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ABSTRACT

A FRAMEWORK FOR RESOURCE EFFICIENT PROFILING OF SPATIAL MODEL
PERFORMANCE

We design models to understand phenomena, make predictions, and/or inform decision-making.
This study targets models that encapsulate spatially evolving phenomena. Given a model M, our
objective is to identify how well the model predicts across all geospatial extents. A modeler may
expect these validations to occur at varying spatial resolutions (e.g., states, counties, towns, cen-
sus tracts). Assessing a model with all available ground-truth data is infeasible due to the data
volumes involved. We propose a framework to assess the performance of models at scale over
diverse spatial data collections. Our methodology ensures orchestration of validation workloads
while reducing memory strain, alleviating contention, enabling concurrency, and ensuring high
throughput. We introduce the notion of a validation budget that represents an upper-bound on the
total number of observations that are used to assess the performance of models across spatial ex-
tents. The validation budget attempts to capture the distribution characteristics of observations and
is informed by multiple sampling strategies. Our design allows us to decouple the validation from
the underlying model-fitting libraries to interoperate with models designed using different libraries
and analytical engines; our advanced research prototype currently supports Scikit-learn, PyTorch,
and TensorFlow. We have conducted extensive benchmarks that demonstrate the suitability of our

methodology.
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Chapter 1

Introduction

We build models to understand phenomena and inform decision making. These models may be
analytical models where we fit a model to the data, or they may be domain theoretic models. We
consider spatial models, i.e., models that attempt to capture spatiotemporally evolving phenomena.
The class of models we consider in this study are regression models and the data we consider are
spatiotemporal datasets. In spatiotemporal datasets, the data are geocoded (with latitude/longitude
information) and observations have timestamps associated with them. Spatial datasets continue
to be made available in a variety of domains. These datasets encapsulate observational data at
diverse timescales and allow scientists to explore interrelated phenomena. A model designer may
choose to leverage features (or variables) from diverse collections as the independent variables
while choosing a dependent variable (also referred to as the response variable or target). Once a
model is constructed, a question that arises is “How is the model performing?”. Model validations
are a precursor to informing model refinements and targeting specific spatial extents to further
scrutiny. For example, if a model predicting the direction of a forest fire works well in Oregon but
not so well in Colorado, the model may choose to consider topographical characteristics such as
elevation, terrain, etc. into consideration. More importantly, such an analysis is likely to reveal
several key factors driving model behavior at different spatial extents. The crux of this paper is to
effectively evaluate the performance of spatial models at scale. The performance measures used
to assess a model depends on the model type and the measure deemed most suitable by the model
designer. For example, for a regression model, a modeler may use RMSE, MAE, MSE, SSIM, or
PSNR to assess the model’s performance. These performance measures are predicated on access
to ground truth. Further, these assessments must utilize resources frugally, minimize network and
disk I/0, and interoperate with diverse analytical engines. Ultimately, our goal is to inform targeted
model redesign, refinements, and calibration at scale by identifying spatial extents where a model

performs well and where it does not.



Non-goals: This study does not focus on training machine learning models. Rather the focus

is to validate, at scale, model performance across different spatiotemporal scopes.

1.1 Challenges

Performing model validations at scale introduce challenges stemming from the nature of the

datasets and model evaluations.

1. Data volumes: The datasets we consider are voluminous comprising a large number of obser-

vations. These observations are multidimensional encapsulating multiple features of interest.

2. Model inferences can be resource intensive: Model inferences trigger disk I/O, have com-
putational overheads associated with them, and can have large memory footprints. In some
cases, model inferences may trigger network I/O during data accesses. As such, the evalu-
ations must balance validation coverage with the resource intensive nature of these evalua-

tions.

3. Interoperate with diverse analytical engines: Researchers develop models using diverse an-
alytical engines such as scikit-learn, TensorFlow, PyTorch, Spark etc. Different analytical
engines have different model storage formats, encoding formats, and invocation/pipelining

schemes that should be reconciled.

4. Parametrization of models: The parameters that serve as inputs and the output of these mod-
els may be drawn from different collections. Furthermore, the inputs may have different
preprocessing operations such as normalization, encoding format reconciliations, and unit

transformations that need to be performed.

1.2 Research Questions
The overarching theme of this study is: How can we perform model validations at scale over
voluminous spatiotemporal datasets? Within this broader theme we explore the following research

questions:



RQ-1: How can we strike a balance between validation coverage and the resource intensive
nature of validations?

RQ-2: How can we ensure that our model validations will scale? Given the large spatial extent

RQ-3: How can we effectively interoperate with diverse analytical engines? [We treat models
as black boxes without inspecting the internal structural properties of the models. For instance,
the models we consider could be based on partial differential equations, decision trees, matrix
multiplications and convolutions, etc.

RQ-4: How can we effectively characterize model performance over large spatial extents?
[Visualization results can be streamed incrementally, and the graphs refined as the data become

available.]

1.3 Approach Summary

Our methodology encompasses staging of datasets, apportioning of observations for valida-
tion, creation and dispersion of model instances, parametrization of models alongside any expected
wrangling of features, and visualizing model performance and uncertainty measures. These are ac-
complished while ensuring effective resource utilizations, reconciling contention, alleviating disk
and network I/O, and ensuring timeliness. We allow users to specify the granularities at which
model validations should be performed. We rely on a role-based access control scheme to control
the scope and the validation budget assigned to a user.

Geocoded observations have (latitude, longitude) coordinates associated with them. Our
methodology collates disparate observations into smaller spatial extents based on administrative
boundaries. The goal of our management scheme is to manage the competing pulls of dispersion
and collation. Each spatial extent is represented as a shape file encapsulating the N-sided poly-
gon. We base our preprocessing on shape files for administrative boundaries (from the US Census
Survey). Similar shape file exists internationally for provinces, cantons, etc. Each observation is

tested for whether it is encapsulated within a shapefile (for the smallest, indivisible aggregation



unit which is a Census tract in our study) and assigned a single dimensional prefix; the prefix
assignment is hierarchical allowing aggregation along administrative boundaries.

Models are validated with ground truth observational data. To reduce disk I/O and computa-
tional overheads involved in assessing model performance, we introduce the notion of a validation
budget. This represents the upper-bound on the total number of observations that are expended.
Within this broader concept, we explore three different schemes to apportion the validation budget
across model instances: equal, proportional, and uncertainty reduction. To reduce the number of
repeated 1/O operations that are triggered when observations are retrieved in a piecemeal fashion,
we perform batched retrievals of observations per spatial extent.

Partitioning of the model performance based on spatial extents allow us to have a finer grained
view of model performance. To profile model performance, we create (or reuse) a model instance
for the spatial extent under consideration.

To maximize interoperability with diverse analytical engines, we treat models as black boxes
and consider only their parametrization, data preprocessing, and performance characteristics. Data
preprocessing involves normalizing features based on the schemes specified by the modeler. Fi-
nally, we contrast model outputs with ground truth available from observational data and use that
to compute a model performance metric based on the user-specified metric. We reconcile mul-
tiple model representation formats and marshalling schemes. Further, we leverage thread pools,
locking, and synchronization mechanisms to ensure a high degree of concurrency alongside thread
safety during model validations.

Model performance metrics are collated at a controller node, which may decide to allocate an
additional budget to reduce uncertainty. Once the model performance results satisfy the stopping
criteria, the results are streamed to a dashboard to visualize model performance. Model perfor-
mance is visualized using a choropleth map with the model performance and variability rendered
as a heat map. The choropleth maps can be used to inform targeted model refinements for particular

spatial extents.



1.4 Paper Contributions

Here we described our framework to assess model performance at scale. Our specific contri-

butions include the following:

1. Effective identification of spatial extents where a model performs well and where it does not.

2. Our validation budgets can be apportioned using different schemes. Our scheme allows

preferentially targeting spatial extents where the model has high variability in performance.
3. Interoperate with diverse analytical engines
4. Validations are performed by preserving data locality.

5. Allows effective surveillance of model performance. Our methodology allows continual
validation of model performance. Periodically, it is possible to check model performance at
different spatial extents. Furthermore, validation budgets for surveillance can be smaller and

expended on spatial extents where there is greater uncertainty.

Spatial extents could be based on: census tracts, counties, states, etc. (though we assert that

our methodology should be just as applicable to classification models as well).



Chapter 2
Related Work

Our methodology is broadly applicable to diverse scientific data management frameworks [1,
2]. These management frameworks could be based on DHTs [3], data sketches [4], in-memory
systems [5, 6], hybrid systems [7], or those based on peer-to-peer grids [8]. Crucially, because the
system is focused on content it is applicable in situations where data may not have ideal colocation
properties. This effort is also synergistic with frameworks that train models [9-11] either where
these are orchestrations are containerized, over physical machines, or over schemes that leverage
the spatially explicit nature of these orchestrations [12, 13].

Spatio-temporal data contain attributes related to time and space dimensions. Voluminous
spatio-temporal datasets come from a variety of disciplines such as sociology, atmospheric sci-
ences, ecology, and social media. These observations are collected through a variety of mecha-
nisms, such as continuous remote sensing from satellites, aerial imaging, and distributed observ-
ing stations and sensors. In the era of data-driven analytics, there is growing demand to build
and deploy predictive models over spatio-temporal domains to discover interesting and previously
unknown patterns over large-scale data can be used to extract actionable insights [14]. Doing so
requires efficient storing, querying, and object modeling of geospatial data using system architec-
tures that are capable of supporting specific user requirements [15].

Model validation is the process of determining the accuracy of a trained model by evaluating its
accuracy against a testing dataset. Validation allows us to understand, compare, and interpret the
performance of our trained models. Performance of an end-to-end model, in terms of its accuracy,
is governed by a range of factors and models built over a set of labels with complex relationship
often have significantly differing performance over different sections of the overall data domain
[16,17]. This variability in performance can be caused by factors such as class imbalance, sparse

training data, noise or significant difference in the distribution of the training and test data-domains.



Overall model performance computed using typical validation techniques in such cases will not
reflect the true performance over these smaller sub-regions [18].

Identification of sub-regions showing low prediction accuracy, i.e., sub-domains where the
average loss is higher than a defined threshold, has been explored in various works through the
application of statistical techniques [19-21]. They facilitate analysis of the model performance
at a more granular level. Additionally, they help provide a measure of confidence in a model
based on the region over which it is applied so that they can be applied with a more trust [22] and
help interpret and explain the model decision. These techniques, however, either require domain
expertise and/or are not designed to handle voluminous datasets, which would involve handling
the scalability challenge of exploring a large number of potential sub-domains.

In their survey on machine learning model validation using correlated behavior data [23] Fer-
dinandy et al. have looked at ways to validate classification models used in ethological studies.
These models were trained using data related to a particular animal species and validated using
a different species. They have discovered that it is necessary to create a standardized set of best
practices in evaluating and reporting results of behavioral classification models.

Machine learning is increasingly being applied to time series data, as it constitutes a better al-
ternative to forecasting based on traditional time-series models. As stated by Matthias Schnaubelt’s
survey on using machine learning model validation [24], special methodologies such as forward
validation schemes (schemes that keep the temporal order of observations) are required for evalu-
ating time-series models.

High dimensional datasets with a small number of samples are used in neuroimaging, genomic,
eye-tracking and other biomedical studies. Andrius Vabalas et al. have demonstrated that when
training classification models using these datasets, the type of validation scheme used could intro-
duce a bias which would lead to inaccurate assessment of the model [25]. They have shown that it
is necessary to use multiple types of validation schemes to accurately assess a given model.

Machine learning models are designed using ScikitLearn [26], Tensorflow [27], Keras, and

PyTorch [28], which are some of the most popular machine learning libraries. These libraries



differ in performance, difficulty of prototyping new models, deployment, and community support.
Therefore, scientists utilize either of these libraries for model-building based on the problem that
needs to be solved and the complexity of the relationship between the features involved [29, 30].
As aresult, building a unified platform for model evaluation requires us to adapt and interpret these
different frameworks, which rely on their own set of configurations.

IBM’s PAIRs AutoGeo is a recent attempt at consolidating the end-to-end process of pre-
processing diverse sources of geospatial data for models to be trained on, and allow cropping

and selecting of spatial areas or points to validate the trained model on [31].



Chapter 3

Systems Architecture

In this section, we describe the architecture of the entire system, as well as the technology
stacks used in the individual components and across the cluster. Our framework is implemented as
an overlay containing a Coordinator overseeing and tracking many Workers, with a Proxy server
sitting on top providing a RESTful API for cients. The high-level visual representation of this
can be seen in “Fig. 3.1”. As is standard in most distributed frameworks, GNU/Linux is being
used as the baremetal OS. In our case, we specifically use AlmaLinux, a free-and-open-source
distribution that’s fully compatible with the latest Red Hat Enterprise Linux platform (8.5 at time
of writing). We’ve chosen to implement our software stack in Python 3, since it provided the
most seamless integration with diverse range of data science, machine learning, and analytical
frameworks. This decision was made to support the maximum number of research applications as
possible. While there is a native performance trade-off in terms of when compared to languages
like Java or C++, many of the computational libraries like Numpy and SciPy compile to C code,
giving us fast performance when it’s really needed. Furthermore, Python supports most common
object-oriented design patterns, allowing for solid Software Engineering principles to be imple-
mented so future developers can easily extend our base functionality. As our inter-component
communication framework, we used Google’s Remote Procedure Call (gRPC). This gives us the
flexibility of defining message and service types easily in protobuf files, and having efficient

message marshaling as a result.

3.1 Proxy Server

The Proxy server serves a couple of different purposes, the first being to provide clients with a
RESTful API to send HTTP/s requests to. Client requests are sent as HT TP multipart/form requests
with 2 parts: a JSON request string and a model file. The JSON request string is very flexible, and

supports a range of optional fine-grained controls. A minimal client request contains the fields



{request }

o e |
Trained Model

Coordinator

Worker Server

—>

Data Store

Worker Server

—>

Data Store

Worker Server

—>

Data Store

Figure 3.1: High level overview

shown in “Fig. 3.2”, but allows for many more knobs to be dialed like Worker or Coordinator job
processing modes (See Methodology, SE), validation budgets (Methodology, §B), or even database
read configuration preferences.

"model_framework": "TENSORFLOW",

"REGRESSION",

"<database_name>",

"model_category":
"database":
"collection": "<collection_name>",
"feature_ fields": [
"label_field": "<label_field>",
"normalize_inputs": true,
"MEAN_SQUARED_ERROR",
"ALL",

"COUNTY"

"<feature_0>", "..." ],

"loss_function":
"spatial_coverage":
"spatial_ resolution":

Figure 3.2: Minimal client request

In addition to the request string, the input file is checked against a list of supported upload
file-types based on the requested model framework, and extracted out as a stream of bytes. Both

the request and the file bytestream are parsed into a custom gRPC message and forwarded to
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the Coordinator server. While the Proxy server is currently relatively simple, it stands as a place-
holder for planned future functionality like managing Role-based Access Control (RBAC) policies,
user-specific budget allocations, load-balancing across different Coordinators, and even executing

threat-detection models on uploaded files.

3.2 Coordinator

The Coordinator oversees an overlay of Worker nodes and keeps track of registered Workers
and their respective metadata, including what data and specific spatial extents they store locally.
This metadata is stored in a radix tree for fast lookups, insertions, and hierarchical aggregation
for spatial extents at different resolutions. It also tracks ongoing jobs, and the completion statuses
with respect to the individual Workers. The Coordinator endpoint itself is implemented as a gRPC
server with multiple services like RegisterWorker, DeregisterWorker, SubmitValidationJob, etc.
The services sit on top of a thread pool executor, allowing many incoming requests to be processed
concurrently.

Upon receiving a gRPC validation job request from the Proxy, the Coordinator infers any nec-
essary fields based on the validation budget specified, and routes it to the appropriate job execution
function which handles load-balancing. Load-balancing is done using round-robin with respect to
the spatial extents and resolution requested, and their locations on the tracked Workers. Individ-
ual jobs are created for each Worker with a subset of the spatial extents local to it, and the entire
set of jobs is submitted to the Workers in a non-blocking, asynchronous fashion using Python’s
Asyncio library. A copy of the model is sent with each Worker job request, as well as many
of the original request parameters specifying the data query configuration, model framework, etc.
Similar to the communication between the Proxy and the Coordinator, communication between the
Coordinator and Workers uses gRPC. The Coordinator’s relationship to the Worker can be seen in

“Fig. 3.3”.
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&
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Data Connectors

@ python

Data Stores
(MongoDB, HDFS,
Cassandra, etc)

Figure 3.3: Coordinator-Worker component stacks

3.3 Worker

The Worker is responsible for the actual inference of the model on ground truth. Once a
job containing spatial extents and a model to validated arrives, the Worker extracts the model
bytes from the request and saves it as the correct file type to a directory specified by the unique
job ID. It then creates an instance of a Validator with the request parameters, selecting the job
mode (in most cases, this will be multiprocessing by default), and launching the validation job.
If multiprocessing is requested, a shared executor is used with a fixed pool size to launch many
inference jobs concurrently. The amount of simultaneous child processes that are forked in this
case are tied to the number of physical cores available. Lastly, the child processes are recycled back
into the shared executor which retains the imported libraries for future executions, greatly reducing
overhead. Results collected for each spatial extent inference include variance corresponding to the
selected loss function, the loss as requested, accuracy if it’s a classification job, the total number
of observations used, and internal metrics like the duration of the execution. Once all results have
been collected, they are returned to the Coordinator which might apply a final aggregations or

allocate a new budget for a final pass before routing the results back to the client.
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We refer to our wrappers around individual modeling frameworks as Validators, which imple-
ment a common interface for validation making these modules extensible. Frameworks currently
supported are TensorFlow, PyTorch, and Scikit-learn, but this list can be easily expanded in the
future. Under the hood, Validators use the modeling framework library APIs to actually load and
execute the model, but this first requires data to be loaded for a given spatial extent. This brings
us to what we call Queriers, essentially our implemented wrappers around data connectors like
PyMongo. Just like before, we implemented this as a generalized interface that allows new con-
nectors to be supported in the future. Using a Querier, data can be loaded into efficient formats
using PyTorch Tensors, Pandas DataFrames, or Numpy Arrays to be fed into the model, and simi-

larly to calculate the aforementioned loss and variance estimates.
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Chapter 4
Methodology

4.1 Dataset Staging and Sharding

In order to assess the performance a model efficiently, it is critical to achieve data locality to
minimize or eliminate network I/0. In many cases, geospatial datasets are too large to be contained
on a single machine. Instead, the data must be fragmented and distributed across many machines
and their disks, but this poses the problem of data retrieval for model evaluation, since data have
to traverse the network to be fed into the model. This approach is inefficient, since it pulls large
amounts of data to the model which is small in size. The concept of data locality addresses this
problem by pushing the computation (model) to the data, where it is evaluated directly on top of
the data fragment in memory or on disk. With geospatial datasets, our approach is to group records
within spatial boundaries together, then distribute these groups evenly across a cluster. For an
administrative boundary like counties, this would look mean grouping records together by county
and balancing the counties across the storage machines.

Records which come in a gridded format with just a latitude/longitude must be associated or
tagged with the administrative boundary in which it lies. We accomplish this by using the shapes
of counties, states, or census tracts to query which one the record’s latitude/longitude pair falls
into. Once the records have been tagged with their associated boundary, they can be grouped
together as a single data shard and placed in a round-robin fashion around the cluster. In this
last step, metadata can be recorded about where that data was placed in order to assist with later

spatially-targeted computations.

4.2 Validation Budgets

In this section we describe our methodology for determining how to reduce the compute and

I/0 load for a given job. Remember that the purpose of model evaluation is to understand the true

14



error structure of a model, as given. Visualizing the error structure via choropleth maps gives a user
the ability to quickly spot where their model performs poorly, as seen by both the variance and loss
maps in “Fig. 4.1”. Unfortunately, with voluminous data, this can be an infeasible task especially
when under time or cost constraints. We attempt instead to estimate the error structure of a model
by using only a sample, or subset, of the entire ground truth dataset. The sample size, called the
validation budget (denoted n), is a total number of records a model is allowed to be evaluated on
and can be chosen based on available data size, compute resources, time/cost constraints, or any
other factors that come into play with inference-as-a-service. This validation budget is allocated in
such a way that maximizes our understanding of the model’s true performance across all geospatial

extents, while minimizing the cost of achieving these estimates.

Figure 4.1: County choropleth maps for true model loss. Cooler colors are lower loss values, and hotter
colors are higher values.

To explain this in terms of stratified sampling, let D = {1,2,..., N} denote a database of N
units, g denote ground truth for unit £, and m;, denote a model prediction that could be computed
for unit k. Suppose that the database is divided into H mutually exclusive and exhaustive strata,
D = UL, D, where the size of Dy, is N, and N = Zthl Nyj. In our example above, counties
would be the strata. We wish to compare model output to ground truth using a total validation bud-

getof n = Zle nyp, units, with a sample d;, C D}, of n units randomly selected from the N, units

15



in stratum h. If the goal is to understand the mean squared error (MSE) over the entire database,
then we use MSE = N~! Z,{le > ke, (g —my)?. An unbiased estimator of M .SE based on the
stratified random sample is mse = N~! Zthl > ke D, (gx —my.)*(nn;, ). Furthermore, an optimal
allocation would make the variance of mse as small as possible subject to the validation budget, n.
In some cases, it might make sense to consider unequal costs ¢, of model evaluation in different
strata, so that the validation budget would be replaced by the total cost Zthl cpnp, which reduces
to the validation budget n if all costs equal one.

A naive approach would be to use equal allocation. This would assign n;, = nH !, which
effectively breaks the total budget into equal size chunks to assign to every stratum. We will
refer to this allocation scheme as the equal allocation budget, and have implemented this as a
choice for users. A slightly better approach would be proportional allocation, which would assign
ny, = nN,N~!, rounding to integers if necessary. This scheme is referred to as the proportional
allocation budget, and is implemented as a sampling rate of the underlying strata. Various com-
promises between equal and proportional allocations begin with a minimum allocation in every
stratum, say ng, then allocates the remaining sample n — Hng in proportion to a power of the
stratum size: n, = ng+ cN{ where a = 1/2 or 1/3 are typical choices. These allocations have the
advantage of “protecting” the smaller strata by not making large strata overly precise. While both
of these allocations are simple, none yield optimal information about overall M SE if either the
costs are unequal across strata or the prediction errors have different behavior in different strata.
In the case of our county example, many may have wildly different sizes, and the model will likely
perform differently based on the data within.

An improvement over the simple allocation schemes would be to proportionally allocate the
budget based on the model’s empirical variance. This tells us where the model is predictable, and
where it varies based on the input data. We write the empirical variance of the squared prediction
errors in stratum h as Sy = {>", .. €} —W}/(Nh—l), where e¢;, = (g,,—my)?. Obviously,
e must reflect the loss function used, so if we were using the M AE to validate the model, then

er = |gr — mg|. The optimal allocation subject to the cost constraint is then easily shown to
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The optimal allocation reduces to proportional allocation if costs and variances are constant across

be n;, . When costs are constant across strata, this is known as the Neyman allocation.
strata, and reduces to equal allocation if costs, variances, and stratum sizes are all identical. In
general, though, the optimal allocation assigns more samples to larger, more variable, and cheaper
Strata.

We next introduce a simple model to illustrate the behavior of the optimal allocation. Sup-
pose that the model prediction errors satisfy g — my = pup + mhex for k € Dy, all , where puy,
1s the model bias in stratum £, TE is the prediction error variance in stratum h, and the ¢, are in-
dependent and identically distributed normal random variables with mean zero and variance one,
across all strata. Then assuming N}, values are large in every stratum, S7 ~ Var((gr, — my)?) =
Var((un + mhen)?) = Var(ui + 2unmhey + 72€3) = 4pui7? + 27}, using properties of the normal
distribution. The optimal allocation would then assign more samples to strata with high model
bias, high prediction error variance, or both.

In practice, S7 is unknown, since that would require evaluating the model on the full dataset.
In this case, we first assign some of the budget to obtain initial estimates si of S,Ql in every stratum,
using a simple allocation such as equal allocation of ngy units in every stratum h, then use the
approximately optimal allocation of the remaining sample n — Hng, plugging in the estimated sy,
in place of the unknown Sj. This gives us some idea of how close we are to understanding its
true error structure had it been evaluated on the full dataset (population, instead of sample). The
proportional allocation equation used for a given stratum h is n, = ("ii—m;):h

we are able to proportionally hand out the remaining samples of the budget, based on the estimated

. Using this strategy,

variances, for a final evaluation round. We call this allocation strategy the incremental variance
budget. When using this budget, it’s important to capture both the variance for the initial allocation
and the variance for the new allocation together.

To provide an example of this, let’s say a stratum A is evaluated with ny = 2000 observa-
tions, resulting in some variance s, and is then allocated an additional n;, = 500 records for

re-evaluation. After the new evaluation, it wouldn’t be sensible to throw away the variance re-
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sulting from the initial run in favor of the final evaluation variance; the first probably had a better
estimate of the population variance for h! This leaves us with two options. The first option is to
re-evaluate the original 2,000 records plus the additional 500, giving us a sample variance for the
full allocated 2,500. However, stratum 5/ was not allocated 2,500 records for the second go-around;
it was only allocated 500. This would be exceeding the total budget, and incurring more resource
usage than originally assigned. A second and better approach that we have implemented is to use
the Welford’s method, which is a single-pass method for calculating the online variance across al-
location iterations by looking at the differences between the sum of squared differences for N and
N — k samples. Not only does it completely eliminate the need for re-evaluating the initial vari-
ances (or saving them somewhere), it’s also more numerically stable [32] and only requires each
stratum to save three variables throughout all iterations: z, s:ﬁ, and N throughout all iterations.
After evaluating global performance with this approach, we noticed that this helps us better
understand the model as a whole given the total validation budget, but a drawback is that strata
with high variability do not get a large enough share of the remaining budget in order to effectively
improve their local estimate of the model’s variance (.5;,) and error (M S'E},), had the model been
evaluated on the stratum population. We quickly realized that when s, is low after the initial
allocation round, that means we already have a good idea of how that model behaves for that
stratum, and do not need to further allocate any more observations for a final round from the
remaining budget. Sorting the variance estimates s returned from the initial round, we can see they
follow a normal distribution. Thus, we place a threshold such that only variance estimates greater-
than-or-equal-to two standard deviations above the mean of the variance estimates are considered
for the Neyman proportional allocation, otherwise that stratum’s evaluation is considered complete.
In the example shown by “Fig. 4.2, only the counties with variance estimates above the red
threshold would be proportionally allocated the rest of the budget. This has the benefit of reserving
the entire remaining validation budget for the strata with high variance estimates, greatly improving
their estimate of the true model variance and loss after the final evaluation round. It also has the

benefit of reducing the computational load, since only a fraction of the strata are re-evaluated,
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kicking off fewer jobs which in turn incurs less processing overhead. Additionally, this parameter

can be tuned or removed altogether to meet user requirements for specific needs.

Sorted Variance Estimates in Standard Deviations from Mean

—— County Standard Deviations
—— Threshold Cutoff

Abs. Std. Dev. from Mean

T T T T T T
0 500 1000 1500 2000 2500 3000
County Index

Figure 4.2: Variance estimate allocation threshold. Only counties above 2 std. dev. from mean, shown in
orange, are chosen for further examination. The other counties, shown in gray, are considered complete.

4.3 Models as Black Boxes

The term “model” has recently become a heavily overloaded term; here we mean any function
or set of functions that take input(s) and produce output(s) which can be compared against ground
truth to produce a residual. Our goal is for the inference service to be agnostic to the contents of the
model. Instead, we only care about how inputs are fed into the model, how outputs are retrieved,
and how to evaluate the results against the spatial extent’s ground truth. The format or type of
the model does matter, as it determines how the model is loaded and executed, but beyond this, a
user may provide an arbitrarily complex model so long as they specify how to use it (for example,
a model saved using TensorFlow is loaded/executed in a completely different way than a model
saved from PyTorch).

In the initial stages of this project, support for the most popular machine learning frameworks is
added, and expanded to more niche frameworks or user-defined options to accommodate a diverse

range of user-submitted model options. Investigating which frameworks to support in the initial
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stages reveals a disparity between framework usage in industry versus research and academia. We
opted to target the research field, since that’s our target user-base. A recent survey which scraped
all the papers (and their respective GitHub repositories) published at the top computer vision,
NLP, and general ML conferences from 2017 to the end of 2019 shows that TensorFlow/Keras
and PyTorch make up for the vast majority of ML projects [33-35]. Another survey showed
Scikit-learn/SciPy being used in over half of the scraped ML projects in 2019, totaling 110,000
open-source projects [36,37]. These three model frameworks, PyTorch [28], TensorFlow [38], and
Scikit-learn [26] are the first we have implemented support for black-box model inference on.
Submitting a black-box model for validation is simplified through model request parameteri-
zation. Everything from the input that is retrieved and fed into the model, to how to evaluate the
model’s performance can be specified through the request’s JSON parameters. In a request, a user
must minimally specify the data source, spatial resolution, input features, output labels, and type
of model. The backend framework infers any other needed information, and performs end-to-end

the model evaluation job.

4.4 Scalability

We designed our framework from the ground up with scalability as our main concern. The abil-
ity to painlessly scale resources horizontally is critical in cloud computing and distributed systems.
Throughout our implementation, we’ve employed techniques like remote component and data dis-
covery, data replication, parallelism, asynchronous I/O, threadpooling, and multiprocessing, while
paying close attention to use efficient message marshaling and remote procedure calls, as well as
appropriate data structures for storing both metadata and computational values. Our overlay is
deployed as a Coordinator-Worker relationship, with one Coordinator and many Workers.

Coordinator: Since there is only one Coordinator for many Workers, it is crucial that this does
not become a bottleneck for the entire cluster. Ideally (and in our experiments), a Coordinator is
on its own distinct node, not co-located with a Worker. To ensure the Coordinator has as light of

a load as possible for a given inference job, we’ve designed it so that it is only responsible for
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(1) keeping track of registered workers and metadata about them, and (2) splitting up an incoming
request into multiple job requests which get load-balanced as requests to individual Workers.

The entirety of a Coordinator’s state resides in-memory only; nothing is persisted to the disk.
Additionally, Workers are responsible for registering themselves with the Coordinator, and pro-
viding all metadata through self-discovery such as what data/spatial extents they have stored on
their local disks, and the size/counts of them. This relieves the Coordinator from having to initiate
any data or Worker discovery procedures. As the cluster needs to scale, more Workers can be
dynamically added or removed.

For load-balancing requests, a Coordinator maintains a radix tree with the individual node keys
being the hierarchical spatial extent identifier (in our experiments, this was the state and county
IDs), and the node values storing metadata about where the data for that spatial extent is located
(Worker hostname, IP address, port, etc). This allows all search operations to be performed in
O(k), where k is the number of hierarchical prefixes the spatial ID space maintains. For the exam-
ple with state and county, £ = 2, since an ID for a county is prefixed with the state ID. Regardless,
this is not a memory-intensive data structure, especially when used with the state/county/census-
tract spatial triad which have roughly 50/3,088/85,058 IDs respectively. Metadata about the Work-
ers was stored in an inverted fashion, as a hashmap from registered Worker hostname to an array
of the spatial extent IDs they store. The load-balancing effectiveness is heavily dependent on the
placement of data— obviously, if one machine stores the majority of the data, the Coordinator has
no choice but to assign the majority of the inference workload to that machine.

When a request comes in to validate a model for all spatial extents at a given resolution, the
Coordinator creates a set of Worker jobs 1/, each containing the subset of spatial IDs that Worker
w has locally. In the case where each spatial extent is replicated multiple places, like a MongoDB
replica set, the Coordinator uses a round-robin policy to assign each ID to the replica set member
with the lowest number of IDs in their job. Part of the load-balancing responsibility means that
the Coordinator infers any validation budget information from the user request, and translates it

to individual job budget parameters. For example, if the incoming request had specified a spatial
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resolution of “county” and an equal allocation budget with a total limit of 10M records, the Co-
ordinator will divide the 10M budget by the number of known counties (3,088), and assign every
county ID in the individual worker jobs a random-sample allocation of L?}O—ESEJ = 3238 records per
county. Finally, the constructed jobs are concurrently submitted to their respective Workers using
asynchronous I/O so no blocking occurs waiting for a submitted job to return. We should also note
that only one copy of the submitted model is held in memory for the Coordinator while transmit-
ting; since no writes are happening here, it can be simultaneously read by multiple send() threads
which include it as a byte stream in the job requests to the Workers.

Workers: On startup, Workers discover the spatial extent IDs of the data available to them
locally, storing this metadata in a radix tree similar to the Coordinator, and report this to the Co-
ordinator in a registration request. In addition to spatial metadata, a Worker maintains a shared
thread- and process-pool executor for handling incoming jobs. Multiple incoming jobs can be pro-
cessed concurrently using multiple threads, and within a job, multiple child processes are forked to
validate the model on each of spatial extents in the request. Since model validation is both CPU-
intensive and I/O intensive, some performance was gained by using multi-threading, but only on
the I/0 side of things as Python’s Global Interpreter Lock (GIL) prevents two threads from running
simultaneously. Thus, forking child process allows each to have its own GIL, giving us drastic im-
provements in terms of both CPU and I/O concurrency. We created the size of the process pool to
match that of the available CPU cores on the system, and ensured that the child processes were be-
ing recycled between validation runs to eliminate process creation overhead. For incoming Worker
job requests, the bytes of the model are saved once to disk for persistence and to allow for loading
by the model’s framework from within the confines of a child process. One caveat to this is each
child process needs to have its own copy of the model loaded for running inference on its stratum
sample, so this incurs a memory overhead and might be a limiting factor for large models. The
exact limitation is characterized by the size of the model, memory available, and number of child
processes running concurrently: Given available memory a, model size m, and number of child

processes p (which corresponds to the number of physical cores c), the total copies of models being
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inferred concurrently must not exceed pim without performance penalties. For example, with a =
64GB of memory, ¢ = p = 8 cores, a model up to m = 8GB in size can be inferred concurrently

without using disk swap-space.

4.5 Software Extensibility

The entire project was carefully implemented using Software Engineering principles to not only
protect the codebase’s maintainability, but allow for future features to be added, more frameworks
to be supported, and original components to be extended for specific use cases. Since the project
is implemented with Python 3, we used an object-oriented approach for both the Coordinator and
Workers and the data structures therein. This allowed us to reuse common structures, which in turn
decreases the risk of introducing bugs to the system by having copies of components “fall behind”
in terms of interface updates.

Supported model inference frameworks (i.e. PyTorch, TensorFlow, Scikit-learn) and data re-
trieval frameworks (i.e. MongoDB) were implemented as Validator and Querier objects in their
own respective Python modules. These objects follow the “Wrapper” design pattern and inherit
common functions, helper methods, and member fields from an abstract superclass. Implementing
common construction and execution function signatures maintains a consistent use pattern from the
Worker’s perspective. A concrete example of this with the Querier object is the spatialQuery
function, which takes as arguments the spatial ID you want to query for, the feature fields and
label field you wish to project out of the results, and an optional limit and sample rate. With
different Querier implementations, the way this data is retrieved can be modified to use different
connectors or sampling strategies all while staying transparent to the user of the interface. With
this approach, a new framework can easily be added and supported via a new Python module with
minimal changes to the Worker request routing. For example, one could easily plug in a supporting
module for Apache HDFES as an underlying data store, or MathWorks” MATLAB as a new model

inference framework.
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4.6 Incremental Evaluation

In most cases, datasets do not stay static. Observations are added over time. When this is
the case, models that have already been evaluated on previous data may become ‘“‘stale”, where
their error structure as understood before is not reflective of how it behaves with newer unseen
data. We plan to address this by incrementally allocating some additional budget for each of the
spatial extents receiving new data to re-evaluate the model on. By persisting the variance, count,
and mean of the values the model has been evaluated on so far, we can capture a new up-to-date
variance that accurately estimates performance for both the old and new records together. This
is a classic online strategy, and is implemented using Welford’s method for calculating a running
variance. Since only a couple of parameters have to be remembered for each spatial extent, instead
of the entire set of residuals calculated thus far, it is a computationally inexpensive operation to

keep model validation estimates current.
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Chapter 5

Performance Benchmarks and Discussion

5.1 Experimental Setup

Our experiments were run on a cluster of 25 commodity machines, each with an 8-core Intel
Xeon E5-2620 v4 CPU running at 2.10GHz, 64GiB of DDR3 RAM, and 5400RPM hard disks.
Three of the 25 machines were set aside as a replica set to manage the sharded/replicated database
configuration, and one of the machines was dedicated as the Master node. The remaining 21
machines all housed the data shards locally and ran the Worker processes, responsible for the
actual model validation workloads. A sharded, replicated MongoDB cluster was set up across these
machines, with WiredTiger as the storage engine, but any other distributed storage frameworks
could have easily been used in its place like Apache Cassandra or HBase. Local mongod processes
which had direct access to the shard data on disk were connected to by the Worker processes.

We trained both linear and deep neural network (DNN) regression models for each of the sup-
ported analytical engines (TensorFlow, PyTorch, Scikit-learn), using soil temperature 0.1 meters
below surface as the label, and 10 features related to wind, pressure, dewpoint, and temperature
above the surface, and a loose hyperparameter search to achieve optimal model performance for

the entire experiment dataset.

5.2 Datasets

In our experiments, we use a 1-year subset of NOAA’s [39] North American Mesoscale Fore-
cast System (NAM) dataset from 2021. This dataset is downloaded as gridded-binary 2 (.grb2)
files, containing a latitude/longitude record for each of the 12km grids in the observed North
America range, and each file is for a 6-hour interval snapshot. With over 400 observed vari-
ables per 12km grid, this ends up being millions of observations for a single file. We selected 36

observed variables, resulting in just over 56,000 observations for a given file. With these obser-
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vations, we tag the record with the county GIS ID (GISJOIN) it belongs to using a $geointersects
query in MongoDB with county shapefiles, and ingest it into our sharded, replicated MongoDB
cluster in BSON format. Even with a greatly reduced subset of observations and time-range, this
resulted in over 120GB of records in MongoDB before replication. Finally, an index is created
on the records’ GISJOIN field, and the county shards are distributed evenly across our cluster’s
21 Worker machines. With 3,088 counties, this results in the data just under 150 counties being
located on each machine. An example of our load-balancing policy in action can be seen in “Fig.

5.17.
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Figure 5.1: Assigned Worker spatial extent distributions, using a MongoDB sharded replica set with 3
replicas per shard.

5.3 Metrics

We first began by running validation jobs with no budget, which defaulted to using all available
observations for every county. Three separate modes were used at the Worker for processing
these jobs, synchronous, multi-threaded, and multi-processing. Both the total job duration and
individual worker duration results can be seen in the “Fig. 5.2”. As our baseline, some of the
serially-executed jobs on the Workers took almost 9 minutes. Using Python’s thread pool executor

helped relieve 1I/O blocking, but did not achieve true concurrency due to the GIL. The biggest
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performance improvement was found with using a process pool executor, where true parallelism
was achieved both with CPU-bound and I/O-bound tasks. For the remaining experiments, we use

multiprocessing as the default job mode.

Job Durations by Processing Mode
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Figure 5.2: Job duration by processing mode (no validation budget). Bars denote total job duration, box
plots denote individual Worker job durations.

Next, we captured cluster metrics for the duration of several jobs: memory, disk and network
I/O, CPU usage. The next few figures are the results of Benchmark A, which uses a TensorFlow
deep neural network as the model to validate, multiprocessing as the default Worker job mode, and

four different executions, each with a different budget:
1. A no-budget (population) validation job, using all available observations,
2. A proportional sampling budget job that used a sample rate of 20 percent,
3. An equal allocation job that had 10M total records equally allocated to 3,088 counties,

4. An incremental variance job that had an initial allocation of 500 records to all counties, a
total budget of 10M, using the allocation threshold of 2 standard deviations above the mean

for initial variance estimates.
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“Fig. 5.3” shows average Worker CPU usage across these four jobs. We can see around 50
percent of the CPU being used on average, due to some of the parallel child processes being in
their data retrieval stage (I/O intensive), and others being in their model validation stage (CPU in-
tensive). The variance budget job finishes its first validation round quicker than the other schemes,
but has to complete a second pass using the remaining budget, hence the spike we see at around
25 seconds into the job. The memory usage from this benchmark can also be seen in “Fig. 5.4”,
where we see that the variance budget uses less memory than the other allocation schemes on

average.

Average Worker CPU Usage by Job
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Figure 5.3: Cluster average Worker CPU usage, see budget descriptions for Benchmark A.

The total job durations can be seen in “Fig. 5.5”, where we can see all budget types signifi-
cantly reduce the total amount of time it takes to complete a job. Variance budgeting takes slightly
longer than equal allocation or proportional sampling due to its second pass of the model on coun-
ties with high variability. While there is a small penalty to processing time, the second variance
pass provides much better estimates of both the population loss and variances in the cases where
the initial estimates have a high variance. This can be seen in “Fig. 5.6” where we compare pop-
ulation loss and variance to estimates provided by all three of the budgeting schemes outlined in

Benchmark A. The final estimates provided by the variance budget are much more accurate to the
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Average Worker Memory Usage by Job
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Figure 5.4: Cluster I/O and memory usage, see budget descriptions for Benchmark A.

population values than the estimates generated by the equal allocation strategy or the proportional
sample rate strategy. With this said, however, we did note that over all 3,088 counties, the initial
estimates that did not receive a second allocation from the remaining budget did not do as well as
the proportional sampling, which was effective at gaining a decent overall picture of the model’s

error structure.

Job Durations by Budget Types
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Figure 5.5: Total and Worker job durations by budget type, see description for Benchmark A.
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To address the poor estimates by the counties with lower variances, we adjusted the incremen-
tal variance budget parameters for the initial allocation and the threshold cutoff. Benchmark B

introduces two new executions:

1. An incremental variance job that had an initial allocation of 1000 records to all counties, a
total budget of 10M, using the allocation threshold of 1 standard deviation above the mean

for initial variance estimates.

2. An incremental variance job that had an initial allocation of 1000 records to all counties, a

total budget of 10M, with the allocation threshold completely removed.

It also reuses the results from the equal allocation and proportional sample rate executions in
Benchmark A for comparison. As shown in “Fig. 5.7”, the equal allocation (bottom) and propor-
tional sample rate (second from bottom) budgets estimate the error structure of the model generally
well, but have many outliers counties which do not capture the population variance at all. The in-
cremental variance budgets with thresholds (top three) specialize in “snapping” counties with ab-
normally high variances to the population variance, removing outliers, but generally struggle with
counties that have lower variances. Removing the threshold (middle) gives us a happy compromise
between no extreme outliers, and a decent estimate of the big picture model. A choropleth map
of the estimated loss using the middle strategy is provided in “Fig. 5.8”, which can be compared

against the true population loss values for the experiment model in “Fig. 4.1”.
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Figure 5.6: Loss and variance estimate accuracy against true population loss and accuracy, see description
for Benchmark A. First column values sorted by population variances, descending. Second column sorted
by population losses, descending. Only counties with high variances considered. “Var. Budget. Initial”
denotes the initial variances of the variance budget pass that were found to be greater than 2 std. deviations
away from the mean.
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Variance Estimate Budget Comparison
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Figure 5.7: Variance estimates by budget type. For Variance Budgets: 3 numbers A/B/C denote total
allocation/initial allocation/threshold in standard deviations from mean. Middle experiment has threshold
completely removed.

Figure 5.8: County choropleth maps for estimated model loss. Cooler colors are lower loss values, and
hotter colors are higher values.
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Chapter 6

Conclusions and Future Work

Here we described our methodology to support model validations at scale. Our benchmarks
demonstrate the suitability of our methodology to facilitate model evaluations that are resource
efficient and timely.

RQ-1: Using a validation budget allows us to ensure spatial coverage while conserving re-
sources (both computing and I/O) that are expended during model validations. Our methodology
allows us to estimate the error structure of the model M without having to rely on validations
involving a large number of observations.

RQ-2: To ensure scaling we complement our validation budget with several mechanisms such
as data locality, data dispersions based sharding schemes, and conserving memory by reducing the
number of model instances that are memory resident. At each worker node, we also leverage thread
pools and concurrency to ensure that processing cores available at a node are utilized effectively.

RQ-3: To ensure broader applicability, we treat models as black boxes without inspecting the
internal structural properties of the models. For instance, the models we consider could be based
on partial differential equations, decision trees, matrix multiplications and convolutions, etc. Our
SE design pattern allows us to support assimilation of a wide range of analytical engines.

RQ-4: To characterize model performance we render visualizations of results as choropleth
maps allowing users to explore spatial variations in model performance. The results from valida-
tion workloads can be streamed incrementally, and the choropleth maps refined as the data become
available.

As part of future work, we propose to incorporate support for models based on classification
and clustering. In the case of classifications, we will explore interactivity of our choropleth maps
to contrast the AUC of the ROC at different spatial extents for different classifier thresholds. The
challenge in the case of clustering is determining the feature vector associated with each spatial

extent (regardless of their granularity) so that they may be clustered and rendered effectively. We
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also propose to supplement these with a model surveillance scheme to continuously assess the

performance of models as new observations are made available.
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