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Abstract—Interactive model steering helps people incrementally build machine learning
models that are tailored to their domain and task. Existing visual analytic tools allow
people to steer a single model (e.g., assignment attribute weights used by a dimension
reduction model). However, the choice of model is critical in such situations. What if the
model chosen is suboptimal for the task, dataset, or question being asked? What if instead
of parameterizing and steering this model, a different model provides a better fit? This
paper presents a technique to allow users to inspect and steer multiple machine learning
models. The technique steers and samples models from a broader set of learning
algorithms and model types. We incorporate this technique into a visual analytic
prototype, BEAMES, that allows users to perform regression tasks via multimodel
steering. This paper demonstrates the effectiveness of BEAMES via a use case, and
discusses broader implications for multimodel steering.

B Dowmain EXPERTS USE interactive visual analytic  set of domains. Many such systems incorporate
systems to solve real problems spanning a broad machine learning models to help analyze the data.
Users interact with such systems to explore
their data by changing various parameters of the
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Figure 1. BEAMES user interface (Ul) for multimodel steering, selection, and inspection for regression tasks.
The model view (A) shows circular glyphs representing regression models color coded by residual error. The
data table (B) shows training, test, and application datasets. The control panel (C) allows users to filter models

and critical instances, and change feature weights (D).

parameters of the models (and the general charac-
teristics of the models) to properly convey their
intention or domain expertise to the system,
improve the models, and in turn gain insight.

Prior work has looked at this fundamental
usability problem. For example, Endert et al
proposed semantic interaction as a method to
couple model steering operations with native
user interaction on the data. Interaction, such as
highlighting phrases or text, performing a
search, or grouping documents steer clustering
and natural language processing algorithms.
Daee et al. showed with a user study user feed-
back on feature relevance enhanced sparse lin-
ear regression models in a sentiment analysis
task.! Yang et al. studied design implications for
such a system, where nonexperts can interact
with complex models to solve real life problems.?

While the advances of these works are impact-
ful, the complexity of algorithmic support in visual
analytic systems and machine learning continue
to increase. The act of model steering is no longer
limited to adjusting the parameters of a single
algorithm. For example, systems like Interaxis,’
Dis-Function,* AxisSketcher,” and others rely on
interactive updating of a loss function based on
user interaction to find optimal attribute weights
of a single model that closely matches the domain
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expertise of the users. These single-model steer-
ing systems allow users to intuitively steer a
model, without requiring knowledge of the und-
erlying model and its parameters (e.g., References
3,4,6) However, single-model steering becomes
less effective when the model chosen no longer
fits the task or data characteristics. An incorrectly
chosen model is hard to steer to get acceptable
results. We call this problem multimodel steering,
where interaction steers multiple models from a
set of model types, and users ultimately select a
best model for the task and domain.

Multimodel steering is a complex process
requiring a considerable amount of technical
expertise. A model is defined by a learning
algorithm. Each algorithm relies on a set of
hyperparameters. While a model trains on a
dataset, it learns an optimal set of parameters
and weights to precisely characterize the
structure of the data, so that it can generalize
well on an unseen dataset. Setting the correct
learning algorithm and the right combination
of hyperparameter values is critical to building
an optimal model for a given problem type
(i.e., classification, regression, clustering, etc.).
For users without formal data science training,
specifying each of these parameters may be
difficult.
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Figure 2. Conceptual diagram of our iterative
technique for multimodel steering and inspection.
Users interactively inspect and steer models, which
are generated and sampled using a variety of
techniques described in the System Description:
BEAMES section. When satisfied, users can export
either a model ensemble or a single model.

In this paper, we describe a technique that
allows users to inspect model outputs, give feed-
back, and in turn steer and select from multiple
models. (See Figure 2). In this case, multiple
models refers to a set of models formed by using
different learning algorithms, where each algo-
rithm is defined by using a range of values for its
hyperparameters (e.g., Model 1 is LogisticRegres-
sion(alpha = 0.2), Model 2 is LogisticRegression
(alpha = 5), Model 3 is BayesianRegression(alpha
=40), etc.).

The visual analytic technique presented in
this paper allows domain experts to inspect
models by checking a model’s predicted output
on the data (i.e., checking critical data instan-
ces). Accurate prediction of critical data instan-
ces can increase user’s trust in the model. Our
technique also allows people to steer and
inspect multiple models. Further, our technique
assists the inspection process by recommending
models (from the collection of models) that suc-
cessfully make predictions on the critical data
instances with zero or relatively low error value.
Showing a wide spectrum of models for the given
regression problem can be beneficial to domain
experts who otherwise would not be aware of
the many possibilities and permutations of mod-
els. Being able to filter the data by instances and
filter models by their performance (by simple
double range sliders and toggling switches for
categorical items), users can drill down to mod-
els that are successful and can validate them by

A SalePrice  BedroomAbVGr | BsmiFinSF1 | BsmiFinSF2 | BsmiFinType2 | BsmtFullBath

Figure 3. (A) Data table view showing the toggle
switches (green, white, and red) for features. The
sliders allow users to add weights to the data
samples and attributes. (B) Similar toggle switches
and sliders for data samples. (C) From left: Column 1
is the predicted output, Column 2 is the residual
error, Column 3 is the ground truth value to predict, in
this case sale price of a house.

checking their results on critical data instances.
However, since this process is iterative, our
technique provides an interactive visual inter-
face to iteratively refine the critical instances
and other user input to continue model steering
and inspection. Further, our technique enables
domain experts to add knowledge to the model
building process. Users can add knowledge
about which features may be more important
than others, or which data instances are more
important to correctly predict.

The technique presented in this paper has
three primary components: first, interactive
weighting of critical data instances, second,
interactive feature selection with weights, third,
interactive model selection, and fourth, building
model ensembles. Users can steer multiple mod-
els simultaneously by increasing the weights on
critical data instances (using the on-demand
sliders shown in Figure 3), indicating that accu-
racy on these data items is more important. In
addition, they can select features (by toggling
checkbox type buttons) and specify their
weights (by dragging sliders) to specify their rel-
ative importance. Users can also perform inter-
active model selection by “liking” one or more
models, from which BEAMES generates a new
set of similar models to inspect. Finally, they can
select exporting a model that best fits their task,
or generate an ensemble of models to use.

To summarize, our technique searches the
model space for models that more closely adhere
to data items and attributes the user is interested
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in. The set of models is refined at each step, where
more models are generated and less relevant mod-
els are pruned. This human-in-the-loop process
allows domain experts to explore a myriad of mod-
els for their regression task, and add domain
expertise into the model building to produce mod-
els that adhere to both subjective and objective
preferences of the users. The main contribution of
this paper are as follows.

1. Aninteractive technique for domain experts to
select an optimal model using multimodel
steering aided by: interactive weighting of
data instances; interactive feature selection
and weighting; and building model ensembles.

2. A visual analytic system called BEAMES,
which instantiates our technique to help peo-
ple select a regression model using multimo-
del steering.

3. Ausage scenario demonstrating the intended
usage and interaction with the system.

RELATED WORK

Single Model Steering Systems

Interaction-based single model driven visual
analytic systems have been around for a while,
helping nontechnical users build and change
model parameters by control panels or user
interface (UI) elements that enable them to inter-
actively demonstrate the feedback. The spec-
trum of the problem types these systems solve
is adequately wide. It includes ranking,® metric
learning,4 dimension reduction,’ feature selec-
tion,® etc. For instance, Podium® uses a single lin-
ear support vector machine (SVM) model with
the goal to compute attribute weights based on
the subjective preference of multiattribute data
items.

In all of these examples the model infers
parameters based on users demonstration by
direct manipulation of graphical widgets. A rele-
vant system is the work of Kim et al., InterAxis,3
which showed how users can drag data objects
to the high and low locations on both axes of a
scatterplot to help them interpret, define, and
change axes with respect to a linear dimension
reduction technique. Our work is distinct from
existing work in that we enable users to steer
(by interaction based user feedback) multiple
machine learning models as opposed to single
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models. Also, our technique allows users to
inspect multiple models simultaneously, leverag-
ing them to evaluate and select an optimal model.

Liere et al. have defined computational steer-
ing as a process to enable users to change
parameters of simulations on the fly.® Their
paper emphasizes the concept that simulations
run over many iterations, where users may need
to update parameters before completion. In this
paper, we ground our concept of model steering
in the prior work, and refer to it as a process in
which a model’s parameters are changed to iter-
atively produce updated results, and multimodel
steering as a process in which a model’s hyper-
parameters and parameters are changed. It is
similar to computational steering in which multi-
ple iterative cycles are computed, and user input
can change parameters or hyperparameters at
any iteration. This also aligns well with how
model steering has been implemented in visual
analytic systems discussed above. Additionally,
BEAMES also supports interactive model selec-
tion by allowing users to select a subset of mod-
els and generate a new set of similar models.

Multimodel Interaction and Model Ensembles

While single model systems contain a prede-
fined machine learning (ML) model with a care-
fully selected learning algorithm and set of
hyperparameters, multimodel visual analytic
(VA) systems include multiple ML models each
using a different set of learning algorithms and
hyperparameters. Thus, we define multimodel
steering as the interactive change of these mod-
els’ hyperparameters. Similarly, Endert et al
introduced a related method for users to provide
feedback called semantic interaction, which ena-
bles users to directly interact with models using
visual interface components/elements (i.e., drag-
ging visual data elements, such as dots in a scat-
terplot to specify similarity and brushing on a
node-layout to define regions of interest).!°

For instance, the work of Bradel et al.!! lies in
the multimodel steering space. Using semantic
interaction, they allow users to steer multiple
text analytic models. While effective, their system
is scoped to text analytics and handling text cor-
pora at multiple levels of the scale. Shneider et al.
showed visual integration of data and model
space, by allowing users identify -effective
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component models on data items from a classifi-
cation model ensemble.'? Patel et al. showed an
example technique to work with multiple model
systems helping users understand relationship
between data, models, and features.!® Piringer
et al. showed an interactive visual analytic sys-
tem helping multiple regression model compari-
son and validation in an interactive fashion.'*
Their technique specifically uses comparison of
multiple model outputs to help users select the
best model. Kwon et al.'® showed a tool to visu-
ally identify and select an appropriate cluster
model from multiple clustering algorithms and
parameter combinations. However, their work
targeted data scientists as the user, whereas we
are aiming to build techniques for domain
experts without formal data science training.

The topic of model ensembles is related to
our work, as one of the interactions provided to
the user is to build ensemble models from a set
of models they like. Model ensembles increase
model performance by fusing multiple model’s
strength. Different strategies yield different
kinds of model ensemble, for example, Potter
et al.'® showed an interactive ensemble model to
simulation outcome exploration. In our case,
users select models manually and combine them
to build a model ensemble.

Automated Model Selection

Model building is a nontrivial task for nonex-
pert users, as it involves complexity including,
selecting a good combination of learning algo-
rithms and hyperparameters. One solution is to
use existing automated model selection tools,
such as AutoWeka,!” a VA system Propsector,'®
or others.'? 202122 These tools follow numerous
optimization procedures internally to find the
right combination of algorithms and hyperpara-
meters for an optimal model suited to the given
dataset and task. The BEAMES leverages user
feedback on model outputs to incrementally
steer and select models that can be mapped to
this comprehensive model.

SYSTEM DESCRIPTION: BEAMES

This section describes BEAMES, a visual ana-
lytic system for multimodel steering to solve a
regression task. The BEAMES enables users
to inspect outputs of multiple models, specify

critical data instances, steer multiple models to
increase or refine their performance, and finally
select one model (or an ensemble of models)
when satisfied. It assists the user to select an opti-
mal regression model from a collection of models
constructed by various combinations of regres-
sion algorithms and their hyperparameters.
Some examples that the algorithms tested
includes Bayesian regression, linear regression,
and logistic regression (shown in Table 1).

The design rationale of the BEAMES strives to
provide a simple user experience to select mod-
els without the multimodel complexity. To that
end, the Ul design encourages users to iteratively
steer and select models by inspecting a subset of
presented models without exploring the aspects
of model construction and evaluation. The sys-
tem should also show users aspects of regression
models, such as residual scores, mean squared
errors, or different types of regression methods.
In addition, BEAMES shows an overview of the
data instances and attributes so that users can
input domain knowledge in the modeling pipeline
at the level of data instances and data attributes.
To support model selection at different scales,
BEAMES shows models at different levels of detail
to inspect models (i.e., to review model accuracy
on the whole data or on specific data items) and
to select models (i.e., to filter models by defined
criteria or inspect recommended models).

User Interface

The user interface (shown in Figure 1) con-
sists of four primary views: a data table, a model
view, a control panel, and a model detail view.

Data TasLE Users can see the loaded dataset
with every attribute in the data table view [see
Figure 1(b)]. By default, the view shows the train-
ing data but users can toggle to view test and
application dataset (test data required to vali-
date models). We define application dataset as
the final dataset without labels/output values.
The view uses a standard spreadsheet metaphor,
representing data items as rows and attributes as
columns. Users can add, update, or delete train-
ing data (both rows and columns). The columns
(attributes) of the loaded data shows three state
toggle switches allowing users to emphasize, de-
emphasize, or discard an attribute using a slider
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Table 1. Model Samples and Hyperparameters Used by the Learning Algorithm.

Model Learning algorithm Hyperparameters
M1 Linear regression fitintercept = ‘true’, normalize = ‘false’
M2 Linear regression fitintercept = ‘false’, normalize = ‘false’
M3 Linear regression fitintercept = ‘true’, normalize = ‘true’
M4 Logistic regression ﬁtlntercel?t :’ true’, penalty = ‘11’, dual = ‘true’, tol = ‘10.55’, C = ‘1.854’,
maxlter = ‘10
M5 Logistic regression ﬁtInterceI?t :’ false’, penalty = ‘12’, dual = ‘true’, tol = ‘0.12’, C = ‘100.854’,
maxlter = ‘20
M6 Logistic regression ﬁtlnterce;?t :, true’, penalty = ‘12’, dual = ‘false’, tol = --5.32’, C = ‘'55.4°,
maxlter = ‘50
M7 Bavesian regression fitintercept = ‘true’, normalize = ‘false’, alphal = ‘0.85’, alpha2 = ‘-5.32’,
Y 8 lambal = ‘55.4’, lambda2 = ‘50.524’, computeScore = ‘true’
M8 Bavesian regression fitintercept = ‘false’, normalize = ‘true’, alphal = ‘20.85’, alpha2 = *-51.112’,
Y s lambal = ‘155.422’, lambdaz2 = ‘-30.24’, computeScore = ‘false’
M9 Bavesian regression fitintercept = ‘true’, normalize = ‘true’, alphal = ‘8.65’, alpha2 = ‘1.102’,
Y g lambal = ‘-5.45’, lambda2 = ‘50.24’, computeScore = ‘true’
compModels = ‘['m1’, ‘m3’, ‘m4’]’, maxFeatures = ‘10’, maxSamples = ‘200,
M9 Ensemble regressor randomState = ‘45’, numlter = ‘30’
compModels = ‘['m4’, ‘m2’, ‘m8’, ‘m3’]’, maxFeatures = ‘500,
Mio Ensemble regressor maxSamples = ‘100’, randomState = ‘45’, numlter = ‘100’

to adjust the weights (shown in Figure 3). Like-
wise, users can discard a data instance or
increase the relative importance of critical
instances. Increased weighting tells the model
that it should learn more from this instance than
others, and emphasize the accuracy of these
instances more. Users can also add domain exper-
tise to the data via new attributes, if needed.
Hovering over any row on the table triggers the
system to recommend models from the model
view to the user to inspect (i.e., models that
correctly predicted the data instance). Recom-
mended models are shown with a border stroke
on the circular glyphs (representing a model) in
the model view (see Figure 5).

MopEeL View The model view shows each model
as a circular glyph as shown in Figure 1(a). They
are color coded by residual errors on the data
loaded on the data table for the given regression
problem. Yellow represents lower residual error,
whereas dark blue represents higher residual
error. The text on the glyphs describe the resid-
ual error value.

These circular glyphs are interactive. Hover-
ing shows the model output details like the
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number of instances correctly predicted, the
model’s learning algorithm, etc.
inspect a model by clicking a visual glyph that
adds a column to the data table, showing the pre-
dicted value (e.g., housing price on a housing
dataset). The prediction column is next to the
ground truth column, allowing users to compare
how close the model’s prediction is to the ground
truth for each data instance. Inspecting a model
also opens the model detail view (explained
below). Furthermore, users can select multiple
models to build model ensembles, or save a sin-
gle model, to preserve the model across itera-
tions. Users can also like a model, specifying that
the next iteration should sample models similar
to the one’s the user liked (See Figure 4).

Users can

MobpEeL DeTaIL ViEw The model detail view shows
up when the user inspects a model by clicking on
it. It draws a line chart showing the predicted
model output and ground truth data [shown as
dots, shown in Figure 6(a)]. Visually it tells users
how accurately the model fits the data. In the
same view, users can see a residual bar chart,
depicting the amount of error in prediction by
the inspected model on both training and test
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Figure 4. Shows the model view in detail.

(A) Recommended models with strong border stroke.
(B) Saved models. (C) Picked models for model
ensembles. (D) Liked models.

sets (See Figure 7). The third view (bottom-left)
shows correlation between two selected attrib-
utes from the data to the user. It helps users
understand relationships between attributes in
order to know which ones to emphasize, de-
emphasize, or discard.

ControL PaNEL The control panel [see Figure 1(c)]
contains frequently-used operations, such as fil-
tering data instances and attributes. Data instan-
ces can be filtered by both quantitative and
categorical attributes. Similarly, models can be
filtered by dragging the sliders that specify a
threshold range of model accuracy, residual
scores, or desired number of correctly predicted
instances.

Technique

In this section, we will describe the underly-
ing techniques applied to enable multimodel
inspection and steering.

D)
Figure 5. View showing Amy loads BEAMES to find
64 regression models. (A) Recommended models.
(B) Amy hovers over a critical data instance. (C) Amy
clicks model 29 and saves it. (D) Amy clicks on
model 45 and inspects the output.

°

Figure 6. (A) Shows the model detail view. (B) Amy
emphasizes features using the slider.

DaTta We define our full dataset as C (contains
N + K + Binstances), which is then split in train-
ing, test and application dataset. Users train mod-
els on the training set D containing N samples,
then validate on test set 7" containing K samples.
When they find an acceptable model they export
it or use it on application dataset H containing B
samples. For notation descriptions, see Table 2.

MobEeL SampLING We define a model, M; as a func-
tion f: X — ), mapping from the input space X
to the prediction space ). Here, the prediction
space is R and each model m; is a regression
model. For the modeling algorithms we used Sci-
kit Learn’s machine learning package.?® Each
model is sampled by combining a learning algo-
rithm /;, from a set of J algorithms (hand picked
by us for the regression task). Tested algorithms
include Linear Regression, Logistic Regression,
and Bayesian Regression. Each learning algo-
rithm comes with their own set of hyperpara-
meters \,,. Examples of sampled models can be
found in table 1. A sampled model is defined as

m; — Model(li, M1, Mizs ks - - -5 ])-

The system initiates with randomly sampled
S models. We would like the sampling

Ground truth data

Figure 7. Amy exploring the model detail view
showing low residual error for most of the instances.
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distribution to be uniform across algorithms
such that users can inspect a wide spectrum of
model outputs for the given regression problem.
For that reason, we initialize probability p; to
sample a learning algorithm /;, (for a model m;)
from J possible models as 1/.J.

UppATING TRAINING DATA Users can load training
data D on the data table. Every data sample is
initially set to an equal weight of w; = 0.5. How-
ever, users can interactively set weights on the
samples between 0 and 1. 0 meaning to discard
the data sample in training, whereas 1 is to place
highest strength to the learning from the sample.

0, — & user added value to the subset data instances
“ 0 initialized value for the rest of the dataset

M

where a;; represents data at the ith column and
the jth row.

User DRivVEN FeaTuRe ENGINEERING Similar to
weighting of data instances, users can empha-
size, discard or weight quantitative features.
Using the Ul toggle buttons [See Figure 3(a)],
users can specify if they want to emphasize or
discard a feature for model training. Discarding
a feature removes it from the set A. Emphasizing
a feature reveals a weight slider, which the user
can toggle between —1 and 1. Setting a weight of
—1 enforces the model to place higher emphasis
on lower values of the attribute than others. As
with instance weighting, all attributes default to
have user weights of 0.5 before any interaction
takes place.

The instance and attribute weights assigned
by the user directly affect the computation of
the y dependent variable. Loss for the models is
a weighted least squares loss. Thus, the different
regression models solve the following regression
problem:

N
min Y o; * (§; — y:)°
=0
where
M
Ui Zb(J—FZbi*UUz*wi
=0
where w; is the user defined weights for data

instance i, by is the intercept, b; is the coefficients
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Table 2. Notation and Definitions Used to Define Our Technique.

Notation

Description

C=DUTUH

Full dataset, comprising of training, test
and application dataset

D=d,dy,...,dy

Training dataset of size N

T =t,to,... tg

Test dataset of size K

H =hy,ha,...,hp Application dataset of size B

A=ay,as,...,ap Set of attributes in the data
P Cardinality of data attributes
W =wy,ws, ..., wy Set of attribute weights

O =w,ws,...0p Set of training data weights

M =mqi,ma,...,mg Set of models of size S

L=1ly,...,ly Set of J learning algorithms

P=pi,ps... ps algorithm

Probability distribution to pick ./ learning

Ar =M1, A, -

Set of hyperparameters for model k&

of the attributes learned by the model, and w; are
the user’s attribute weights.

Usker INTERACTIONS User interactions in BEAMES
are designed to update the underlying models
via both interactive model steering and selec-
tion. This section describes these interactions,
and details how the models interpret and update
accordingly.

Save mopELs If the user saves a model M, the
system saves its learning algorithm L; and the
set of hyperparameter combination represented
as [A1, A9, A3, ..., Am]. At each iteration of model
sampling, BEAMES keeps saved models in the
set of models shown to the user.

Like mopELs If the user toggles the Like button in
the interface on model m,, then the probability
pq of the learning algorithm that produced that
model is increased by a factor ry. We randomly
set the value of r; by using a threshold e. With
trial and error, we found ¢ = 0.1 showed promis-
ing results. Likewise, the hyperparameters \;
of that algorithm are sampled from within a
threshold region of the hyperparameters used in
the liked model. This ensures that a large share
of the new sampled models are from the
neighboring regions of the models users liked.
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However, the technique still ensures randomly
sampling a smaller share of other models in the
collection such that the user can still get an
overview of model output from a wide array of
choices. The process of liking models to regener-
ate a new set of models that are similar helps
users perform interactive model selection.

ADJUST DATA INSTANCE OR ATTRIBUTE WEIGHT Users
can adjust the weights of data instances and
attributes by adjusting the respective sliders. As
a result, all the available M models are retrained
using N training instances with user specified
features A, where A; C A and user specified
feature and data instance weights, W and (),
respectively.

ExporT MODEL Once users are satisfied with a
model, they can simply export the single model.
Additionally, model ensembles can be created
and exported. For instance, users can select (by
the pick interaction) G models to build a model
ensemble. The system uses each component
model m; to build a model ensemble E. Our tech-
nique differs from theirs in which BEAMES pro-
vides users the flexibility to select component
models to build an ensemble.

The BEAMES uses a bagging technique to sam-
ple from training data (sampling with replace-
ment). However, data instances d; that the users
have increased the weights w; get higher proba-
bility to be sampled than other instances. This is
to make sure models learn from these samples as
users have intended, and the ensemble model
emphasizes accuracy on the critical data instan-
ces d;. Given the regression problem, the system
finds the final predicted output by averaging the
output received from component models. How-
ever, if any of the component models m; are
saved or liked by the user, then the output com-
puted is weighted, and the weights of the saved
or liked models are higher than that of the
unsaved models. The final ensemble model E’s
output is the weighted average of the predictions
of the models in the ensemble.

USAGE SCENARIO

We describe our tool BEAMES with a usage
scenario, where a domain expert uses the system
to perform data exploration and predict future

housing prices. Amy is a real estate agent who
reviews existing and new properties to analyze
their market prices and potential change in the
future due to changing conditions in the city. Amy
has years of experience in her field including field
knowledge of the city’s various neighborhoods,
upcoming city projects, infrastructure changes,
and other city planning activities. She has a good
grasp of the changing demographics of the city
and the rising demand for housing. She usually
explores data using tools like MS Excel, to
decide on which properties to buy or sell. How-
ever, not being a data scientist, she is not con-
versant with complex modeling techniques,
which can help her accurately predict property
prices, property demands, or ratings in future.

Amy begins by importing two datasets into
BEAMES [the dataset is available here (https://
www.kaggle.com/c/house-prices-advanced-
regression-techniques/data/)]. The first dataset
is for the properties she knows the prices of at
the current state of the market (called input
data), and the second has properties she wants
to predict future prices of (called the application
dataset). The BEAMES splits the input data into
training and test sets for model training and vali-
dation. The training data have over 750 samples
with 36 attributes comprised of both categorical
and quantitative types. It has a target attribute
namely SalePrice, containing the property price
of each house. Every row in the data is a prop-
erty(a house) described by attributes, such as
property size, fireplaces, year built, and number
of bedrooms. The application dataset has more
than 800 unlabeled samples.

After importing the data, BEAMES builds 64
regression models, each randomly sampled using
a combination of learning algorithms (linear,
logistic, ridge, and Bayesian regression) and
hyperparameter values (alpha, lambda, tol, etc.).
The list of sample models with hyperparameter
values is shown in Table 1. As Amy is not formally
trained in the specifics of the models, she begins
her exploration by how well specific models pre-
dict property sale prices. In the model view
(Figure 5), she sees the collection of models as
circular glyphs color coded by their residual
error scores. Yellow represents better models
with lower residual error, whereas blue glyphs
are models with high residual errors. On the
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bottom in the data table, Amy sees the training
data in a tabular format. Browsing the colors of
the circular glyphs (representing models), Amy
decides to start inspecting a few further as they
have lower error values.

Clicking the circle, Amy sees that the training
data has a new column representing predicted
price. She sees that the predictions are quite
close to some of the actual prices in the data.
She clicks on model 45 [see Figure 5(d)], as it
has accurately predicted more than 300 entries
on her training data and has some errors on the
rest of the entries from the training data. She
sees that the residual error of the current model
is more than 500. Next, she notices a few models
with residual error score close to 100 (colored
yellow). She clicks one of the lower scored mod-
els [model id 29, as seen in Figure 5(c)] and finds
that most of the data instances are predicted
accurately. However, to double-check if some of
the known data instances were correctly pre-
dicted, she uses the filter panel on the left. She
sees the currently selected model (with a low
residual error of 105.7) did not correctly predict
most of the these critical data instances.

By hovering over these critical data instan-
ces, [see Figure 5(b)] the system shows models
that Amy should inspect, as they made correct
predictions on those instances [See Figure 5(a)].
Amy reviews a few of the suggested models. She
finds that the recommended models performed
better for the critical instances, though they had
higher overall residual errors. Next, Amy toggles
the three state toggle button on these data
instances to emphasize them using the slider
[shown in Figure 6(b)]. In addition, Amy thinks
the property price should be most strongly
defined by the numberofbedrooms, garageArea,
and the 2ndfloorarea attributes. She again uses
the slider to increase their weight, while reducing
the weight on frontPorchSize and DrivewayQuality.
Next she presses the build new model button for
BEAMES to recompute all the models.

The BEAMES updates the model view with
newly computed models. Amy sees the color
encoding changed for the collection of models,
as new models have different residual error out-
put. Amy quickly looks over the collection to
find that many models have scores close to 0,
meaning that they have high performance on
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training data. However, still being interested in
her critical data instances, she hovers over the
rows to see recommended models from the
model view. She clicks on few of the recom-
mended models and finds two of them per-
formed quite well, as it correctly predicted 7 out
of the 8 critical instances. Clicking on these mod-
els, Amy finds the prediction on the the test data
is bit off. For example, property id 104 shows a
predicted price of 141 345, whereas the true
price is 99 322.

Confused to find relatively poor performance
on the test set, Amy uses the control panel to see
the importance of the features in the horizontal
bar chart. She sees the relatively strong weight on
the numberofbedrooms attribute (as she intended
previously). She adds few other relevant attributes
and ups the weight factor for those, i.e,
overall PropertyRating, and
distanceToTransit. Next, she discards a few train-
ing data samples thinking those properties are not
relevant anymore. She saves two models that she
found have good potential and likes a few others
based on their performance. In addition she picks
a few models to create an ensemble from these
component models and generates more models.

Amy browses the newly computed models. She
sees brown colored circular glyphs [See Figure 1
(0)], representing an ensemble model build from
the models she picked. She clicks on it and finds
that it shows a very accurate prediction on the
training data. Amy confirms the same on the model
detail view, as the line fits the set of points (repre-
senting actual ground truth values), as shown in
Figure 7. Similarly, she sees almost 0 residual error
from the bar chart shown in Figure 7.

At this point, she also uploads the test dataset
in the data table. She hovers over the rows, to see
system recommended models (visually repre-
sented with an outer stroke line). She is happy to
see that the models recommended include the
ensemble model and the one she saved. She
clicks on the recommended models and finds
that the results improved. The predictions were
very close and in some instances were almost the
same as the ground truth. At this point, Amy is
happy with the models and saves a few (including
the model ensemble). She loads the application
dataset. The interface changes to show a full-
screen spreadsheet, with a horizontal scrollable

numberO fFloors,
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Figure 8. Amy loads the application dataset to
apply the saved models and see predicted output.
(A) Horizontal panel storing models saved by Amy.
(B) Predicted output (“sale price”) when a model is
selected.

panel on top listing the saved models [Figure 8(a)].
She clicks on the saved model glyphs to see
predictions on the application dataset. As she
clicks, BEAMES adds a prediction column to the
application dataset [Figure 8(b)].

At this point, Amy has models (with the help of
BEAMES) to help her predict house prices, each
emphasizing different characteristics of the data.

DISCUSSION

Spectrum of automatic, semiautomatic, and
manual model selection. The work described in
this paper is a semiautomatic technique for
exploring multiple models and their respective
parameterizations. This technique takes a differ-
ent approach from automatic hyperparameter
tuning model selection, as adopted by some of
the existing systems like AutoWeka and Hyper-
opt. Our technique differs from manual model-
building techniques where users are required to
specify most (if not all) of the model parameters.
Within this model selection spectrum, we explore
how to bring domain experts in the loop of model
building by performing model validation and
selection based on not only objective metrics
(i.e., residual errors) but also data instance vali-
dation (i.e., “I like model A because it predicts
instances 1,5,10 correctly, though it has relatively
higher residual error.”). We call this approach
semiautomatic, because some parts of model
sampling and model building are still automatic.

Model output inspection and model interpretabil-
ity. Model interpretability and comprehensibility

is discussed in the work of Gleicher.?* Gleicher
discusses model interpretability as a means to
understand the learning of the model. However, in
our work, we are aiming to help users understand
a model by inspecting its output and steering it
toward their own sense of the importance of famil-
iar and critical data instances. Our visual tech-
nique helps users understand the model output
against ground truth, without having to interpret
the internal complexities of the models. While our
work begins to explore this space, there is more
work to understand how users understand, inter-
pret, and trust models by observing outputs.

LIMITATION AND FUTURE WORK

Model space sampling. The number of models
that can be sampled for a given problem/task and
dataset is large (potentially infinitely so). Given
the plethora of options for learning algorithms,
each with a distinct group of hyperparameters,
which can take values within a set domain range,
the size of the model candidate space grows rap-
idly. Any multimodel optimization technique
searching from such a large model space can
result in many model to choose from. In BEAMES,
we set an upper limit on the number of model
options the system randomly samples to initiate
the loop of model inspection and steering.
Another feature assisting the user is the tech-
nique to recommend models to inspect. The rec-
ommendations are driven by how well the
models perform on data instances, the user care
about. However, given the iterative nature of the
technique, it might lead to a substantial amount
of user interaction until they find an acceptable
model, leading to fatigue or frustration. In the
future, we are interested in exploring additional
forms of guidance for multimodel steering.

Model overfitting. Externalizing a domain
experts knowledge to train a model can often
lead to the problem of overfitting. Though
BEAMES has a provision of using a test dataset to
train model, we understand that the overuse of
the testing data might lead to an overfitted
model. The current interface of BEAMES does not
have explicit functionality to avoid model overfit-
ting. In future work, we look forward to overcome
model overfitting while still using expert knowl-
edge in the model training process.
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Model comparison. BEAMES in its current state
can help users compare models by inspecting
their outputs. Though helpful, there are open
research questions about how best to compare
multiple models directly. However, these are not
fully addressed in the current design.

CONCLUSION

In this paper, we described a technique for
interactive multimodel steering and inspection.
The technique emphasizes the importance of
moving beyond existing, single-model steering
techniques where the initial model choice greatly
impacts the quality of the results. Instead, our
technique steers and samples from multiple
model types, learning algorithms, and hyperpara-
meters. Our visual analytics prototype, BEAMES,
allows people to specify interest in models, data
instances, and attributes to iteratively build,
combine, and select models to perform predic-
tion tasks. We describe our technique and dem-
onstrate the use of BEAMES through a use case
scenario, highlighting the model steering and
inspection process resulting from user interac-
tions. Finally, we discuss broader challenges in
the area of multimodel steering and illuminate
valuable areas for future work.

ACKNOWLEDGMENTS

This work was supported by the Defense
Advanced Research Projects Agency under Grant
FA8750-17-2-0107. The views and conclusions
contained in this document are those of the
authors and should not be interpreted as repre-
senting the official policies, either expressed or
implied, of the U.S. Government.

Bl REFERENCES

1. P. Daee, T. Peltola, A. Vehtari, and S. Kaski, “User
modelling for avoiding overfitting in interactive
knowledge elicitation for prediction,” in Proc. 23rd Int.
Conf. Intell. User Interfaces, 2018, pp. 305-310.
[Online]. Available: http://doi.acm.org/10.1145/
3172944.3172989

2. Q.Yang, J. Suh, N.-C. Chen, and G. Ramos, “Grounding
interactive machine learning tool design in how non-
experts actually build models,” in Proc. Des. Interactive
Syst. Conf., 2018, pp. 573-584. [Online]. Available:
http://doi.acm.org/10.1145/3196709.3196729

3. H. Kim, J. Choo, H. Park, and A. Endert, “InterAxis:
Steering scatterplot axes via observation-level

September/October 2019

10.

11.

12.

13.

interaction,” IEEE Trans. Vis. Comput. Graph., vol. 22,
no. 1, pp. 131-140, Jan. 2016. [Online]. Available:
doi.ieeecomputersociety.org/10.1109/
TVCG.2015.2467615

. E. T. Brown, J. Liu, C. E. Brodley, and R. Chang,

“Dis-function: Learning distance functions
interactively,” in Proc. IEEE Conf. Vis. Analytics Sci.
Technol., Oct. 2012, pp. 83-92.

. B. C. Kwon, H. Kim, E. Wall, J. Choo, H. Park, and

A. Endert, “AxiSketcher: Interactive nonlinear axis
mapping of visualizations through user drawings,”
IEEE Trans. Vis. Comput. Graph., vol. 23, no. 1,
pp. 221-230, Jan. 2017. [Online]. Available: doi.
ieeecomputersociety.org/10.1109/
TVCG.2016.2598446

. E. Wall, S. Das, R. Chawla, B. Kalidindi, E. T. Brown,

and A. Endert, “Podium: Ranking data using mixed-
initiative visual analytics,” IEEE Trans. Vis. Comput.
Graph., vol. 24, no. 1, pp. 288-297, Jan. 2018.
[Online]. Available: doi.ieeecomputersociety.org/
10.1109/TVCG.2017.2745078

. A. Endert, C. Han, D. Maiti, L. House, S. C. Leman, and

C. North, “Observation-level interaction with statistical
models for visual analytics,” in Proc. IEEE Conf. Vis.
Analytics Sci. Technol., 2011, pp. 121-130.

. D. H. Jeong, C. Ziemkiewicz, B. Fisher, W. Ribarsky,

and R. Chang, “iPCA: An interactive system for PCA-
based visual analytics,” Comput. Graph. Forum,
vol. 28, no. 3, pp. 767-774, 2009.

. R. van Liere, J. D. Mulder, and J. J. van Wik,

“Computational steering,” Future Gener. Comput.
Syst., vol. 12, no. 5, pp. 441-450, 1997. [Online].
Available: http://www.sciencedirect.com/science/
article/pii/S0167739X96000295

A. Endert, P. Fiaux, and C. North, “Semantic interaction
for visual text analytics,” in Proc. SIGCHI Conf. Human
Factors Comput. Syst., 2012, pp. 473-482. [Online].
Available: http://doi.acm.org/10.1145/
2207676.2207741

L. Bradel, C. North, L. House, and S. Leman, “Multi-
model semantic interaction for text analytics,” in Proc.
IEEE Conf. Vis. Analytics Sci. Technol., Oct. 2014,

pp. 163-172.

B. Schneider, D. Jackle, F. Stoffel, A. Diehl, J. Fuchs,
and D. A. Keim, “Visual integration of data and model
space in ensemble learning,” in Symp. Visualization
Data Science (VDS), 2017, Phoenix, AZ, USA.

K. Patel, S. Drucker, J. Fogarty, A. Kapoor, and D. Tan,
“Using multiple models to understand data.” in Proc.
22nd Int. Joint Conf. Artif. Intell., Jul. 2011,

31

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on August 02,2020 at 12:53:17 UTC from IEEE Xplore. Restrictions apply.


http://doi.acm.org/10.1145/3172944.3172989
http://doi.acm.org/10.1145/3172944.3172989
http://doi.acm.org/10.1145/3196709.3196729
doi.ieeecomputersociety.org/10.1109/TVCG.2015.2467615
doi.ieeecomputersociety.org/10.1109/TVCG.2015.2467615
doi.ieeecomputersociety.org/10.1109/TVCG.2016.2598446
doi.ieeecomputersociety.org/10.1109/TVCG.2016.2598446
doi.ieeecomputersociety.org/10.1109/TVCG.2016.2598446
doi.ieeecomputersociety.org/10.1109/TVCG.2017.2745078
doi.ieeecomputersociety.org/10.1109/TVCG.2017.2745078
http://www.sciencedirect.com/science/article/pii/S0167739X96000295
http://www.sciencedirect.com/science/article/pii/S0167739X96000295
http://doi.acm.org/10.1145/2207676.2207741
http://doi.acm.org/10.1145/2207676.2207741

Visual Data Science

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

32

pp. 1723-1728. [Online]. Available: https://www.
microsoft.com/en-us/research/publication/
using-multiple-mod els-understand-data/

H. Piringer, W. Berger, and J. Krasser, “Hypermoval:
Interactive visual validation of regression models for
real-time simulation,” Comput. Graph. Forum, vol. 29,
pp. 983-992, 2010.

B. C. Kwon et al., “Clustervision: Visual supervision of
unsupervised clustering,” IEEE Trans. Vis. Comput.
Graph., vol. 24, no. 1, pp. 142-151, Jan. 2018.

K. Potter et al., “Ensemble-Vis: A framework for the
statistical visualization of ensemble data,” in Proc.
IEEE Int. Conf. Data Mining Workshops, Dec. 2009,
pp. 233-240.

C. Thornton, F. Hutter, H. H. Hoos, and K. Leyton-Brown,
“Auto-WEKA: Combined selection and hyperparameter
optimization of classification algorithms,” in Proc. 19th
ACM SIGKDD Int. Conf. Knowl. Discovery Data Mining,
2013, pp. 847-855.

J. Krause, A. Perer, and K. Ng, “Interacting with
predictions: Visual inspection of black-box machine
learning models,” in Proc. CHI Conf. Human Factors
Comput. Syst., 2016, pp. 5686-5697. [Online].
Available: http://doi.acm.org/10.1145/2858036.2858529
J. Zhang, Y. Wang, P. Molino, L. Li, and D. S. Ebert,
“Manifold: A model-agnostic framework for
interpretation and diagnosis of machine learning
models,” IEEE Trans. Vis. Comput. Graph., vol. 25,

no. 1, pp. 364-373, Jan. 2019.

Automl| 2014 Workshop @ ICML. 2018. Accessed May
29, 2019. [Online]. Available: https://sites.google.com/
site/autom|2018icml/

H. Jin, Q. Song, and X. Hu, “Auto-Keras: Efficient
neural architecture search with network morphism,”
Jun. 27, 2018, arXiv cs.LG/1806.10282.

M. Feurer, A. Klein, K. Eggensperger, J. Springenberg,
M. Blum, and F. Hutter, “Efficient and robust automated
machine learning,” in Proc. Adv. Neural Inf. Process.
Syst., 2015, pp. 2962-2970. [Online]. Available: http://
papers.nips.cc/paper/5872-efficient-and-robust-
automated-machine -learning.pdf

L. Buitinck et al., “API design for machine learning
software: Experiences from the scikit-learn project,” in
Proc. ECML PKDD Workshop, Lang. Data Mining
Mach. Learn., 2013, pp. 108-122.

M. Gleicher, “A framework for considering
comprehensibility in modeling,” Big Data, vol. 4, no. 2,
pp. 75-88, Jun. 2016. [Online]. Available: http://
graphics.cs.wisc.edu/Papers/2016/Gle16

Subhajit Das is currently working toward the Ph.D.
degree in computer science from the School of Inter-
active Computing, Georgia Institute of Technology,
Atlanta, GA, USA. His research interests include inter-
active machine learning, model optimization/selec-
tion, and human-in-the-loop based visual analytic
systems. He has previously explored design and
development of intelligent interactive systems and
prototype testing with industry partners including
Autodesk, Microsoft, and GTRI. Contact him at
das@gatech.edu.

Dylan Cashman is currently a Ph.D. candidate with
the Department of Computer Science, Tufts Univer-
sity, Somerville, MA, USA. His research interests
include human-centered model selection, interpret-
ability in machine learning, and visual encodings for
deep learning architectures. He received the M.Sc.
degree in computer science from Tufts University and
the Sc.B. degree in mathematics from Brown Univer-
sity, Providence, RI, USA. He is a Student Member of
the ACM. Contact him at dylan.cashman@tufts.edu.

Remco Chang is currently an Assistant Professor
with the Computer Science Department, Tufts Univer-
sity, Somerville, MA, USA. His current research inter-
ests include visual analytics, information visualization,
and human-computer interactions. His research has
been funded by NSF, DHS, MIT Lincoln Lab, and
Draper. He received the B.S. degree in computer sci-
ence and economics from Johns Hopkins University,
Baltimore, MD, USA, in 1997, the M.Sc. degree from
Brown University, Providence, RI, USA, in 2000, and
the Ph.D. degree in computer science from the Uni-
versity of North Carolina at Charlotte (UNC), Charlotte,
NC, USA, in 2009. Prior to his Ph.D., he worked for
Boeing developing real-time flight tracking and visual-
ization software, followed by a position with UNC
Charlotte as a Research Scientist. Contact him at
remco@cs.tufts.edu.

Alex Endert is currently an Assistant Professor with
the School of Interactive Computing, Georgia Tech.,
Atlanta, GA, USA. He directs the Visual Analytics Lab,
where he and his students explore novel user interac-
tion techniques for visual analytics. His lab often applies
these fundamental advances to domains including text
analysis, intelligence analysis, cyber security, decision
making, and others. He received the Ph.D. degree in
computer science from Virginia Tech, Blacksburg, VA,
USA, in 2012. Contact him at endert@gatech.edu.

IEEE Computer Graphics and Applications

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on August 02,2020 at 12:53:17 UTC from IEEE Xplore. Restrictions apply.


https://www.microsoft.com/en-us/research/publication/using-multiple-mod els-understand-data/
https://www.microsoft.com/en-us/research/publication/using-multiple-mod els-understand-data/
https://www.microsoft.com/en-us/research/publication/using-multiple-mod els-understand-data/
http://doi.acm.org/10.1145/2858036.2858529
https://sites.google.com/site/automl2018icml/
https://sites.google.com/site/automl2018icml/
http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine -learning.pdf
http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine -learning.pdf
http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine -learning.pdf
http://graphics.cs.wisc.edu/Papers/2016/Gle16
http://graphics.cs.wisc.edu/Papers/2016/Gle16


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


