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ABSTRACT
We propose reconsidering the process of designing data systems,
moving from a process that is primarily based on the intuition and
experience of system architects, to a process where intuition and
experience complement formal and systematic methods. We envi-
sion a Design Engine that allows architects to interactively design
systems; they can easily combine design options, try out alterna-
tive designs at a fine granularity, get instant feedback on the impact
of their design decisions, ask what-if design questions, get sug-
gestions about good and bad designs, and even semi-automate the
process of discovering entirely new and previously unexplored de-
signs, that is, doing research.

1. INTRODUCTION & MOTIVATION
Data Systems Design. Designing new systems and variations of
existing ones is a continuous process that has been active for as
long as the database field [1, 15, 27]. Today it is more important
than ever to design new and tailored systems given the ever grow-
ing types of data driven applications [41]. We refer to data system
design as the collection of design decisions that define the software
architecture of a data system. This includes all decisions that have
to do with how we store and access data, what kind of functionality
the system supports, and how data flows between operators.

Figure 1 depicts the path from design to deployment. Design is
distinct from implementation. Implementation only comes when
we have a promising design candidate. Typically, there are several
cycles between design and implementation as architects may need
to try out multiple designs before settling to the one that works well.
This is because there is no good way to argue about the properties
of such a complex design space accurately. In addition, design is
distinct from tuning. Tuning refers to adjusting certain configurable
parameters as allowed by the original design; it happens offline as
part of the set-up process for a specific application by a database
administrator or in the case of adaptive systems during query pro-
cessing. Design, on the other hand, is the process of coming up with
the original software architecture of the system, it is performed by
the system architect and may expose one or more tuning knobs. Fi-
nally, by design we refer to both the process of figuring out a good
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Figure 1: Design, Implementation and Tuning of Data Systems

design from the vast space of known solutions and to the process
of finding a new design, i.e., doing data systems research.

The Problem: Using (only) Human-driven Design. There is ex-
tensive research on how to extend a system (typically by adding
new data types) with pioneering works such as POSTGRES [40],
Starburst [33], PROBE [16] and RAD [35]. In addition, past re-
search has focused on how to easily synthesize and generate sys-
tems from high level components linked with clear APIs and em-
bedded languages with works such as EXODUS [10], GENESIS
[7], and with more dynamic solutions such as LegoBase [30]. More-
over, increasingly better debugging and performance profiling tools
provide ideas on how to even treat system development as a data
management problem [8]. All this research, though, centers around
speeding up implementation. Architects still need to come up with
good designs manually based on intuition and experience before
being able to use any development tools; the fundamental problem
of recognizing good and bad designs remains open [20]. For exam-
ple, consider the following design questions.

1. Say we need a system for a specific workload (data & access
patterns): Should we strip down a relational system? Should
we build up a key-value store or main-memory system? Or
should we design and build a new system from scratch?

2. Say the workload (read/write ratio) shifts (e.g., due to new
application features): Should we use a different data layout
for base data? Should we use differential updates? Should
we use indexing? And if so, what kind?

3. Say we buy new flash drives with B% more bandwidth and
add M% more system memory: Should we change the struc-
ture of our B-tree nodes? Should we change the merging
strategy in our LSM-tree?

4. Say we want to improve throughput: Would it be beneficial
to buy faster disks? Would it be beneficial to buy more mem-
ory? Or should we invest the same budget in redesigning a
specific software component of the system?

Complexity of the Vast Design Space. The above is just a small
sample of the hard design questions facing data system architects.



We can rely on rules of thumb for some of the decisions [23] but
even those need to be reconsidered frequently [22, 21, 18].

We can draw numerous examples where even very promising
ideas are not easy to adopt and designing data systems becomes a
multi-year process. A characteristic example is the column-store
revolution of the past 10 years [1]. Many of the fundamental de-
sign concepts have been studied already in the 80s and 90s: storing
data one column-at-a-time [14]; cache-conscious processing [39];
working over compressed data [19]; vectorization [37]; and a full
columnar algebra [9]. This is not to say that there is nothing new
with modern systems; quite the opposite [1], and of course mod-
ern hardware and data-driven applications created the right envi-
ronment for these changes as well. Still, it took nearly forty years
to adopt, adapt, and extend these ideas to a completely new system
design that we now consider the obvious way to design systems
for analytics. Roughly ten years after the community focused on
systems tailored for analytics, several fundamental topics are still
open, e.g., architecting an optimizer for main-memory systems.

Designing systems is an inherently complex process. Response
time, throughput, energy consumption, hardware resources, budget,
and application requirements are just some of the conflicting goals
that matter. The design space is simply enormous.

In an effort to enumerate the possible design options and their
combinations D when designing a data store from scratch we

found that D >> 1018.

Given this huge number of possible design combinations and the
absence of design tools, the process of system design primarily re-
lies on the intuition and experience of system architects to navigate
the vast design space and bet on the right designs (we will explain
this number in §2). Nevertheless, more often than not, we cannot
know that a specific combination of design decisions works until
we implement and test it. In addition, being certain that a design is
the best for a specific case requires a comparison of all alternatives;
in practice, this is infeasible as there are too many alternatives to
manually test (or even list).

System design and development costs a significant amount of time
and money to get right [8, 13]. Given the vast design space, it

often comes with uncertainty, compromise, and is hard to adjust
when the environment changes (hardware, workload, SLAs).

With new design ideas published every year, new hardware re-
leased or promised on a steady basis, and new applications with
new requirements appearing as we collect more data, the design
space only grows and becomes harder to reason about.
The Design Engine. In this paper, we propose to move toward a
new design process where, in addition to intuition and experience,
we also use tools tailored to assist with system design, bringing
abstraction and structure to a complex process. We present the De-
sign Engine that allows for storing, managing, and navigating fine-
grained data systems design options in an interactive and (semi-)
automatic way. Our vision is to make it easier and faster to:

1. Navigate the design space such that good (and bad) designs
are not missed and systems can be designed quickly;

2. Adopt new design ideas and new hardware by making it easy
to interactively test their impact on an existing system design;

3. Conduct data systems research by making it easy to discover
and test new and unexplored design option combinations.

Contributions. We describe the research path and the basic com-
ponents of the Design Engine (§2) as follows: (1) a way to structure

fine-grained design options, their combinations and their cost com-
ponents; (2) a hybrid model and experimental framework to inter-
actively give feedback on the expected impact of design decisions
across the whole system stack; (3) a design-suggestion mechanism
that can auto-complete designs, discover bad design decisions in
existing systems, and even unveil entirely new design combina-
tions; and (4) a design language (and GUI) to interactively describe
systems as sets of design options. We demonstrate several early ex-
amples that show strong potential for successful design navigation
vs. completely manual design for core problems of system design.
In addition, we demonstrate the potential for discovering and easily
testing new design ideas by showcasing unexplored research areas
that are naturally revealed by the Design Engine, including one idea
that we already published in SIGMOD’16 (§3). Finally, we provide
an interactive demo of the Design Engine (§3).

2. INTERACTIVE DESIGN
The engine helps architects navigate the vast design space by

easing the design of any system (fixed or adaptive). The vision is
captured by Fig. 2 and its main components are shown in Fig. 3.
Design Library. At the core of the engine lies the Design Library
which maintains a structure of design options and their possible
combinations (bottom left part of Figure 3). A design is defined as
a set of design options that can be combined to cover a specific API.
The granularity of the design options is a crucial parameter. For ex-
ample, consider the following crude design space for access meth-
ods: {B-Tree, Array}. This only allows the inclusion of specific
access methods. On the contrary, the Design Engine contains a fine-
grained design library. For example, for array structures it includes
options like ghost values (and with what frequency), partitioning
(how many) and with which method (sorting, hashing, radix), de-
cisions about ordering within each partition (sorting, clustering),
compression options, indexing options to navigate the array or the
partitions (tree, bloom filter, zonemap), and so on. Similarly, for
tree structures the engine includes options such as fanout, whether
to link leaves together, node split strategy, whether nodes should
follow a read or write -optimized design, and so on. The same dis-
cussion holds for algorithmic design options, e.g., consider the nu-
merous options to scan data: with and without predication, SIMD,
BitWeaving, loop unrolling, etc.

With this fine-grained design space, we can create numerous
variations of a tree or an array, and crucially we can mix and match
design options across the whole design space. This is how we
get the design space size number in Section 1 of D >> 1018 de-
sign combinations. Once we add such fine-grained design options
across the whole system stack, the number of possible design com-
binations explodes. In fact, this is a rather conservative estimate
based on our current effort to shape the Design Library. As a basic
intuition on how the design combinations quickly add up consider
a rather small design space of just 100 design options (and for sim-
plicity assume that all combinations are valid). Then if a system
needs say a unique combination of just 20 design decisions out of
100 we quickly get

(100
20
)
> 1020 possible combinations to test (and

of course numbers such as 100 and 20 above, while enough to nav-
igate small subspaces, e.g., specific data structures, they are small
numbers when it comes to full system design).
Design Options. For each design option d, the library may contain
information about: (1) a name and a textual description, (2) a set
of required design options for d to work, (3) a set of valid design
options that can be combined with d, (4) a set of invalid design op-
tions, (5) a set of tuning parameters for d and their possible values,
(6) an API, and (7) cost estimation components: (a) a model, (b)
a code template and (c) an array of tradeoffs. Only 1 and 6 are



a given data 
system design is 
a fixed point in 

the design space

design space (all possible design combinations)

a properly tuned or 
adaptive data system 

can move within a 
small region of the 

design space

the Design Engine can 
help design systems

(fixed or adaptive) 
across the whole 

design space

relational
graph

key-value

column-store
for disk

column-store
for flash

column-store 
for NVM

Figure 2: Navigating the Design Space with the Design Engine.
mandatory - in most cases it is expected that designers incremen-
tally add more information about design options. For example, a
design option to “binary search” requires a sorted data object (e.g.,
an array) and it is compatible with other design options over an
array, such as including ghost values, or partitioning. However, it
should not be used when the array is smaller than a cache line, or
bigger than memory. It has an API that supports point and range
queries. Lower level algorithmic design options may be used to
potentially optimize binary searching an array. For example, how
to choose the next pivot or loop unrolling do not have an API and
do not affect the API in any higher level algorithm that they may
be used for. Instead, they represent valid transformations of higher
level design options and may lead to improvements depending on
data and hardware specifications.

Design options are organized into Design Subspaces. In Figure
3, Partitioning, Logarithmic Design, etc. are all subspaces. Sub-
spaces work recursively. Figure 3 shows how one level higher we
can have even broader subspaces such as Access Methods (that con-
tain all the above), Execution Strategies, and Optimization Strate-
gies. Subspaces do not define the design space in the same way de-
sign options do; instead, they help illuminate an (evolving) struc-
ture of the design space and can be considered as “shortcuts or
views” of part of the design space. Subspaces enable easier brows-
ing of the design space by human designers who add intuition and
provide hints to design algorithms (e.g., that a single solution may
be picked from within a design space). Architects may define nu-
merous subspaces to organize the design space. Each subspace is
defined as a set of design options from the library and each design
option may exist in more than one subspaces.
Interactive Design. The engine supports several types of “De-
sign Queries” as shown in the middle box of Figure 3. For these
to work, it needs to know the target environment/application and
target properties of the system (top part of Figure 3). Knowing
environment details such as properties of the memory hierarchy
and CPUs, workload properties such as data/query samples and
read/write ratios, and system goals such as minimizing latency or
maximizing throughput, and SLAs, allows the engine to optimize
for specific cases when it ranks design options.

1) Design Suggestions. Given an existing design, an architect
may ask “what next steps are possible?” The engine returns all
design combinations marked as valid with the current design. For
example, the top part of Figure 3 shows an example of interactive
suggestions for the structure of a hash table bucket. Design sug-
gestions make it easy for designers to be aware of all valid design
options at every step of the design.

2) What-if Design. What-if design queries allow architects to
ask about the impact of a design change on an existing design
(adding/removing options, changing tuning parameters or the envi-
ronment). The engine resolves the new design and gets its total cost
in terms of the target objective function (response time, throughput,
etc.) with respect to the input environment/workload variables. The
architect can then judge whether the change is a step forward and
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Figure 3: Architecture of the Design Engine with examples of
design options, spaces and elements.
decide whether to move on or to backtrack (e.g., because a previous
design combination a few steps back gave more desirable results or
because given this result the designer develops a different design
intuition to try out). Question 2 in Section 1 is such an example.
The key is being able to argue about the impact of a design change.
This comes from the three cost components of the design options:
When models are available we use them to quickly estimate the ef-
fect of the design change; When code is available it can provide
a more reliable estimate. That is, the engine materializes the code
and tests the new design against the input environment and out-
put properties required; If neither models nor code are available,
then the engine uses the tradeoffs array. Tradeoffs give a high level
balance for basic tradeoffs [4] such as whether a design change is
expected to decrease or increase memory, write or read amplifica-
tion. Even though we cannot give an exact cost with tradeoffs, we
can estimate which design solutions are worth exploring.

3) Auto-design. The engine can auto-fill an existing design. For
example, an architect may have already decided to create a hash ta-
ble and subsequently assigns the design decisions about the shape
and structure of the buckets to the engine. In its most generic form
auto-design works in broader settings to find the best candidate de-
sign for a given API. For example, Question 3 in Section 1 is a
combination of a what-if question with auto-completion, e.g., let-
ting the engine auto-complete the structure of internal B-tree nodes
choosing from any possible array designs.

The engine reduces the problem to a cost-based optimization
problem inspired by evolutionary, genetic, and simulated anneal-
ing concepts to reach good design candidates. It goes iteratively
through several designs until it stabilizes on a good selection (mid-
dle box in Figure 3). It starts with a set of N solutions and com-
putes their cost in parallel. A solution is a set of design options that
supports the requested API. Some or all of these N seed solutions
can be chosen by the architect (or by query history) as good start-
ing points - otherwise they are chosen randomly. The engine then
crosses these solutions by randomly choosing pairs of solutions and
valid design options from these pairs to create new solutions (chil-
dren). Resulting children go under further mutations (with a given
probability) by adding or removing additional design options. The
next step is to decide whether to keep the resulting designs (for the
next iteration of mutation and crossover actions). We use a simu-
lated annealing approach where in every iteration the probability of
choosing a design with a worse cost than before decreases so that
initially we allow for more random walks in the design space. The



search stops when we go through z iterations without improvement.
The result of a search includes the top-k results so that architects
may still manually evaluate which to use. Architects may also re-
quest and inspect the whole lineage of design choices. Even if it
does not trigger any changes in the final design, having access to
the top-k results and to the lineage improves the architect’s under-
standing and intuition of the design space and it also helps spot
opportunities to improve design option definitions (e.g., with better
code templates or more accurate models).

4) Find Design Errors. Similarly, the engine can evaluate part or
the whole design chosen by an architect to spot design errors (sub-
optimal designs) and to proppose better alternatives; Effectively
this is resolved in the same way as described in the previous para-
graph. That is, the engine finds the best design options it can to
support the API for the target design and then it provides a diff
between the old and new designs (set of design options and costs).

To boost interactivity when resolving complex designs, the en-
gine provides a running estimate of how much of the design has
been resolved so far and how long it may take to complete (in terms
of the portion of the relevant design space that we have searched
through). Results are also incrementally updated and thus design-
ers can stop bad designs from taking too long to compute. By
continuously trying to add/remove design options, ask for auto-
completion, and change the input/output requirements, architects
can navigate a vast design area and ask design questions (§1).

Models Vs. Code. The engine uses models and code templates
to estimate design costs. While it is an open challenge to develop
models that can describe sophisticated systems accurately, our intu-
ition is that even if we achieve accuracy, it will be too complex, too
expensive to compute and too hard to maintain. For example opti-
mization of many of the design subspaces in data systems is already
known to be NP-hard (such as optimal partitioning). Thus, we pur-
posely build the Design Engine as a hybrid model/code-generation
infrastructure; both processes return a cost that can be taken into
account by the search algorithms. Models are used opportunisti-
cally whenever they are available and tradeoffs are used to speed up
search when possible or to prioritize next steps. Code-generation is
used in all other cases and it is also used as a feedback loop to verify
and update the models and tradeoffs known for a design option.

Design Cache and Elements. To help bootstrap design queries
the engine contains a Design Cache and Design Elements (bottom
box of Figure 3). The engine caches past designs that have been
found to work well for a given API and their input/output require-
ments. Then, these desings seed candidate solutions in the future
for similar requirements. Similarly, a Design Element represents
known (sub)designs that architects may want to reuse. Typical ex-
amples are standard access methods that can be reused in numerous
designs as standard recipes or starting points.

Storage. The engine currently uses a columnar-like format to
store design options. This gives a good reference performance
given that the access paths of most of our design algorithms re-
quire iterating over a specific property of several design options
at a time. There are numerous opportunities for tailored access
methods mainly by adaptively and proactively collocating design
options that are most likely to be part of a design.
Discovering New Solutions. An attractive property of the Design
Engine is the ability to track novel design combinations that have
not been studied before but may be appropriate for the input/output
required. There are three ways that systems researchers create a
new design and do research in general. The first one is about tuning
existing designs in a different way than before. The second one
is a significantly more complex process and involves combining
existing design options in a novel way. That is, being able to argue

about existing research and how parts of it could be combined in
different ways to reach new properties. The third one, is about
creating a new concept. This is the most profound (but also the
most rare) type of research contribution; it creates opportunities to
rethink the research space as the new concept can potentially be
combined with every existing concept.

The Design Engine can automate the first two creative processes.
This becomes possible by the fine-grained Design Library and the
ability to map and try out any combination of existing design op-
tions and their tuning parameters with an estimation about the ex-
pected properties of the design. Essentially, it is all about cross-
pollinating design options across the whole design space whenever
the same API applies. To give a simple but characteristic exam-
ple, consider plain arrays. In practice they form the most funda-
mental component of most data structures; nodes in trees or tries,
buckets in hash tables, etc. Any idea that can improve an array in
any way (e.g., BitWeaving for scanning the array [32]), automati-
cally becomes a candidate design option for all data structures that
use array-like components. Effectively, this allows data system re-
searchers to easily spot new promising designs and frees them to
focus more of their creative power on the hardest part of the cre-
ative process: coming up with new concepts.
Design Language and GUI. The engine supports a high level lan-
guage that captures design options, subspaces, elements and their
tuning parameters. The language allows the description of designs
as sets of design options. For example, portions of a hash table
access method may be described as hash.bucket.sorted which sig-
nifies that we define buckets of a hash table to be sorted. Similar to
auto-completion features found in modern IDEs the engine can run
auto-completion to show possible design options at every step of
the design (see example at top box of Figure 3). It allows designers
to quickly describe a new design or the design of an existing system
and test it with the engine. The same functionality is provided by a
GUI with which architects can quickly design systems, try out al-
ternative designs, get recommendations for good designs and alerts
for bad designs via a drag-and-drop interface (a screenshot of the
current prototype is shown in Figure 6).
Extensibility. The Design Library can be extended at any time with
additional design options to incorporate additional concepts/ideas,
increasing the number of design combinations we can choose from.
Architects are able to extend the Design Engine with new types of
Design Options or by adding better code templates, models, and
more complete connections for existing ones. Effectively extend-
ing the Design Library becomes the most critical job for database
architects and the prime creative process; any new Design Option
added reflects a new concept that can potentially be combined with
all existing Design Options. The Design Engine may also be ex-
tended to consider further performance metrics - this is a trickier
extension as it requires potentially updating the model of every de-
sign option. Once this is done, any design query on this metric can
be achieved in an interactive way. Given the vast design space, we
will open-source the engine so that all researchers and designers
can update it and thus we can quickly incorporate new research and
understanding about the design space to a common Design Library.
Opportunities and Challenges. In this section, we touched on
some of the most basic research challenges and required steps to
bootstrap the vision of the Design Engine. There are many more
open topics. Characteristic examples include taking into account
network cost and data allocation for distributed solutions, taking
into account dollar cost of development, developing debugging and
profiling tools for the Design Engine itself, being able to automat-
ically map existing systems to the design space of the engine and
even automatically recognizing new design concepts.
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Figure 5: Discovering new access methods designs.

3. EVALUATION & DEMO
We now demonstrate that the Design Engine has strong potential

to improve the process of system design. The way to judge the
effectiveness of the Design Engine spans numerous metrics. We
focus on three metrics here: (1) speed of the process of design,
(2) quality of design, and (3) research opportunity. The benchmark
(competition) for all of the above is human-only design.
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Figure 4: Discovering errors.

Architect vs. Engine.We
compare human-only de-
sign vs. engine-assisted
design in the task of spot-
ting design errors and pro-
viding better designs. To
keep the experiment man-
ageable, we tested human-
only design for analyzing a
design of ten options only.
This is for the space of
finding a good layout for an array of data given a specific data set,
hardware configuration and read/write ratio. The designer had to
evaluate a design based on a specific set of options: whether to
partition the array and if so how; the order within each partition;
including ghost values or not and, if so, how many per partition,
etc. Then we changed the hardware specifications and asked if the
design should change again and if so, how.

Figure 4 shows the results. We show two bars for the engine.
The first one uses a brute force approach to test all possible design
combinations. The second one (termed "Engine"), represents our
current search algorithm based on the evolutionary and simulated
annealing concepts to reduce the amount of design combinations
it needs to consider. With both algorithms the engine provides a
design with a 20% better cost several orders of magnitude more
quickly than the human designer (we put an upper limit of eight
hours for human-only design). We then repeated the experiment
considering larger parts of the design space of data systems (with-
out using a human designer). Figure 4 shows that the difference
between using brute force and an evolutionary approach becomes
increasingly more significant with the latter being two orders of
magnitude faster than brute force when we try to spot errors in de-
signs of one million design options. Even with one million design
options, the engine can find the right design in just one second,
while the human designer needed eight hours for only ten design
options (the engine runs on a standard quad core modern server
with all data hot in memory - Intel Xeon CPU E7-4820 v2, 2GHz,
16MB L3 cache with 8 hardware threads).
Design Discovery. Next, we discuss the strong potential for the
discovery of new ideas. We show this by demonstrating that by
having a fine-grained structure of the design space, new designs
become apparent and all we have to do is navigate the space. Figure

Figure 6: The Design Engine in action.
5 shows the subspace of the data systems design space that has to do
with access methods. We can use the seven subspaces in this figure
to construct, and explain the behavior of, existing access method
designs. “DONE” corresponds to a design that has been published
in the literature. Observe that most existing access methods do
not add new concepts; rather they are novel design combinations
of existing options. “OPEN” corresponds to a design combination
that has yet to be examined (to the best of our knowledge).

Even after several decades of research there are many open de-
sign combinations. The actual slots are more numerous than those
shown in the table. For readability the table only shows subspaces
instead of the design options included in these subspaces. By uti-
lizing this structure, the Design Engine allows effortless navigation
and recognizes promising design combinations and their potential
behavior, covering two of the three creative research processes (tun-
ing and combinations). In fact, we have already published one such
solution inspired by the design structure [5] where we effectively
used the combination of the differential updates, sparse indexing
and adaptivity concepts (along with design options in these sub-
spaces) to come up with a new bitmap-based access method that
works well for both reads and writes. Similarly, we are currently
investigating further opportunities that come out of observations as
we construct individual subspaces for the engine. For example:
(1) from hashing we have discovered new solutions that can treat
buckets of a hash-table independently to tune their structure/size
specifically for the incoming workload in each bucket, (2) from tree
indexing we discovered an opportunity to treat subtrees indepen-
dently and blend cache conscious designs that are read optimized
with typical B-Tree designs that are more update friendly for dif-
ferent paths of a tree that receive different read/write ratios.
Demo. As part of our presentation we will include a demo of
the Design Engine which will allow the audience to interactively
browse the data system design space to quickly design systems,
spot errors, experience what-if design and design suggestions, and
compete with the engine for speed and quality of design. A screen-
shot of the current engine GUI is shown in Figure 6 where it shows
the result on a "show me next design steps" -like query when de-
signing an access method (the positive weight on a result design
option means the cost will increase while negative is better). Up to
date information about the Design Engine is maintained on its web-
site: http://daslab.seas.harvard.edu/design-engine/.

4. RELATED WORK
This work is inspired from and builds on numerous past and cur-

rent research lines both in the database community and outside.
Due to limited space we only touch briefly on some of the stronger
connections (extensible systems and systems synthesis).

http://daslab.seas.harvard.edu/design-engine/


Extensible systems have been studied across numerous areas of
computer science. In databases the main premise is making it easy
to add new data types and functionality to a system such that we
can support new applications with minimal effort [16, 17, 33, 35,
40]. “Easy” means that developers can do this relatively quickly
due to the careful interfaces provided and then, if done right, so-
phisticated database features such as concurrency control work out
of the box for the new data types. Data system synthesizers ex-
tended this concept; The core idea is to have components that can
be synthesized into full systems and interfaces that allow for auto-
generating the final system code [7, 10, 30]. The same concept
has been studied in other areas such as software engineering [38],
computer architecture [36], and networks [31].

These lines of work have laid the foundations for the on-going
effort to make system development easy. Our emphasis, though, is
system design which comes before the development phase. Nat-
urally, these two phases are strongly interconnected. For exam-
ple, easier development also makes the process of designing easier
because with such tools a developer/designer can more easily go
through a bigger number of designs. Still, though, design now has
to happen manually and relies primarily on intuition (and repeated
experimentation) given the sheer amount of design combinations
and conflicting goals. We see these lines of work as complemen-
tary to attack the bigger problem of “design and development” of
data systems. Design Engines can help narrow down or eliminate
the need to go through multiple designs and allow designers to fo-
cus quickly on the right design to develop.

From a technical point of view, part of our work relies on com-
ponents that can be synthesized which is also seen in past modular
systems. However, past approaches have used big building blocks
to generate systems while we use fine-grained modules with ad-
ditional structure about costs and design connections to be able to
navigate the whole design space for design errors and design oppor-
tunities instead of only synthesis. Similar principles hold in keep-
ing interfaces clean and simple [12] and our additional challenge
here is to develop the infrastructure to interactively navigate the
now massive space of modules. Conceptually, the work on Magic
for layout on integrated circuits [36] comes closer to our goals.
Magic uses a set of design rules to quickly verify transistor designs
so they can be simulated by designers. Our proposal pushes inter-
active design one step further to incorporate cost estimation as part
of the design phase by being able to estimate the cost of adding or
removing individual design options which in turn also allows us to
build design algorithms for automatic discovery of good and bad
designs instead of having to build and test the complete design.

There are many more works in the database community from
which we draw inspiration. A not complete list includes work
on modeling [34], tuning via experiments [6], learning [2], flex-
ible structures [26], what-if tuning [11], adaptive systems [3, 24,
28] and adaptation via iterative algorithms [25, 29]. These works
mainly focus on tuning the knobs of an existing design and so they
are complementary to our work that focuses on generating the ini-
tial design (see also Fig 1 & 3).

5. SUMMARY
We present the vision of the Design Engine to bring structure

and abstraction to the complex and lengthy process of data systems
design. The Design Engine allows data systems architects to inter-
actively and semi-automatically navigate complex design decisions
when designing or re-designing systems. The core innovation is a
fine-grained and extensible structure of the design space along with
algorithms and rules on how to navigate the vast number of choices
interactively and automatically to get instant feedback during de-

sign. This brings numerous opportunities, including: being able to
quickly spin off tailored systems for new applications; easily un-
derstanding the potential of new hardware and modifying systems
to better utilize it; making it easy to discover novel combinations
of design options that have not been studied before; making it easy
to adopt new ideas in existing systems; and in general providing a
unified framework that can accelerate systems research.
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