist close to each other.

Figure 9. Insight Generated by Processing Low Quality Player Traces

To evaluate if these lessons have any behavioral change in players, a randomized
controlled trial was performed. The pilot study helped to understand some key features
which need to be improved on Mozak. For example, players start tracing from soma
(brightest region in a neuron) and then further extend their traces. While the collective
quality of traces near soma are high, their quality drastically reduces near the tips of the
neurite. This is probably because the neurite isn’t as bright near the tips and because the
neurite breaks into blobs in those regions (unlike bright connected threads near soma).
Additionally, it was noticed some players were doing high quality tracing but their traces
were not leading to consensus. This was because of less work done by other players in

those regions.
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From these findings, further investigation, as to if there are opportunities to train players,
such that they focus on regions which are harder to trace, i.e. near the tips of the neuron,
may be pursued. And for the high quality tracers, perhaps increase their vote count such
that their tracing directly leads to consensus.

4.5 Using Cohorts to Improve Understanding

Working toward metaplanner and diagnosis capability, the research needed to develop
approaches that boost the signal of key factors contributing to success and failure.
Considering the entire population of solvers en masse can dampen or obscure all but the
most obvious factors (i.e., time), so subdividing the population can control for these
obvious factors. Comparisons between subdivisions, or cohorts, can accelerate
discovery of additional factors. The research defined four cohorts, see Figure 10, by time
and performance and found that high performers have a similar range of time compared
to other cohorts. The research also found a new highly salient feature: action rate.
Disparities in action density appear in first hour of puzzle. This research effort verified
that differences in action density are not due to parallel work (i.e., users have multiple
clients open at once). The research also looked at which actions were getting used more
by higher performers. The research found that higher performers make more use of
actions related to constraints and big-picture reorganization suggests that they have a
clearer vision of their approach. At this point, results were still too coarse for high-quality
diagnosis and planner interventions. There is a compelling role for automation in

exploring space of action-related features.
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Figure 10. The Four Cohorts Defined, as Shown on the Energy vs. Time Trajectories for a Single
Puzzle

4.6 Toeplitz Inverse Covariance-based Clustering (TICC) Applied to
Foldit Actions

The approach constructed a time series from actions each solver took along the path to
their best solution. The time series were then clustered using the TICC algorithm, varying
the number of clusters. Leveraging the interpretable Markov Random Field (MRF) output
TICC generates for each cluster, the relationships between actions and between cohorts
were examined. Because each cluster is based on a corresponding MRF, the approach
applied the betweenness-centrality measure to the graph to estimate the relative
importance of each feature for each cluster. It was found that greater use of constraints

relative to optimization may separate high, Figure 11, and middle cohorts, Figure 12.
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Figure 11. Relevance of Different Actions to TICC Clusters for the High Cohort
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Figure 12. Relevance of Different Actions to TICC Clusters for the Middle Cohort

The research team felt that these results of clustering on centrality metrics were
promising. When solvers were clustered into two groups, see Figure 13, according to the
centrality metrics of their TICC clusters (using k-means), the best performers belonged to
the same group (yellow) and each group has a more and less active cluster. The yellow
group uses more locks and bands relative to optimization.
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Figure 13. Time Spent vs. Energy

In October, diagnosis via pattern extraction and a proposed model discovery and system
adaptation were reported. Research focus in November and December was on model
discovery and adaptation. The research is conducting an evaluation of proposed network
model/algorithm, contrastive “Red Zone” policy learning, and global metaplanner. The
approach had a paradigm shift in optimal policy methods, as it was found that there was
no value functions across entire spaces and no policies with full coverage. Instead, the
research has focused on human improvement through contrasting-case exemplars,
finding red zones, and best interventions in those areas. These new problems need new

algorithms.

4.7 Contrastive Learning in the “Red Zone”

This is a new methodological approach in which one learns key areas of importance --
the “red zone” where expert users achieve substantially different outcomes from novices.
By learning policies for action in these areas, it was found that these policies include

optimal individual user actions, task assignments, and teaming.
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4.8 Mozak: Meta-Planning in Complex Action Spaces

4.8.1 The “Network-Nudging” Algorithm

The research team has also been investigating the Networking-Nudging algorithm by
evaluating 2 key properties: convergence and outcomes, see Figure 14. The research
set to find out: Does the method learn stable network representations of the user
population? How long does it take to reach convergence (if reached at all)? How
sensitive is convergence to network size? Are next-action recommendations produced
by this method tied to outcomes? Can recommendations improve over expert player

actions? How sensitive is recommendation quality to network size?

Experiment Overview

Networks and Recommendations In
Real-Time Simulation
User Behavior Stream S

gl

nn - Preprocess Via TICC Evaluate Results Usi
ELEE T openad ) [ Eveate Resus Using
BECEDEDT - - <

Repeat across multiple random samples

Figure 14. Experiment Overview
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Network Nudging Algorithm Convergence: Iterative Change in Distance Matrix
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Figure 15. Results of the Networking-Nudging Experiment

Figure 15 indicates a good, stable network structure even on very small (9 users!)
networks. Next, the team wanted to find out how the quality of nudges perform under
low-data scenarios. The data was analyzed for the following things: Are next-action
recommendations produced by this method tied to outcomes? Can recommendations
improve over expert player actions? How sensitive is recommendation quality to network

size?

The graph of Figure 16 depicts the results of this experiment. It was found that users who
take recommended actions improve significantly more, while also finding out that adding

second recommendations do not further improve outcomes.
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Network-Nudging Experimental Evaluation - Outcomes
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Figure 16. Network-Nudging Outcomes

4.8.2 State Space Representation for Complex Environments

Next, the research team wanted to create context-aware models, see Figure 17, to
support Red Zone Contrastive Policy-Learning. This provides support for many different
tasks, including: Identifying key problems for expert support (the “red zones”);
characterizing expert behavior (the “contrastive policies”); supporting dynamic, data-
driven decisions for teaming, task assignment, next-action recommendations; providing

interpretable output for domain experts; and changing objectives.
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State Space Representation for Complex Environments
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Figure 17. State Space Representation for Complex Environments
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Figure 18. Current User State and Latent User State Space Example

Using the results of these experiments, as shown in Figure 18, the research team
developed data-driven representations of user states (context), including images (what
user currently sees), position and behavior of adversaries/teammates, and user behavior.

These representations are task-specific, learned directly from data, and low-dimensional
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(useful for modeling). Representations of many modalities are combined as input to a

metaplanner, which optimizes for a given objective.

4.9 Pattern Extraction

Previously, the research team worked on diagnosis via pattern extraction and proposed
a model of discovery and system adaptation. Here the research would consider future
refinements for the pattern extraction, the intent to create more sophisticated model
selection which would account for similarity and the separation of high- and low-
performers. The research team also looked to create richer representation of patterns
which would represent attributes such as action ubiquity, duration, cadence with the goal
of improving interpretability. The research team would further explore multi-level
possibilities, such as sequence model at macro-level (e.g., when should a user switch
patterns) and at a micro level: How many layers of subpatterns are useful. Lastly, the

research team also worked on predicting performance of the approach.

First, the models were trained on differing amounts of data from 1 puzzle up to 5 puzzles,
evaluated mean squared error on a test set of 2 other puzzles, examined a linear
regression model (Ridge regression) and two models capable of fitting arbitrary functions
Generalized Additive Model (GAM) and Gradient Boosted Regression Trees (GBRT), as
shown in Figure 19. The baseline models use total time to predict performance. Pattern-
based models use time spent on each pattern to predict performance. In pattern-based
models, it was found that one could train the pattern extraction model, use it to predict
patterns on a test set, fit performance model based on pattern times in training data, and
test using predicted patterns for test data. Then, the approach searched over large sets
of possible pattern-time features for the best model (different number of patterns and then
different subsets of those patterns). It was found that the best GBRT model used 8
patterns from a 13-pattern model. It was also found that GAM baseline accuracy was

good, with limited benefits from additional data.
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Baseline Models Pattern-Based Models

Figure 19. Baseline vs. Pattern-Based Models

4.10 Adaptation

The research team wanted to determine how Foldit users responded to environmental
differences (new data, new objective, new constraints). The research attempted to
identify adaptation by examining changes in behavior between same-protein puzzles but
encountered a serious wrinkle: Foldit users show large variation in behavior puzzle-to-
puzzle. Next, the hypothesis was tested with run-of-the-mill Foldit puzzles, which resist
a standardized approach and force players to adapt. The adaptation was analyzed via
efficiency of approach. The key question was: what prompts this variation? How do Foldit
users benefit from these frequent changes in approach? One possibility is using prior
approach fails to make good progress. If progress on a Foldit puzzle is represented as
an energy frontier, and each time a new best solution is reached, the frontier is extended,
one can evaluate how efficiently each player reaches each of these frontier milestones.
The data was analyzed with the goal of quantifying the efficiency of a user’s approach to
help understand when and how adaptation is beneficial. This is also useful as an outcome

distinct from final solution quality.
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5.0 CONCLUSIONS

This effort’s research along three main streams -- strategy detection, contrasting cases
generation, and imitation learning from expert behavior -- shows that viable techniques
exist for each problem in the context of complex problem-solving environments.
Research developments provide a foundation for future work which leverages these
techniques to build more complete systems for human-Al interaction; for example
generating artificial agents which use previously-detected strategies to generate their
actions, building player development flows which utilize contrasting cases for training
human players; or creating human-in-the-loop flows for continual refinement of machine-

learned models trained via imitation learning.
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6.0 RECOMMENDATIONS

The primary conclusion of this effort is that it is possible to infer complex actions of multi-
person groups joined with multiple computer agents without any a priori knowledge of the
problem strategies, and structures. This has deep implications for rapidly created new
problems that have no theory, no known best solutions, and sometimes even no existing
experts. The research team needs to push this further to ensure broad flexibility for target
problem variation. In addition, the research team continues to discover and demonstrate
with implementation that it is possible to automatically and from scratch create
instructions that lead individuals to improve their task-specific skillset. This means that
manuals, curricula, and training can be automatically created on the fly as group problem

solving strategies and behavior are discovered through analysis.
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9.0 LIST OF SYMBOLS, ABBREVIATIONS, AND ACRONYMS

3D 3-Dimensional
Al Artificial Intelligence
API Application Programming Interface

DARPA Defense Advanced Research Projects Agency

FFN Flood-Filling Networks

Foldit not an acronym

GAM Generalized Additive Model

GANs Generative Adversarial Networks
GBRT Gradient Boosted Regression Trees

HDBSCAN Hierarchical Density-based Spatial Clustering of Applications with Noise

KNN K-Nearest Neighbors

LSTM Long Short-Term Memory

Mozak not an acronym

MRF Markov Random Field

SOM Self-Organizing Maps

TICC Toeplitz Inverse Covariance-based Clustering
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