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Applications running on multiple environments are all supported by garbage
collectors. Modern garbage collectors rely on two assumptions to perform well:
the collector will reclaim enough memory to avoid frequent failed allocations and
most memory allocated for the application soon becomes garbage. These assump-
tions are broken by modern applications. For instance, applications that rely on an
application-level key-value store, or software cache, reduce run time by increasing
memory use. However, that breaks the first assumption. When they are broken,
garbage collector performance degrades. To reduce this performance loss, garbage
collectors should be supplied application-specific information.

In this thesis, we support this hypothesis with three projects. First, we
hypothesized Haskell programs violate the first assumption. The violation is thanks
to the implementation of lazy evaluation which evaluates expressions only as needed.
This can be circumvented with annotations, but the annotations can prove difficult
to place correctly. We present Autobahn as a solution. Autobahn is a tool that uses
a genetic algorithm to add strictness annotations to Haskell programs and improve
their runtime.

Next, we hypothesized software caches violate both assumptions. The viola-
tion comes from conflicting goals. The goal of the cache is to maximize the amount

of space used to improve runtime. The goal of the garbage collector is to minimize
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the amount of space used to allow future allocations to succeed and keep time spent
collection low. We present prioritized garbage collection as a solution. The prior-
itized garbage collector lets a programmer supply the garbage collector with data
about objects to relieve memory-pressure and improve the robustness of software
caching applications.

Finally, we hypothesized applications with long-lived data structures violate
the second assumption. These data structures are visited every collection, resulting
in repeated work and lost time. We present a design for a deferred garbage collector.
The deferred garbage collector lets a programmer supply information about long-

lived data structures to reduce garbage collection time.
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Chapter 1

Introduction

Modern programming languages come with some form of a runtime system. A run-
time system for a programming language is a program that supports an application
written in that language. The support varies between languages. However, most
runtime systems include a memory manager to support applications by managing
their heap memory, shortened to the heap.

Modern applications rely on the heap over their lifetimes to store data needed
by those applications. When applications need this storage to continue, the applica-
tion stops and sends a request to allocate memory on the heap to the allocator. The
allocator is the part of the runtime system that modifies the heap through allocation
and pointer modification. When the allocator fulfills the request, the application
receives a pointer to an object to access and resumes. Over time, the application
will no longer need some data and stop using that data and object altogether. Even
though the object is no longer used, it remains allocated on the heap, becoming
garbage.

This garbage must be deallocated for the allocator to reuse heap memory
and complete future allocation requests’. In some languages, garbage is explicitly
deallocated. However, manual deallocation can lead to subtle memory bugs like use
after free. These bugs result in application crashes or incorrect results. To avoid

these bugs, modern languages with a runtime system also have a garbage collector

In the memory management field, deallocating memory is also referred to as freeing memory



automatically deallocate garbage.

A garbage collector is the part of the runtime system that automatically
deallocates garbage for an application. By automatically deallocating this memory,
an application no longer suffers from bugs related to incorrect memory reclama-
tion. As a result, garbage collectors support applications written in many popular
high-level programming languages. Garbage collectors support mobile applications
written in Java and Swift, web applications written in JavaScript, as well as long
running server and data-processing programs written in Java.

With the widespread use of garbage collectors, the performance of those
garbage collectors is important. Garbage collectors are run when the runtime system
detects memory for allocation is about to run out. Garbage collectors then must find
the garbage on the heap and deallocate it. This is called a collection. If the allocator
fails an allocation request before collection ends, the allocator cannot allocate on
the heap and therefore the application cannot do any work. Therefore, the time
spent on a collection affects the run time of the application. The slower the garbage
collector runs, the longer the collection takes, and the slower the overall application
runs. In practice, garbage collectors perform very well. This is the result of many
innovations in implementation and design.

These new designs make certain assumptions about applications. One as-
sumption is most memory in the application becomes garbage soon after it is allo-
cated. As a result, a garbage collector can limit the amount of memory to search.
This results in fast searches each time the garbage collector runs. Another assump-
tion is the garbage collector will reclaim enough memory to avoid frequently failed
allocations. Since the garbage collector runs when the application fails to allocate
memory on the heap. The memory reclaimed by the garbage collector is used for
future allocations. Future allocations are more likely to succeed, resulting in infre-
quent allocation failures and therefore infrequent collections. The assumptions are
followed by most applications, resulting in good collector performance.

These assumptions can be broken by modern applications. One such applica-

tion is the software cache. A software cache, abbreviated to cache in this document,



is a key-value store in an application that stores a fixed number of intermediate
results. Caches trade the space of storing these results for the time spent creating
those results. Ideally, the more space a cache can use to store more results, the more
time is saved by not recreating those results. This trade-off violates a previously
stated assumption: the garbage collector reclaims enough memory to avoid frequent
failed allocations.

By breaking that assumption, caches exhibit bad performance when they use
more space. These large caches leave less memory available for future allocations.
The result is more frequent collections. Unfortunately, each collection also takes
longer to complete. This increase in run time cost is possible in most modern
garbage collectors. The performance of modern collectors is proportional to the
amount of memory in use by the application [HB05]. As caches store more results,
the amount of memory in use increases, leading to costly collections. In general,
breaking the assumptions made by garbage collectors results in bad performance.

When an application must break the garbage collector’s assumptions, pro-
grammers need a solution to avoid the performance loss. Common solutions include
increasing available heap memory for the application or forgoing garbage collec-
tors all together. Increasing heap memory increases the amount of total memory
available for allocations and reduces the frequency of collections. However, each
collection still scales with the amount of objects in use by the application. If these
objects account for most of the memory in the new heap, each collection remains
costly. Removing garbage collectors all together removes the cost of garbage col-
lectors. However, memory must now be explicitly reclaimed, reintroducing subtle
memory bugs. A solution should retain the benefits of garbage collection while
further minimizing the costs when the assumptions fail.

We propose a solution where the garbage collector is informed by the pro-
grammer. Programmers often have information that can help the garbage collector.
In the cache example, programmers supply caches with an eviction policy. An evic-
tion policy determines what intermediate results should be removed when the cache

is full. We say the result was evicted from the cache. Ideally, this evicted result is



not in use by the application. In that case, the result’s memory becomes garbage
and will remain on the heap until a future collection deallocates that memory. If the
garbage collector were aware of this eviction policy, the collector could deallocate
the memory of an evicted result the moment it was evicted. For this reason, we
hypothesize this information should be supplied the garbage collector through the
runtime system by the programmer.

Any solution that supplies information to the garbage collector needs to fulfill
certain criteria. One criterion is the solution must give the programmer a sufficiently
expressive way to supply the information. Another criterion is the solution must
tolerate imperfect information from the programmer. We will discuss each criterion
separately.

Expressiveness dictates the kind of information the programmer can give
to the runtime system. For instance, a common solution to supplying information
is adding new annotations to the language [BOF17, NWB*15, NFX'16, Banl6,
Oral5]. Annotations allow programmers to alert runtime systems about the exis-
tence of certain objects. However, they are insufficient for eviction policies in caches.
Eviction policies not only need to know which objects to compare, but also the value
of each object to the current application. Without that value information, the policy
cannot report the least valuable object to evict from the cache.

The system must tolerate imperfect information. Programmers cannot com-
putationally predict all possible behaviors for their application, as shown by the
halting problem. One example is the eviction policy of a cache. Depending on the
policy, some results in the cache might be evicted even though they are still in use
by the application. If the memory storing these results is deallocated right when
evicted, a memory bug can occur. This bug can subtly introduce undesired behavior
into our application, like incorrect results or crashing. This undesired behavior must
be prevented in the system.

Solutions that adhere to the proposed criteria improve performance when
garbage collection assumptions are broken. In this thesis, we explore three problems

where applications violate an assumption garbage collection relies upon. We then



present and evaluate new solutions to these problems while adhering to our proposed
criteria. We present the following contributions:

First we present Autobahn. Autobahn is a tool that uses a genetic algo-
rithm to automatically add strictness annotations to Haskell programs at the source
level [WNF16]. The resulting annotations reduce the amount of memory in use
and improve performance even on highly optimized programs. I am responsible for
the initial exploration and proof of concept. Together with Remy Wang and Kath-
leen Fisher, we improved the search’s performance into the system presented in this
document and explored different use cases for Autobahn.

Next we present the prioritized garbage collector. The prioritized garbage
collector lets programmers to tell the garbage collector the importance of annotated
objects to their application [NGB16]. The garbage collector uses this information
to decide when to deallocate these objects to relieve memory-pressure.

Finally, we present the deferred garbage collector. The deferred garbage
collector lets programmers tell the garbage collector what data to not look at during
collection through annotations. These annotations are fed as hints to the collector
to avoid repetitive work, saving time during each collection.

What follows is the outline of this thesis. In Section 2, we discuss relevant
technical background used in the rest of the dissertation. In Chapter 3, we discuss
Autobahn. In Chapter 4, we discuss the prioritized garbage collector and how it
assists in applications dependent on key-value stores. In Chapter 5, we discuss the
deferred garbage collector. Finally in Chapter 6, we summarize the key findings

followed by possible directions of future work.



Chapter 2

Garbage Collection Background

Each chapter introduces a system that impacts memory use. Later chapter consider
new algorithms for garbage collection. To fully understand the impact of each
chapter, we must first explore garbage collectors in general and the problem they
solve.

In this chapter, we explore garbage collection at a high level. We start
by describing the problem garbage collectors solve. We then explore how garbage
collection find memory to reclaim. Afterwards, we explore three modern garbage
collector algorithms referenced in this thesis: the mark-sweep garbage collector, the

mark-compact garbage collector, and the generational garbage collector.

2.1 Memory Management Terminology

This section briefly touches on some common terminology in the memory manage-
ment field: the abbreviation GC and object headers.

In the memory management field, both a collection and the garbage collector
are shortened to GC. When GC is used in text or speech, the context determines
which definition to use.

An object header is the metadata stored on an object usually preceding its
application-relevant data. The metadata is read and modified by the runtime sys-

tem, including the garbage collector.



2.2 Memory Reclamation Problem

The key to understanding garbage collection is understanding the lifetime of an
object. The life of an object starts when it is allocated. At this point, the object
is referred to as live. The object remains live until it is used for the last time. The
object is now referred to as dead. The dead object takes up memory on the heap
better suited for allocating new objects. Ideally, the memory is reclaimed after its
last use by a garbage collector.

Unfortunately, it is impossible for a collector to know when an object has
seen its last use. Instead, garbage collectors must wait until the object is no longer

reachable. An object o is reachable if

1. o is directly accessible to the application, like a local or global variable. These

objects are called roots.
2. o is pointed to by any other reachable object

Otherwise, o is unreachable. This concept is used by modern garbage collectors to
find dead objects.

Reachability is an approximation of the liveness of an object. If an object
o is live, then o is in use by the application. It follows that any object reachable
from o may also be used and therefore might also be live. In actuality, some of those
reachable objects might be dead. However, only dead objects are unreachable. If the
object is unreachable, then an application cannot access the object directly through
the roots or indirectly through a series of pointer dereferences. This implies the
object has seen its last use, is dead, and safe to reclaim. Garbage collectors consider

an object dead if it is unreachable.

2.3 Reachability as Graph Search

We cast the problem of finding unreachable objects as a directed graph search prob-
lem. We consider first the representation of the heap as graph. Then we consider

the new search problem.



The graph is a common representation of the heap. In this representation,
objects in the heap becomes vertices in the graph and pointers between objects in the
heap become edges between vertices in the graph. The strength of the representation
is that connectivity in the heap directly translates to connectivity in the graph. This
correspondence allows us to consider finding unreachable objects as a graph search
problem.

The set of source vertices for the search are the objects immediately reachable
from the roots. Roots are always accessible by the application, so they are always
live. Furthermore, live objects are always reachable from other live objects. Live
objects have corresponding vertices in the graph. It follows that all clusters of live
objects on the heap will be connected components on the graph. It also follows that
those connected components cannot contain vertices corresponding to unreachable
objects. Therefore, to find the unreachable objects, the garbage collector needs only

identify the reachable objects.

2.4 Mark-sweep Garbage Collection

Mark-sweep garbage collectors work as follows:

Phase (1): The collector enumerates all the roots in the application. These roots

are the sources of the graph search.

Phase (2): The collector starts the mark phase. The collector performs a complete
depth-first search starting from the roots, marking unvisited objects dur-

ing the search. This is called the transitive closure from the roots.

Phase (3): Finally, the collector starts the sweep phase. The sweeper deallocates all

unmarked objects on the heap.

Once the collector finishes, control is returned to the application.
From this breakdown, it follows the performance of a mark-sweep collector

is directly proportional to the number of live objects on the heap. The more live



objects on the heap, the longer the mark phase runs, and the longer the garbage

collector runs.

2.5 Mark-compact Garbage Collection

One variant of the mark-sweep garbage collector is the mark-compact collector.

Instead of relying on a sweeper to deallocate unmarked objects, the mark-compact

collector moves live objects such that all live objects are contiguous.

Mark-compact garbage collectors work as follows:

Phase (1):

Phase (2):

Phase (3):

Phase (4):

Phase (5):

The collector enumerates all the roots in the application. These roots

are the sources of the graph search.

The collector starts the mark phase, just like in the mark-sweep collector.

The collector starts the forwarding phase. The collector calculates where
live objects will be moved to at the end of collection. This process is
called forwarding. The destination of the object is called the forward-
ing address. This address is usually stored as metadata in the object’s

header.

The collector starts adjusting the outgoing pointers of all live objects. All
live objects will be moved to their forwarding address by the collector.
Prior to the move, the collector must replace all outgoing pointers of live

objects with the forwarding addresses.

Finally, the collector starts the compact phase: The collector moves ob-
jects to their forwarding addresses. This process is referred to as com-
paction. At the end of this phase, the heap is neatly segregated into two
contiguous ranges, the range for live objects and the range for future

allocations.



2.6 Generational Garbage Collection

In practice, most objects die soon after they are allocated [LH83]. This observation
is exploited by generational garbage collectors to improve performance [Ung84].

A garbage collector is generational if the collector segregates objects based
on how many collections they survive. The objects are segregated into a young gen-
eration and an old generation. New objects are allocated into the young generation.

By segregating the heap, a generational garbage collector can choose to col-
lect from part of the heap. When only the young generation is full, the garbage
collector collects only from the young generation. Such a collection is called a minor
collection. When both the young and old generations are full, the garbage collector
collects from both generations. Such a collection is called a major collection. We
will explore each type of collection separately.

Minor collections deallocate garbage from the young generation. Objects in
the young generation may only be reachable through incoming pointers from objects
in the old generation. These pointers are collected in a structure called a remembered
set. The remembered set is then considered a root for the minor collection. After a
minor collection, objects in the young generation that have survived either remain
in the young generation or are moved to the old generation. The latter is called
tenuring'. In a minor collection, tenuring occurs only if the object has survived
some number of young collections.

Major collections deallocate garbage present in both generations. In modern
collectors, major collections run the mark-sweep garbage collection algorithm. At
the end of a major collection, all objects in the young generation are tenured into

the old generation.

IThis process is also referred to as promotion.
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Chapter 3

Autobhan: Genetic Algorithm

for Strictness

3.1 Introduction

Lazy evaluation in Haskell allows for compact and modular high level code by only
evaluating expressions when needed[Hug89]. When the expression is not needed in
Haskell, the runtime system allocates a thunk on the heap for it. A thunk is a heap-
allocated unit that contains all the information necessary to evaluate a suspended
expression. The number of thunks increases as the program becomes lazier. As a
result, excess laziness leads to an excess of thunks cluttering the heap. This clutter
results in extra garbage collections and longer runtimes.

To combat excess laziness, Haskell provides strictness annotations [Banl6].
Strictness annotations let programmers label expressions which will be evaluated
earlier than their value is needed. However, excess annotations can change the
semantics of a program or slow the program down further. These semantic changes
caused by these annotations are difficult to reason about in large programs.

To avoid reasoning about the behavior, static analyses were created to place
strictness annotations automatically[CPJ85, HH10]. Unfortunately, these analyses

must be conservative to preserve the semantics of the original program on all possible
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inputs. However, there might be an annotated version of the program that might not
terminate on all possible inputs, but terminates on a subset of inputs and is faster
on those inputs. In contrast, a dynamic analysis can find expressions to annotate
that a static analysis will miss. Therefore, we consider a dynamic analysis on a set

of inputs that represent the inputs the program is expected to run under.

3.1.1 Definitions: Laziness and Strictness

Lazy evaluation in Haskell is implemented by wrapping expressions into thunks.
Thunks are forced, or fully evaluated, when the computation’s value is needed by
the program. Consider the following Haskell code, which defines the function taxe.

take 0 xs = []

take n (x:xs) = x:(take (n-1) xs)

take removes the first o items from the list parameter xs. Now suppose we
wish to evaluate the expression take o [1..]1, where [1..] is an infinite list. Under
lazy evaluation, each argument of take o [1..] is only evaluated as needed. In this
case, take requires the number to evaluate which case of take to run. The list is left
unevaluated as a thunk. We will denote an expression e in a thunk as [lel]. As a

result, we get the following execution trace

take 0 [1..] -> take O [| [1..]1 1 -> T[]

In the base case of take, the function definition does not need to read into
the list. Therefore, Haskell will not evaluate the thunk containing the list, saving
the computation time and space needed to contain the final value of that list.

Haskell lets programmers add strictness annotations to expressions. When
an expression is annotated, the expression is strictly evaluated, or reduced until a
data constructor must be evaluated. Such a value is said to be in weak head normal
form. For instance, cons 1 [1 and cons 1 [ 2... |1 are both in weak head normal form.
In both cases, the Cons data constructor must be evaluated to further reduce the
expression.

To show the difference in evaluation, consider our previous take function and

our expression take 0 [1..]1. Recall in lazy evaluation, the list argument is never

12



evaluated and is left in a thunk. In strict evaluation, the list argument is evaluated
to the cons cell Cons 1 [| [2..] [|]. Note that the tail of the list is a thunk and
not the expansion of the list.

Note that in our example, Haskell avoids evaluating the entire infinite list,
preventing non-termination. In general, strict evaluation can still lead to unintended
behavior, slowdown, or non-termination. Consider the following function,

f x y 'z = if x then y else z

In this example, the argument z has a strictness annotation and so z will be
strictly evaluated upon entering the function. As a result, z will always be evaluated
regardless of the value of x. If the evaluation of z does not terminate or is costly in
terms of time and space, then z would be better left as a thunk.

INTRO TO THIS PART NEEDED Consider the following implementation of the
factorial function:

fact 0 = 1

fact n = n * fact (n - 1)

let y = fact u

Assume u is read from user input. Then say we add a strictness annotation
to y. If u is negative, then factorial will not terminate.

However, if the only possible values of u are non-negative, then it is safe to
add that annotation. Therefore, we consider a dynamic analysis on a set of inputs
that represent the inputs the program is expected to run under.

A dynamic analysis can find opportunities for strictness a static analysis will
miss. Since a static analysis must be conservative, a in fact will not be annotated.
However, if the only possible values of u are non-negative, then it is safe to add
that annotation. Therefore, we consider a dynamic analysis on a set of inputs that
represent the inputs the program is expected to run under.

This chapter presents Autobahn, a tool that uses genetic algorithm to infer
strictness annotations. Using user-provided inputs for programs, Autobahn searches

the space of annotated programs to find a program with better performance. Sec-
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tion 3.2 presents an overview on genetic algorithms. Section 3.3 presents Autobahn
and the genetic algorithm underneath. Section 3.4 presents the results of our eval-

uation of Autobahn.

3.2 Genetic Algorithm

We explain the general search problem. Consider a function F that takes some
argument vector I and returns some value. The goal of the search is to find some
vector Z that returns the maximum value when given to F. That vector can be
found by searching the space of possible argument vectors. However, that space
can be too large to search exhaustively. Therefore, we must turn to heuristic search
methods. One such search method is a genetic algorithm.

A genetic algorithm uses the ideas of evolution to search a space [Gol89]. The
search finds argument vectors &, called chromosomes. Each value in the vector is
called a gene. The function to optimize, F is called the fitness function as it measures
how fit the chromosome is. The goal of the algorithm is to find a chromosome that
returns the maximum value when given to F. The algorithm searches the space
over a number of rounds, or gemerations. Each generation starts with a set of
chromosomes called a population. A genetic algorithm performs the following steps

each generation:

Step (1): The algorithm measures each chromosome in the population with the fit-

ness function. The function produces a fitness score for each chromosome.

Step (2): The algorithm then mutates a random selection of the population. Mu-
tation randomly edits the genes of one chromosome to produce a new

chromosome.

Step (3): The algorithm then performs splices together random pairs of the popu-

lation. This action is called the crossover.

Step (4): The algorithm creates a new population. The new population is comprised

of the chromosomes made from both mutation and crossover as well as the
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best scoring chromosomes from the current population.

Step (5): Finally, the algorithm starts the next generation with the new population.

3.3 Autobahn

3.3.1 Genes and Chromosomes

In Autobahn, a gene is a program location that can be annotated. If the location
has been annotated, the gene is on. Otherwise, the gene is off. Naturally, a gene is
represented by a bit, where the bit is set if and only if the gene is on. For example,
consider a program with only the following function

foo !lx yz =x+y - z

This program has 3 genes, one for each parameter. The first parameter has
a strictness annotation, so it’s gene is on.

In Autobahn, a chromosome is some configuration of strictness annotations
in a program. A chromosome is represented by a vector of bits. For example, the
above program’s chromosome is 100. To find the genes and construct chromosomes
for a program, Autobahn parses the source code with haskell-src-exts [Brol5|,
a parser library for Haskell programs, to find all possible locations that can be

annotated.

3.3.2 Fitness Functions

To measure the fitness of a chromosome, Autobahn must compile and run many ver-
sions of the same program. When Autobahn starts, it parses the original program,
producing an abstract syntax tree, or AST. Given a chromosome to measure, Au-
tobahn modifies this AST with respect to that chromosome and the genes therein.
The modified AST is then pretty-printed back to disk using haskell-src-exts. Fi-
nally, the file is compiled by ghc and run with the ghc profiler and a user provided
input.

Autobahn gives the user three functions to choose from to measure the fitness:
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runtime, garbage collection time, and peak memory use. Each function produces
a score for a given chromosome. The runtime function returns the overall runtime
of the application as the score. When used, Autobahn prioritizes finding overall
faster programs. The garbage collection time function returns the amount of time
spent in garbage collection time as the score. When used, Autobahn prioritizes
programs that spend less time in garbage collections. Less time spent in garbage
collection means The peak memory fitness function returns the maximum number
of live objects on the heap, measured in bytes, as the score. This function prioritizes
programs that reduce their peak memory overall. Scores are produced by running
the modified program and parsing the output given by the ghc profiler under the
+rTS -t option [ghcl5]. This option is used to prune locations that contribute less
than 1% from the profile.

To reduce the amount of time Autobahn spends measuring, Autobahn wraps
each run with a time out. If the modified program times out, the modified program
is given a low score. By default, this time limit is twice the original program’s
runtime, which we obtain by running the original program on the given inputs at
the very start. This time out is chosen as a balance between reducing the search
time and exploring the space of annotations.

To properly explore the space of annotations, programs that measure slightly
worse than the original program remain in the population. Furthermore, these
programs are valid candidates for creating the population for the next generation.
This is counter-intuitive, but these programs might have annotations that can trigger
performance only when combined with an as-of-yet introduced annotation.

When Autobahn introduces an annotation into the program, there is a risk
that the modified program may not terminate or even compile. We will discuss each

risk separately.

Non-termination Conceptually, a non-terminating program is conceptually no
different than a program that runs slower than the original. This program will

trigger the time out and its corresponding chromosome is given a low score to prevent
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it from influencing the next generation.

Fail to compile haskell-src-exts allows annotations in two locations that trig-
ger compile-time errors with ghc. The first location is a recursively defined variable.
Consider this example found in the NoFib benchmark [Par93] which creates either
an empty list or a finite list of copies.
copy ('n) x = take (max O n) xs
where !(xs) = x : xs
The offending line is the definition of xs. This definition creates an infinite
list of values with a semantically valid Haskell expression. When the annotation is
introduced into the idiom as shown, ghc raises a parse error, citing the recursive
use of xs. The second location is variables that appear under a typeclass instance
declaration. Consider the following code snippet, an example of such a declaration.
instance Monad Baz where
Imi >>= £ = ...
In this code, the inline operator bind ((>>=) in the example) is defined, which
takes m1 and £ as inputs. m1 is annotated in the definition. This annotation causes
ghc to raise a parse error on bind itself. In both cases, ghc returns an error code

which is caught by Autobahn and is given a low score.

3.3.3 First Generation

To start the genetic algorithm, an initial population is created. Autobahn starts
by reading user-specified set of files from the user program. Those files are con-
verted into chromosomes. The genes in the chromosome are randomly chosen and
flipped to create a new chromosomes. This process is repeated to create a set of
random chromosomes and together with the original chromosome make up the ini-
tial population. Note that this process can introduce new annotations or remove

old annotations from the program.
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3.3.4 Producing Future Populations

Autobahn passes the population with its fitness scores to the GA library [Hos11] to
create the population for the next generation. To create that generation, the library
also uses mutation and crossover function defined for Autobahn. Each function
is explained separately. Mutation The GA library calls our mutation function a
number of times as determined by the user. Each time the functions is called, a
random chromosome c is chosen. Conceptually, random genes in ¢ are flipped from
on to off or vice-versa. In our mutation function, each gene in a chromosome is
flipped with some probability p. In detail, Autobahn first generates a list of random
floats. The length of the list is equal to the length of the chromosome. The list of
random floats is then transformed into a vector of bits of equal length where each
bit is set if the corresponding float is smaller than p. The two vectors are combined
with an xor, creating a new chromosome for the next generation.

Crossover The GA library calls our crossover function a number of times de-
termined by the user. Each time the function is called, two random chromosomes c1,
c2 are chosen. Our crossover function implements the Uniform Distribution [Sys89]
strategy to ensure each gene in both chromosomes has an equal chance to be a part
of the new chromosome. Intuitively, half of the genes from c1 are chosen for the new
chromosome. The remaining genes in the new chromosome are taken from c2. In
detail, the function first creates a list of random floats such that statistically about
half of them are less than 0.5. This list is transformed into a vector of bits v of
equal length to the length of the chromosomes. Each bit of the vector is set if the
corresponding float is less than 0.5. The set bits in v will select the genes from c1
that will pass onto the new chromosome. Similarly, the unset bits in v will select
the genes from c¢2 that will be passed onto the new chromosome. To create the new
chr-omosome, c1 and v are combined with a bitwise-and, creating c1. Similarly, c2
and the complement of v are combined with a bitwise-and, creating c2’. Finally,

c1’ and c2’ are combined with a bitwise-or to create the new chromosome.
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3.3.5 Termination

Autobahn runs for a user-specified number of rounds. At the end of the last round,
Autobahn produces the survivors from the final generation with their respective

fitnesses.

3.3.6 Summary

A user starts Autobahn by specifying a set of files to annotate and a fixed number
of generations to run. Autobahn parses the files and runs the program to determine
a time out threshold. Autobahn starts the search proper by creating an initial
population using the original file as a seed. This population is then measured,
producing a set of scores. The population and scores together are passed to the
GA library for mutation and crossover. The results from the library and the fittest
chromosomes become the new population and the next generation begins. Once
Autobahn reaches the allocated number of generations, Autobahn outputs the scores

of each chromosome in the final population.

3.4 Experiments
In this section, we evaluate Autobahn in the following ways:

e We run Autobahn on 60 programs from the NoFib benchmark suite [Par93]
and compare the performance of Autobahn-optimized programs to the perfor-
mance of the original programs. By doing so, we demonstrate Autobahn finds

annotations that improve performance.

e We compare Autobahn-optimized programs to the performance of the orig-
inal programs run under Strict Haskell [strl5], a version of Haskell that is
strict by default. By doing so, we demonstrate Autobahn is necessary to find

performance enhancing annotations.

e We optimize a garbage collection simulator, which inspired this project, as

a case study. By doing so, we demonstrate how Autobahn can be used to
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optimize a real world program.

e We compare the annotations Autobahn finds for the Aeson library [Bryl6]
when the library is used by different driver programs. By doing so, we demon-
strate Autobahn will find annotations that improve performance with respect

to how the program is used.

e We measure the reliability of Autobahn’s results by performing a ten-fold cross
validation. By doing so, we show Autobahn will reliably find performance-

enhancing annotations.

e We explore the run time Autobahn when optimizing NoFib benchmark pro-
grams and our two use cases. By doing so, we show Autobahn is best used

during development downtime.

3.4.1 Experimental Setup

All programs were compiled and run on a computer with four 16-core AMD Opteron
6380 processors clocked at 2.5 GHz and 128 GB of RAM. Each program was compiled
with ghc 7.10.3 with -02, -XBangPatterns. For computing live size information, we
used -RTS -h -i0.01 to perform frequent garbage collections. For Strict Haskell,
we had to compile the programs with ghc 8.0.1 with -XStrict as the pragma is not

available in 7.10.3.

3.4.2 Performance

We want to know how well Autobahn finds annotations with respect to our different
fitness functions. We ran Autobahn on 60 programs from the NoFib benchmark
suite [Par93]. We chose these 60 since haskell-src-exts was able to successfully
parse them. We optimized each program three times, once for runtime, once for
live size, and once for garbage collection time. We report geometric means for our
results, following NoFib’s conventions.

Figure 3.1 shows the results of Autobahn-optimized programs normalized to

the original program. The x-axis lists the benchmark program in order of increas-
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ing number of genes. The y-axis lists the normalized metric, reporting the ratio
of Autobahn-optimized metric to the original program’s metric. In these graphs,
a lower value means the Autobahn-optimized program performed better than the
original. Since Autobahn returns the original program if it cannot find a better ver-
sion, we expect all values to be less than or equal to 1.0. A manual review revealed
these degradations were caused by noise and are exaggerated due to how fast the
programs themselves run. One of these programs, minimax, has a ratio of 4.333,
but manually we found the difference was around 100 milliseconds. Finally, circles
in the graph represent programs where the original version ran so close to zero time
no measurable improvement was possible.

With each fitness function, Autobahn decreased runtime by 8.5%, live size
by 7.2%, and garbage collection time by 18%. lcss saw the most improvement in
all metrics with deltas of 89%, 99.3%, and 98%. Comments in the 1css benchmark
state there are many opportunities for optimization. These results support the
comments.

To explain the performance improvements using the run time metric, we
looked at the heap profiles of twelve NoFib programs that Autobahn improved the
most. We then compared those profiles with the heap profiles of their original
versions. All optimized programs we reviewed had reduced heap usage. Figure 3.2
and Figure 3.3 shows the heap profiles for 1css and fulsom as two examples. The
x-axis represents a specific time when ghc profiled the program. The y-axis details
the amount of memory in 1k byte increments. Each band of color is a cost center,
an expression annotated by ghc automatically to observe the time and space cost
of evaluating that expression.

The Autobahn-optimized lcss benefits from reducing memory allocated at
one cost center. In the original version of lcss, the majority of memory is allo-
cated from one cost center, the call algb.algbl.algb2. In the Autobahn-optimized
version, that cost center is significantly reduced and no longer dominates the heap
profile. Otherwise, the shape of the profile is largely unchanged.

In contrast to 1css, the Autobahn-optimized version of fulsom has a differ-
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ent shape compared to its original. The original version of fulsom demonstrated two
peaks in its profile. In the Autobahn-optimized version, fulsom not only reduced

its overall memory usage, but managed to only peak once.

3.4.3 Strictness

As of version 8.0.1, ghc has two additional language pragmas, -XStrictData and
-XStrict. When compiled with -XStrictData, datatypes become strict by default.
When compiled with -XStrict, functions, datatypes, and bindings become strict
by default.

Do the programs perform just as well if every point of the program is strictly
evaluated? To answer this question, we compiled and ran the same 60 benchmarks
using Strict Haskell [str15]. Specifically, they were compiled with ghc 8.0.1 with -02,
-XBangPatterns, -funbox-strict-fields, -XStrict, and -XStrictData flags.
Figure 3.4 shows the results.

Seventeen programs failed under Strict Haskell. These programs failed for

one of the following reasons:

e The program uses an infinite list. = For example, wheel-sievel and
wheel-sieve?2 specify an infinite list of primes but demand only the first few.

With Strict Haskell, the programs try to evaluate the infinite lists.

e The program depends on a lazy evaluation of error to detect a specific prob-
lem. For example, infer puts error at the end of a list; reaching this value

signals an error. With Strict Haskell, the error is always triggered.

e The program contains a latent dynamic error. For example, reptile crashes
when nil is passed to the tiletrans function, which does not occur when the

program is evaluated lazily, but does occur when using Strict Haskell.

Nine programs performed worse, some significantly so, because Strict Haskell forces
the evaluation of expressions that aren’t needed. Autobahn did better than Strict

Haskell on all of these programs. Of the programs that improved under Strict
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Figure 3.2: Heap profiles for original (top) and Autobahn-optimized 1css (bottom)
program. The optimized program benefits from reduced memory usage at the call to
algb.algbl.algbh2, seen in yellow in the original and red in the Autobahn-optimized.
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Figure 3.3: Heap profiles for original and Autobahn-optimized fulsom program
respectively. The optimized program benefits from reduced memory usage across
all cost centers.
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Figure 3.4: Comparing NoFib benchmarks run under Strict Haskell to those opti-
mized by Autobahn for run time.

Haskell, two did better than Autobahn: exp3_8 and treejoin. In all other cases,
Autobahn did as well as or better than Strict Haskell. One way to improve the
performance of programs whose performance degrades under Strict Haskell is to
add laziness annotations. Adding those annotations requires determining where to
insert those annotations, which is another hard problem [CF14]. Inserting laziness
annotations could also be done with Autobahn. Autobahn explores the space of
programs that have one type of annotation. By replacing the type of annotation to
laziness annotations, Autobahn could find opportunities for laziness in overly strict

programs as well.

3.4.4 Case Study: gcSimulator

To evaluate how well Autobahn performs on real programs, we used Autobahn to
optimize gcSimulator. gcSimulator analyzes ElephantTracks [RGM13] traces of
Java programs to better understand the performance and behavior of novel garbage
collection algorithms. gcSimulator’s input, the ElephantTracks traces, are on the
order of gigabytes. As a result, gcSimulator can take several minutes to finish.
This makes running Autobahn very time consuming. To optimize gcSimulator
in a reasonable amount of time, we used the first 512KB of one of the traces as
input for the program, specifically, a prefix of the trace of the batik program from

the DaCapo benchmark suite [BGHT06]. We evaluated the Autobahn-optimized
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Input Data | Peak Alloc(MB) | Total Runtime | GC Time

training data 0.8 0.898 0.556
0.8 0.905 0.417

L of trace 0.140 0.616 0.094

3 0.137 0.586 0.050

1 of trace 0.318 0.612 0.136

z 0.021 0.812 0.069

full trace 0.072 0.914 0.444
0.005 0.764 0.272

Table 3.1: Peak memory allocation, total run time, and garbage collection time
for hand and Autobahn-optimized version of gcSimulator, normalized to the bare
program Each colored band has two rows: the top row is the hand-optimized version,
the bottom row the Autobahn-optimized version.

program on increasing amounts of the same trace. Of note, Autobahn started with
a bare version of the program, a version of the program with no annotations.

Table 3.1 shows the results of this experiment. When run on the train-
ing data, both the hand-annotated and Autobahn-optimized version use 80% of
the peak memory of the bare version. As the trace size increased, the Autobahn-
optimized version greatly decreases its memory usage. With the full batik trace,
the Autobahn-optimized version uses less than 1% of the memory of the bare ver-
sion. This contrasts with the hand-annotated version which uses 7%. The reduce
peak memory usage resulted in decreased garbage collection times and therefore a
reduced run time. In the end, the Autobahn-optimized program ran at 76.4% of the
bare version.

We also reviewed the changes in the heap profile. Figure 3.5 shows the
heap profiles of the three programs on half of the batik trace. Compared to the
unannotated version, the hand-annotated version does reduce the overall memory
usage. The overall shape of the profiles is mostly the same, dominated by a peak at
the end of the program. In contrast, the Autobahn-optimized program, while also
decreasing memory usage, also changes the allocation behavior. In particular, there
is no sharp rise in allocations at the end of the program. Together, Table 3.1 and
Figure 3.5 show that optimizing on a small training set can provide benefits to the

program even when the program is given larger inputs.

27



gcSimulator 25,352,583,379 bytes x seconds

Thu Jun 9 15:42 2016

@
3
3 [ THUNK
[ stack
1.200M. M sLackHOLE
. conta_LKCPrTJwOTOLk40OU37YmeN:Data.IntMap.Base.Bin
1,000 D main:Graph.Cons
. conta_LKCPrTJwOTOLk40U37YmeN:Data.IntMap.Base.Tip
. conta_LKCPrTJwOTOLk4OU37YmeN:Data.Sequence.Deep
800M.J . main:Graph.Doub
] THUNK 1.1
600M [ ghe-prim:GHC.Tuple.(,)
B THUNK 1.0
400M. . THUNK_SELECTOR
D conta_LKCPrTJwOTOLk40OU37YmeN:Data.Sequence.Node3
. conta_LKCPrTJwOTOLk40OU37YmeN:Data.Sequence.Four
200M . conta_LKCPrTJwOTOLk40OU37YmeN:Data.Sequence.Two
. main:Graph.Sing
oM

0.0 20.040.060.080.0100.020.040.060.080.@00.0 ~ seconds

(a) Bare program

gcSimulator 11,735,311,846 bytes x seconds Thu Jun 9 17:05 2016
»
8
z
[T conta_LKCPTJWOTOLK4OU37YmeN:Data.IntMap.Base.Bin
450M{ I conta_LKCPITJWOTOLK4OU37YmeN:Data.Sequence.Deep
B conta_LKCPTIWOTOLK4OU37YmeN:Data.Sequence.Node3
400M |
[ THUNK_1_1
350M ] I main:Graph.Cons
I conta_LKCPITIWOTOLK4OU37YmeN:Data.IntMap.Base.Tip
300M |
. ghc-prim:GHC.Tuple.(,)
250M | ] THUNK 1.0
[ THUNK_SELECTOR
200M |
B conta_LKCPTJWOTOLK4OU37YmeN:Data.Sequence. Two
150M. . main:Graph.Doub
D conta_LKCPrTJwOTOLk40U37YmeN:Data.Sequence.Single
100My . conta_LKCPrTJwOTOLk4OU37YmeN:Data.Sequence.Four
50M . main:Graph.Sing
B conta_LKCPITIWOTOLK4OU37YmeN:Data.Sequence.One
oM

0.0 20.040.060.080.0100.020.040.060.080.200.0 seconds

(b) Hand-optimized

gcSimulator 4,240,875,844 bytes x seconds

Thu Jun 922:41 2016

. main:Graph.Cons

D main:Graph.Doub

. main:Graph.Sing

0.0 20.040.060.080.0100.020.040.060.080.200.820.0 seconds

(c) Autobahn-optimized

Figure 3.5: Heap profiles of gCsz.Iélula‘tOI‘ on

1
2

[] conta_LKCPITJwOTOLK4OU37YmeN:Data.IntMap.Base.Bin

I conta_LKCPTIWOTOLK4OU37YmeN:Data.IntMap.Base.Tip

B conta_LKCPITUwOTOLK4OU37YmeN:Data.IntSet Base.Bin

B conta_LKCPITUWOTOLK4OU37YmeN:Data.IntSet Base. Tip

of the batik trace.



Input Data | Peak Alloc (MB) | Total Runtime | GC Time
A UOMB) | o i o561 051
B (S0MB) | 5% 7505
C (IMB) | gy 0751 oo
D (65MB) |5 o757 3691

Table 3.2: Peak memory allocation, total runtime, and GC time for Autobahn-
optimized version of two Aeson driver programs, normalized to the bare program.
For each band, the first row shows the results for validate and the second for
convert.

3.4.5 Case Study: Aeson

Aeson [Bry16] is a Haskell library for parsing a JSON file containing a list of records.
To test whether we could infer different annotations for different uses of this data
structure, we constructed two driver programs that use the Aeson library: convert
which fully converts a JSON file into a data structure, and validate which detects
if a file is a valid JSON file. convert benefits greatly from a strict use of the
library since convert needs to store the data in the JSON file into a data structure.
Conversely, validate benefits from a lazy use of the library since validate does
not need to parse the data contained in the JSON file. To limit the search space,
We picked only a necessary subset of the Aeson library.

Autobahn optimized each driver for run time. To allow for improvement,
the driver programs use the “wrong” version of the Aeson parser. In other words,
validate used a strict version of the parser from Aeson and convert used a lazy
version of the parser. During optimization, Autobahn must try correct the strictness
annotations.

For inputs, we used JSON files published by the City of Chicago [jsol2].
For training, we used objects. json, a 12MB file. For testing, we used 4 different
traces of increasing size, which we call A,B,C, and D. We compiled the driver/library

pairs using the same settings as NoFib except we added -rtsopts to gather run
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time information and removed -funbox-strict-fields because Aeson does not
use strict datatypes.

Table 3.2 shows that Autobahn optimized the two programs differently in
spite of using the same fitness function and the same data. The validate driver
saw run time improvements across all 4 files compared to its bare version, peak-
ing at 63.8% improvement on file C. The convert driver not only saw improve-
ments on its run time, but also in its peak memory usage. When run with file A,
the Autobahn-optimized convert driver dropped its peak memory usage to 45.7%.
Overall, Autobahn lowered convert’s peak memory usage to 71.7% of the bare ver-
sion, suggesting Autobahn focused on reducing space usage to reduce the run time.
In contrast, Autobahn only lowered the peak memory usage of validate to 99.98%
of the bare version, suggesting Autobahn found other ways to try and reduce the

run time.

3.4.6 Ten-fold Cross-validation

Since Autobahn runs a genetic algorithm with a randomized starting generation, we
wanted to ensure Autobahn could provide reliable results when trained on different
but representative inputs. To that end, we performed a version of ten-fold cross-
validation on gcSimulator and the convert driver for Aeson. For each of our case
studies, we chose ten input files. For each input file, we optimized the program on
that input file as training data to create ten different programs. We optimized the
programs for run time. Then we ran each version on all ten inputs and measured
the run time and live size of these programs. We compared this data to the bare
version of these programs.

For gcSimulator, we chose ten traces from different DaCapo benchmark
programs. Due to the size of the traces resulting in long running times, we trained
gcSimulator on the first 35 million lines from each trace. We tested the optimized
programs on the full traces.

For Aeson, we chose ten different JSON data files from data made available

by the City of Chicago. The sizes ranged from 32 to 68MB. We trained and tested
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Figure 3.6: Ten-fold evaluation for gcSimulator, showing runtime and live size per-
formance improvements of Autobahn-optimized versions of gcSimulator compared
to the bare program. We highlight points where the Autobahn-optimized program
ran on its training trace. We also show how the hand-annotated program performed.

the optimized programs on the full JSON files.

Figure 3.6 and 3.7 show the results of this experiment. On the x-axis, each
label corresponds to the program trained on that file and the metric we measured.
Each point on the graph is one of the ten runs, each on a different test input. For
gcSimulator, the performance of the hand-optimized version on that training data
is labeled with a triangle.

Figure 3.6 shows us the Autobahn-optimized version ran around roughly 60%
of the bare program’s run time. In fact, the run time geometric mean is 58.6% for
Autobahn-optimized programs compared to 64.8% for the hand-optimized version.
We believe the live size reduction contributed to the run time. Autobahn-optimized
versions reduced the live size to to 9.6% of the bare program’s live size. This is a
large savings compared to the hand-optimized versions’ reduction to 22.8% over the

ten programs.

31



Normalized Runtime of Aeson to Bare

1 T T T T T T T T T T T T T T T T T T 1
L T i
: o : : : : : : :
o 081 B B 2 B -H B B B Bs BB B o
Q : : : : : Coom ; : ‘ : % : E LB =
S % ; % % E % E . ; - o a
e § .8 _B _ g B & _ § 5§ B 4§ °
3 . : : ‘ : ‘ : ‘ ‘ : ‘ ; : : ‘ : ‘ : : . 8
5 n o s o s s o s i) P
Q : Q
: :
8 : : : : : : : : : : : : : : : : : s o
D | s e S e e e S e s I 1 B
g H H H H H H H H H H H H H H H H H H g
..E [0
D:,.j =
-
0.2 4 0.2
0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0
(0] (IN.) [0} S (0] ﬂ‘.) [0 3 (0] ﬂ‘) [0} S (0] ﬂ‘.) [0 3 [0] ﬂ‘) (0] S
ESERERENESENESNESESNE N
c 1 c 1 c 9 c 1 c q c 1 c 9 c 1 c q c 1
s £ 3828 3% 322 32 32 32 382 32 3 28
T &5 U & T L O 5 £ &£ T &H =L £ £ od 5 o omw &
2 T 2 g 372 e g aras e
x @ T ¥ N N T ¥ X X ¢ & 5 ¥ g 2 N §F & 2
roxX 2 45 b 8 8 g N KT OS5 P TeS - =
T 5 2 82 % 2 5 % % 2% = YA & gL e gl
S 23 ¥ 53 85 2 v 3 %x 2 ¢ § o E g 5 K 8§ o
= = [ N a > é ~ "\“ (]N.) s o = 8
Different Trace - Runtime O Same Trace - Runtime =
Different Trace - Live size O Same Trace - Live size =

Figure 3.7: Ten-fold evaluation for convert, showing runtime and live size perfor-
mance improvements of Autobahn-optimized versions of convert compared to the
bare program. We highlight points where the Autobahn—optimized program ran on
its training trace.

Autobahn reduced the convert driver’s run time to a geometric mean re-
duction of 65.2% of the bare program’s run time. In addition, it reduced the live
size to 78.6% of the bare program’s live size. Recall convert must parse and store
the JSON data records fully. We believe this is the reason the reduction in live size

benefited run time performance.

3.4.7 Autobahn Performance

Autobahn runs for a set number of rounds before terminating and has to run the
program to obtain fitness scores. For a user, it is important to know how long
they will have to wait to get an improved program. We report the total runtime of
Autobahn for the NoFib benchmark experiments and our two case studies here.
Figure 3.8 shows the runtime of Autobahn on the 60 programs from the NoFib

benchmark. Overall, Autobahn on average ran for 14 minutes and 12 minutes to
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Figure 3.8: Graph demonstrating the run time of Autobahn itself when optimizing
NoFib benchmarks for runtime and garbage collection time.

optimize for run time and garbage collection time respectively. Variations from the
mean come from running the different versions of the program to obtain a fitness
score. On a few benchmarks, Autobahn runs for almost no time. The benchmarks
themselves reported running in 0 CPU seconds or spending 0 seconds in garbage
collection. In those cases, Autobahn cannot optimize further and thus returns the
original program without running the genetic algorithm.

As for our case studies, optimizing gcSimulator took 5 hours and 34 minutes
and optimizing Aeson took 2 hours and 12 minutes. These run times were dominated
by the run times of the programs, not Autobahn itself. In particular, gcSimulator
has to process a reasonably large trace and simulate a program, complete with
garbage collection cycles, in a garbage collected language.

Some of the run time for Autobahn comes from parsing, modifying, pretty
printing, and recompiling the program. We can reduce the run time by using the

ghc compiler API to parse and modify the program.

3.5 Related Work

3.5.1 Static Analysis

Using a static analysis to find opportunities for strictness is a well researched prob-

lem. Compilers use some form of strictness analysis. Strictness analysis finds expres-
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sions that will be evaluated at least once and can safely be strictly evaluated [Myc82].
Some work relaxes the constraint, finding any expression so long as it is cheap to
evaluate [Fax00]. Other work extends the analyses into the type system to find more
opportunities [TWM95, SM10, VH15|. However, static analyses must be approxi-
mate. Furthermore, compiler analyses must consider all possible inputs. Autobahn
is a dynamic analysis and not part of the compiler. Therefore, Autobahn does not
have to be approximate or guarantee termination on all inputs. However, the pro-
grammer must reason about the soundness of the resulting program, which may not

be easy.

3.5.2 Dynamic Information

Many have augmented compilers with dynamic information to improve optimiza-
tions. In this section, we will focus on works that use this information to find
opportunities for strictness.

Ennals et. al. created an evaluation strategy that finds expressions that are
cheap to always evaluate and force them with strictness [EP03]. The strategy chooses
expressions to evaluate guided by an online profiler. If the program performance
degrades as a result, the run time system would abort some of its findings on the
fly.

Trilla et. al. added par calls at compile time with respect to their profiler’s
output [TR15]. Their profiler runs the program to determine which par calls are
detrimental to performance and disable them. Harris et. al similarly profiled pro-
grams and identified thunks that can be expanded safely and correctly in another
core [HS07]. They then rewrite the program to add those parallel tasks. Both tech-
niques incur the overhead of profiling the program at run time to avoid detrimental
behavior.

Finally, Sun et. al. reduced the annotations reported by Autobahn with
ghcprofiler information [SF18]. The profiler output is used to locate hot spots.
They use the hot spots to enhance the search space for Autobahn and reduce the

number of annotations produced by Autobahn.
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3.5.3 Other Approaches

Strict Haskell was introduced in ghc 8.0.1 as two pragmas, -XStrict and
-XStrictData. These pragmas force Haskell to change its evaluation strategy from
lazy to strict. As we saw in our experiments, the programmer does still have to
reason about the effect a fully strict evaluation scheme has on their program or risk
non-termination. The programmer can alleviate these by adding laziness annota-
tions, an approach taken by Chang et. al. [CF14].

Chang et. al. identified locations to add laziness to a strict program [CF14].
They added laziness annotations (or delays) guided by the results of their dynamic
analysis. An alternative to Autobahn’s genetic algorithm is adapting their approach
to add strictness annotations. The alternate approach would still suffer from Auto-
bahn’s soundness problem. Another approach would be to use this dynamic analysis
to add laziness back into Strict Haskell programs.

StrictCheck allows programmers to specify the strictness of their Haskell
functions and test those specifications on randomized input [FZL18]. StrictCheck
returns counterexamples when the specification is incorrect, complete with explana-
tion of the expected versus actual demand. StrictCheck does require the programmer
to understand the semantics of demand to properly write the specification. In ex-
change, the counterexamples guide the user to a correct specification. In contrast,
Autobahn requires no such understanding to optimize a program, only to decide
whether the programmer should use the optimized program. If a programmer could
translate the strictness inferred by Autobahn into StrictCheck specifications, they
would have a tool to understand the classes of input that could trigger unsound

behavior.

3.6 Conclusion

In this chapter, we showed strictness annotations can lead to more performant
Haskell programs, but are difficult to place. As a solution, We presented a ge-

netic algorithm to find strictness annotations for Haskell programs. We presented
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the results of the more recent version of this search, Autobahn. Autobahn improves
the performance of both small programs like NoFib and large programs like gcSim-
ulator. Autobahn also infers different annotations on a library depending on the

fitness function.
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Chapter 4

Prioritized (GGarbage Collection

4.1 Introduction

Software caching and garbage collection (GC) do not play well together. The prob-
lem is that they embody conflicting goals and tradeoffs. Caching aims to achieve the
highest hit rate given a particular storage budget: the larger the cache, the higher
the hit rate. Unfortunately, most widely-used garbage collection algorithms have a
cost proportional to live memory [HB05]. In this setting, the benefits of a larger
cache are less clear because improvements in hit rate are offset, to some degree, by
additional GC costs. The penalty can become particularly high if the cache starts
competing with the rest of the program for resources, increasing memory pressure
and GC overhead.

Figure 4.1 shows how the performance of a cache changes as we vary the
number of entries while keeping the overall heap size fixed. This benchmark uses
Google’s Guava caching library configured with a least-recently-used (LRU) eviction
policy. We measured the time it takes (Y-axis) to serve a predefined sequence of
requests under each cache configuration (X-axis). Time for the application is split
into two categories, garbage collection time and mutator time. Mutator time is
the time the application spends working and is defined by the difference between
the total runtime and garbage collection time. Looking from left to right, the two

opposing trends are clearly visible. Larger caches have higher hit rates, incurring
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Figure 4.1: Competing tradeoffs: as cache size increases, miss time goes down, but
GC time goes up.

fewer misses and lowering mutator time. At the same time, though, larger caches
increase GC time. At the far right, the cache occupies almost all of available memory,
increasing not only the per-GC cost, but also the frequency of collection, causing
GC time to dominate total time. At the limit, the program runs out of memory and
crashes. Unbounded growth of caches (and related structures, such as indexes) is a
primary cause of memory leaks and performance problems in Java [MS03, XBQR11].

The scenario above is a simple and controlled experiment — real applications
have much more complex behavior, including multiple caches, possibly with different
eviction policies, different memory footprints, and different patterns of locality, as
well as significant non-cache data structures. Getting the most out the available
memory resources without triggering memory pressure poses a significant challenge.

Existing runtime systems provide some mechanisms to support memory-
sensitive data structures, but they are sorely lacking in ways to configure and control

the policies that govern these mechanisms. As an example, the Java runtime pro-
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vides soft references, which the garbage collector can clear at its discretion to avoid
running out of memory. A common programming strategy is to store each cache
entry in a soft reference, allowing the collector to reclaim individual entries if nec-
essary. The application, however, has little or no control over when this process is
triggered, or over which soft references are cleared and in what order. Some Java
Virtual Machines (JVMs), such as HotSpot, use LRU-like policies that are clearly
designed for caches, but are too coarse for complex applications where a single global
policy is not appropriate. In Section 4.2 we describe this problem in more detail,
and in Section 4.4 we show its effect on hit rate.

Not surprisingly, soft references are widely shunned. In fact, the official
documentation for the Android runtime library explicitly warns against using them
for caches [Incl6]: “In practice, soft references are inefficient for caching. The
runtime doesn’t have enough information on which references to clear and which
to keep. Most fatally, it doesn’t know what to do when given the choice between
clearing a soft reference and growing the heap. The lack of information on the
value to your application of each reference limits the usefulness of soft references.
References that are cleared too early cause unnecessary work; those that are cleared
too late waste memory.” In Section 4.2 we present detailed empirical measurements

showing that these are real problems.

This chapter presents prioritized garbage collection, an automatic memory man-
agement system designed to address the deficiencies outlined above by providing
explicit support for software caches and other space-sensitive data structures. The
key idea is to enable better cooperation between the application and the garbage
collector. In our system, the collector provides the mechanisms for measuring and
enforcing memory usage, while the application dictates the policies that drive these
mechanisms. The application and the collector cooperate through a simple API that
is designed around a new kind of reference object we call a PrioReference (short for
“priority reference”). It resembles a soft reference, except that the application can

specify both the global policy (when to trigger eviction and how much memory to
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reclaim) and the local policy (which priority references to clear and in what order).

The chapter makes the following contributions:

1. We quantify the performance problems of existing cache implementations by
driving them with a range of workloads across a range of sizes. Not surpris-
ingly, choosing a fixed cache size, particularly in terms of number of entries, is
brittle. We also demonstrate the limitations of soft references as a mechanism

for implementing these data structures.

2. We present a new reference type called PrioReference that allows appli-
cation code to communicate the relative value of not reclaiming its referent
object (and transitively, reachable objects). PrioReferences are grouped into
PrioSpaces, which specify the details of the total memory limit and eviction
policy for each group. A common configuration is one PrioSpace for each

cache, but the mapping is up to the application to decide.

3. We describe the design and implementation of a garbage collector that enforces
these policies. The key mechanism is a modified closure phase that visits
PrioReferences in order from highest to lowest priority, stopping when the
target space bound is reached. Unmarked references are implicitly evicted,

and are reclaimed immediately by the sweeper without touching them.

4. We present a space-sensitive cache, which we call a Sache, built on our new
API. The Sache supports LRU and GreedyDual [CI97] eviction policies by
changing the way it computes the reference priorities. Our system allows the
user to set the target memory footprint in terms of available memory, so the

Sache expands and contracts automatically to avoid memory pressure.

5. We report performance results obtained by driving a key-value store with a
range of workloads. We use representative workloads to systematically explore
the performance space and quantify the problems. We compare our cache to

Google’s Guava caching library on web traffic traces.
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The remainder of this chapter is organized as follows. Section 4.2 describes the
problem in more detail and explores the space of interactions between caches and
garbage collection. Section 4.3 describes the design and implementation of our
garbage collector mechanisms and the Sache data structure. Section 4.4 presents
Sache performance results and compares them to traditional caches. Finally, Sec-

tions 4.5 and 4.6 review related work and conclude.

4.2 Problem

It is not easy to implement software caching in a garbage-collected language. One
reason is that cache performance is governed by a space-time tradeoff that is in direct
opposition to the tradeoff in garbage collection. Another reason is that garbage
collected languages provide poor support for implementing any algorithm or data
structure that is inherently space sensitive. In this section, we discuss these issues
in detail, and present measurements that illustrate the problem.

The results below are obtained using JikesRVM version 3.1.2 [Jik05]. While
our benchmarks can run on any JVM, we use JikesRVM for these experiments both
because it can report many detailed measurements, and because it allows direct
comparison with our new algorithm, which we implemented in JikesRVM. Section 4.4

contains a detailed description of the experimental setup and methodology.

4.2.1 Existing cache implementations

Google’s Guava library is a widely-used infrastructure for implementing software
caches. It implements a simple get/put interface for keys and values, and offers
a variety of eviction policies to manage the capacity of the cache. Even with this
library, however, there are several significant challenges to obtaining good cache

performance:

Choosing a cache size is difficult. The most straightforward eviction trigger is
capacity-based: the programmer chooses the maximum number of entries (key-value

pairs) that the cache will hold. When the cache grows beyond this limit, it evicts

41



Cache<Key, Graph> graphs = CacheBuilder.newBuilder ()
.maximumWeight (100000)
.weigher (new Weigher<Key, Graph>() {
public int weigh(Key k, Graph g) {
return g.vertices().size();
}
} ) .build(
new CacheLoader<Key, Graph>() {
public Graph load(Key key) {
return createExpensiveGraph (key);

} 1

Figure 4.2: Guava cache that stores graphs and uses a weighing function to represent
their size.

entries in least-recently-used order.

The challenge of this policy is how to choose a good size: too small and the
cache will underperform; too large and the program will slow significantly or crash
due to memory pressure. In many cases, the cached values vary widely in size, so
the same set of entries could account for wildly varying quantities of data.

One potential solution is to measure representative workloads during testing
and configure the cache accordingly (e.g., by assuming an average size key and value).
Unfortunately, this approach is brittle: unless the workload is extremely uniform
and predictable, the number of entries is not a reliable predictor of the memory
footprint of the cache. If actual workloads in deployment differ substantially, then

performance will suffer.

There is no easy way to measure memory footprint. To handle these cases,
Guava can manage cache capacity in terms of an application-specific “weight”. The
programmer implements a weigh() method that can compute a weight value for
any entry. The weight method could, for example, count the number elements in
a container. Entries are evicted in LRU order to keep the total weight under the
limit. Example code is shown in Figure 4.2.

Implementing an accurate weighing method, however, is not always easy.
Ideally, we would like to know the exact size (in bytes) of each cached value. In
the case of simple structures, such as strings, an accurate size is easy to compute.
Measuring the size of complex data structures is more difficult. One problem is

encapsulation: it might not be possible to access the hidden implementation of a
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class. Another problem is structure sharing: when measured independently, the
shared substructures could be counted multiple times, distorting the total weight.
One alternative is to explicitly measure the size of a data structure at runtime
using reflection. This is the approach taken by JAMM, which is based on the JVM
Tool Interface [Bel]. While accurate, its cost is so high that it is not practical for
use in production settings. For example, measuring a data structure with 1 million
objects can take 5 seconds of wall clock time, and causes the benchmark to run over

100x slower than the approach we propose here.

Eviction doesn’t work. The purpose of eviction is to control cache memory use
by freeing low-value entries. In a garbage collected language, however, eviction does
not achieve this goal. The cache can remove entries and null out all references to
them, but the memory is not actually reclaimed until a garbage collection occurs.
Guava attempts to address this problem by performing eviction lazily, but we have
observed cases where eviction actually makes memory pressure worse. If the cache
misses on a recently-evicted entry, then it will create a new one, resulting in two
copies in memory at the same time. A secondary effect, which we show at the end
of this section, is an increase in the allocation rate. One of our observations is
that it only makes sense to do eviction at collection time, when memory is actually

reclaimed.

Soft references don’t do the right thing. Recognizing that caches can be a
source of memory pressure, Guava also offers the option of storing entries in soft
references. The Guava documentation claims that soft references are reclaimed in
LRU order when memory is tight. While this policy is not required by the Java stan-
dard, we found that Oracle’s HotSpot JVM does implement such a strategy [Oral5].
It has two serious limitations, however: first, the policy is hard-wired to LRU, and
second, the LRU ordering is global for all soft references. Large Java programs, such
as web applications, can have multiple caches, and the global LRU order is particu-
larly problematic if these caches are accessed with different frequencies. Entries in

a less-frequently used cache all wind up at the end of the LRU queue, resulting in
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the entire cache being dumped. Figure 4.11(a) illustrated this effect: the bigger the

differences between the caches, the worse the impact of the soft reference policy.

4.2.2 Exploring cache-GC interaction

To study these problems in detail, we implemented a simple key-value store in Java
that we can drive with a range of workloads and under a range of conditions. Our
goal is to isolate cache performance and its interaction with the garbage collector.
In the context of a larger application, these effects might be hard to separate from

unrelated program behavior.

Trace files. The input to the driver is a trace file that specifies the workload as a
sequence of key-value requests. The keys are just names, but the values represent
data structures of varying sizes. The goal is to model caching of data that has
a non-trivial structure (as opposed to strings, for example). Real-world examples
might include a parsed XML document in tree form, or memoized computations in
an optimizing compiler. The trace file itself just specifies the size of each tree in
number of nodes. Figure 4.3 shows an example fragment of a trace file.

We generate each trace file according to a set of parameters: (1) number of
unique keys, (2) minimum and maximum sizes of the values, (3) the distribution
of value sizes, (4) the number of key requests (trace length), and (5) the temporal
distribution of keys in the trace.

The set of unique key/value pairs is generated by choosing value sizes at
random from a Pareto distribution. Many kinds of workloads, including web re-
quests and file accesses, have been found to follow this kind of power law distribu-
tion [AXF*12, CBC95, New05]. The sequence of key requests is also drawn from a
Pareto distribution, which governs the temporal locality of the trace. Here, higher
alpha values create more locality, and lower values spread out the distribution more
evenly. We use an alpha value of 0.1, which is on the low end and requires caches
to be larger to achieve a high hit rate. The traces range in length from 10,000 to

50,000 key requests, with 2000 to 5000 unique keys.
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key_8 179074

key_12 180434
key_1 150999
key_188 126021
key_2 154588
key_28 119220

Figure 4.3: Example trace file. The number associated with each key determines
the size of the data structure that is stored as the value.

Execution. Our driver initializes the cache, reads the trace and sends the cache
a sequence of get and put operations. Its behavior is configured using several pa-
rameters: (1) size of the cache (number of entries for Guava), (2) the max heap
size, and (3) the cost of a miss. The miss cost models the time to fetch data from
a remote source or recompute it, which is proportional to the size of the resulting
data assuming the miss cost for a given key-value pair is not probabilistic. In these
experiments the miss cost only represents the time it would take to transmit the
data over an uncongested 10MB/s network connection. Higher miss costs (for ex-
ample, modeling a more expensive computation or a database query) would only

exaggerate the shape of our graphs. The trace is processed as follows:

1. For each key in the trace, call Cache.get (K).

2. If it misses, the driver uses the value number in the trace file to construct a
tree of the given size. It delays execution for a time proportional to the size
of the tree and the miss cost. It then stores the key and value (tree) in the

cache using Cache.put (K,V).

3. If it hits, the cache returns the associated tree data structure. The driver

performs a modest computation on the tree that visits all the nodes.

Measurements. We record several measurements for each complete run of a trace

file:

e Total time, mutator time, and GC time (with GC time broken down into

sub-categories).

45



e Hit and miss rate, as well as time spent servicing misses
e Number of garbage collections

o Total memory allocation

4.2.3 Guava performance

The three graphs in Figure 4.4 are typical of the performance we see for a traditional
cache implementation. For these experiments, we vary the capacity of the cache from
100 to 1000 entries (the X axis) and measure the time to process the entire trace (Y
axis). The heap size is fixed at 115MB. We show mutator (application) time, GC
time, and total time. The three graphs differ in the sizes (in bytes) of the cached
values, which affects both the memory footprint of the cache and the cost of a cache

miss:

e Figure 4.4(a) shows the performance on a trace with small-sized trees (10K
to 50K bytes). In this case, the total time continues to drop all the way out
to 1000 entries, suggesting that the cache could probably accommodate more

before incurring a memory cost.

e Figure 4.4(b) shows the same graph for medium-sized trees (50K to 100K
bytes). It exhibits the typical “bowl” shape for the total time, which is ex-
plained by the opposing curves of the miss cost (going down) and GC time
(going up). Miss costs are accounted for in the mutator time. GC costs at the
right edge go up steeply because the cache is approaching the maximum heap

size and causing memory pressure.

e Figure 4.4(c) shows the results for larger trees (100K to 200K bytes). Under
this workload, only a narrow range of cache sizes is usable. Too few and the

miss costs are huge; too large and the cache runs out of memory.

Looking at other metrics provides further insight into this behavior. At the left of the

graph (when the number of entries is small) several factors are hurting performance.
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Figure 4.4: Guava performance under three workloads: choosing a good number of
entries is difficult.
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First, the number of misses is higher, incurring the cost of “fetching” (rebuilding)
the value. Second, evictions are more frequent, filling up memory with garbage.
Third, rebuilding the values increases total allocation costs. Figure 4.5 plots the
total amount of allocation for a run of the trace with medium-sized trees under
different cache sizes. The smaller cache sizes cause a significantly higher allocation

rate.
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Figure 4.5: Memory allocated under the workload of medium-sized values: Under-
sizing a cache (left side) incurs the cost of more misses as well as the cost of increased
allocation.

These results suggest that bounding a cache unnecessarily when more mem-
ory is available can lead to performance degradations that are nearly as great as
having a cache that is too large. In fact, we conclude that it does not make sense

to evict entries at all if there is sufficient memory to hold them.
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4.3 Prioritized Garbage Collection

In this section, we introduce new runtime support for software caches and other
space-sensitive data structures. The primary goal is to provide an effective mecha-
nism for implementing eviction policies that take into account both memory utiliza-
tion (which only the garbage collector knows) and the relative value of cache entries

(which only the application knows).

4.3.1 API

Prioritized garbage collection is a cooperative technique, so the central feature of
our system is an API that allows application code to communicate directly with the
garbage collector. Our API is modeled after Java reference objects, which already
play a similar role. Each reference object points to a single target referent, and
the particular type of reference object chosen tells the collector how to treat the
referent — typically, it specifies when the referent can be reclaimed even if it is still
reachable. Since the application is not aware of when collection occurs, it discovers
that a reference has been cleared only when it attempts to get the referent and the

result is null.

4.3.1.1 PrioReference

Following this model, a priority reference is a new reference type that may be
cleared by the collector in order to bound memory use, but only after all other
references of lower priority have already been cleared. The PrioReference class
definition is shown in Figure 4.6. Each PrioReference has a priority value, which
is simply an integer — higher values represent higher priorities. The application
is free to choose and change this value in any way, allowing the programmer to
implement a custom eviction policy for a collection of PrioReferences. In our cache
implementation (below), for example, each cached value is held in a PrioReference,
and we implement LRU eviction by ensuring that the most recently hit entry has

the highest priority.
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class PrioReference<T> extends
java.lang.ref.Reference<T>

{
// -- Constructor: the new reference belongs
// to the given space
PrioReference (T obj, PrioSpace<? super T> space);
// -- Get the referent
public T get();
// -- Get and set the priority
public void setPriority(int new_prio);
public int getPriority();
// -- Inquire about the memory footprint
public boolean hasGCSize ();
public int getGCSize();

}

Figure 4.6: A priority reference holds a single referent with a given priority. The
application can also inquire about the total amount of memory reachable through
this reference.

The getGCSize () method allows the application to find out the total mem-
ory footprint of all objects reachable only through this reference. Ordinarily, this
information is difficult or inefficient to compute, but our collector computes it as
part of its normal marking phase, incurring little overhead. It needs to know this
information in order to determine whether the size bound has been exceeded, so we
opt to make it available to the application as well. The only caveat is that it is only
computed at GC time, and so it is not guaranteed to be fresh or even computed at
all. The hasGCSize () method asks whether or not the collector has computed the
size. Once getGCSize () is called, the flag is reset until the next collection.

In Section 4.3.3, we describe the details of how size information is computed

and used in the collection algorithm.

4.3.1.2 PrioSpace

In order to support multiple independent caches, priority references are grouped into
priority spaces, each with its own memory bound. The PrioSpace class definition is
shown in Figure 4.7. PrioSpaces are not spaces in the memory management sense,
but rather a collection of references that are considered together. The collector

considers each priority space separately, evicting the lowest priority references until
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the total memory footprint reachable from the remaining references is smaller than
the target bound. At the lowest level, this bound is expressed in bytes, but our
API also allows it to be specified as a fraction of total memory or as a fraction of
available memory, which can change dynamically as the program runs.

In a typical configuration, each cache would be managed in its own PrioSpace,
but this one-to-one mapping is not required. For example, we can emulate Soft Refer-
ences by placing all PrioReferences in one PrioSpace and associating the priority

of a reference with the time the program last uses a reference.

4.3.2 Measuring Memory Footprint

The job of our collector is to bound the total memory footprint of each priority
space by keeping as many high-priority entries as will fit in the available space, and
freeing the rest. In order to do this job the collector must be able to accurately
measure the memory footprint of each entry, as well as its contribution to the total
memory footprint of the priority space. There are several factors that complicate this
computation. First, entries may consist of complex, pointer-based data structures,
so it is not sufficient to measure only the size of the object directly pointed to by the
priority reference. Second, we need to properly handle shared structures to avoid

counting them multiple times. Third, we need to account for fragmentation to make

class PrioSpace<T>

{
// -- Create a priority space with a specific
// target size in bytes
PrioSpace (int bound);
// -- Create an adaptive size priority space
// expressed in terms of percentage of the heap,
// either as fraction used or a fraction free.
PrioSpace(float fraction, boolean used_or_free);
// -- Get the actual memory footprint of the whole
// space after GC
public boolean hasGCSize () ;
public int getGCSize();

}

Figure 4.7: A priority space holds a set of priority references and governs their
lifetime collectively under single policy.
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sure that the sum of the sizes properly reflects the actual fraction of total memory

used.

4.3.2.1 Fragmentation

Many kinds of memory allocators can suffer from fragmentation, in which small
chunks of memory become unusable, taking away from the total available. Frag-
mentation is a concern for our algorithm because it could cause us to underestimate
the total memory cost of a set of objects. Traditionally, fragmentation is divided
into two categories: internal and external [WIJNB95]. Our algorithm can easily
account for internal fragmentation, but external fragmentation is more complex,
as discussed below. In general, though, fragmentation has not been found to be a
major problem for dynamic memory management [JW98].

Internal fragmentation is created when the allocator reserves more memory
than is requested for an object in order to comply with alignment, padding, or size
restrictions. For example, our current implementation uses a free list allocator with
fixed size classes, so all small objects must be allocated into one of the 51 possible
size denominations. Objects that do no fit perfectly are allocated in the next size
up, leaving some number of bytes unused. Luckily, internal fragmentation is easy
to account for: whenever the algorithm needs the size of an object, denoted size(o)
in this section, we use the allocated size, which includes unused padding, if any.

External fragmentation is created when sequences of allocations and deal-
locations leave unused memory in between objects. Unlike internal fragmentation,
our algorithm cannot directly account for external fragmentation because it cannot
determine if a given unused fragment should be charged to any particular priority
space (or none at all). As a result, our algorithm views all free space as available for
non-cache objects, potentially reducing the usable free space by the amount of the
fragmentation. In practice, the free list allocator in MMTk has been observed to
have low fragmentation [BCMO04], but if it became a problem we could change the
underlying allocator or collection algorithm, both of which are largely orthogonal

to our technique. There is no reason we could not use a compacting collector, for
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example.

4.3.2.2 Reachability

If we consider only the memory used by the objects immediately pointed to by
each priority reference, computing size is easy and requires little additional collector
machinery. However, many data structures have complex internal structure. Even
strings typically consist of two objects: a string object and a character array. From
a memory use standpoint, it makes sense for the size of a string to include the size
of its character array.

We therefore define the total memory footprint of a priority space as the
sum (in bytes) of the sizes of all objects transitively reachable only from the priority
references in that space. We purposely exclude any objects that are also reachable
from roots because clearing the associated priority references will not cause them
to become garbage. In other words, we exclude the parts of the memory footprint

that the priority space cannot control.

4.3.2.3 Structure Sharing

The size computation has algebraic properties that are crucial to ensuring we meet
the target memory bound. If the size computed for a particular referent o is size(o0),
the total size of a set of objects S should be given by the following formula:

S|

size(S) = Z size(0;)

i=0
While the formula seems obvious, consider the case where two priority references
share some internal structure. We need to be careful that common objects are only
counted once. Otherwise, the sum of the sizes could overestimate the total memory
footprint. Our algorithm guarantees this property by visiting each object only one
time (see algorithm below for details), but this choice affects the measured sizes of
the individual entries. For example, if two structures with roots ol and 02 share

a common object p, only one of their sizes will account for p — the one that is
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traced first. In this case, oo will not consider any objects reachable from p. Let
o\p represent the objects only reachable from o. Then the sizes of 01 and oy are as

follows:

size(o1) = size(o1\p) + size(p)

size(0g) = size(02\p)

The sum, however, still accurately reflects how much memory is actually in

use by all of the priority references together:

size(o1) + size(oz) = size(o1\p) + size(p) + size(o2\p)

The property above is crucial to our enforcement mechanism because it means we
can trace a sequence of cache entries in any order, and the running sum of their
sizes at any point represents how much memory would be occupied if all remaining
entries were evicted.

To see why tracing the sequence in order is important, consider an extreme
example in which three small entries, 01, 02, and o3, each of size K bytes alone,
share a large common structure of size L bytes. Visiting the references in order will
cause 01 to have size L + K, and 02 and o3 to have size K. If the space bound is
less than L it might be tempting to evict only 07. This choice will not achieve the
expected space savings because oo and o3 hold references to the shared state so only
K bytes will be recovered. If we inspect them in order, though, we can see that the
bound is reached during tracing of o1, and all three entries need to be evicted in
order to get below target size L.

A similar issue exists for structures shared between priority spaces, although
we consider this case to be more unusual. At each collection, the PrioSpace learns
the total memory footprint of its PrioReferences. Consider the case where two
PrioSpaces hold PrioReferences to the same data o with memory footprint of K.

bytes At first, we may consider that the total memory footprint of both PrioSpaces
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includes those K bytes. However, we use the marking bit to measure o, implying
we can only measure o once per collection. While each collection processes all
PrioSpaces, only the first PrioSpace to measure those K bytes and add it to their
total memory footprint. Any other space will regard o as a structure in use elsewhere

in the program and pass over it.

4.3.3 Collection Algorithm

The Prioritized Garbage Collector is built on a standard full-heap mark/sweep col-
lector. The algorithms are amenable, however, to any tracing collector, including
copying collectors and generational collectors. The reason that we focus on pure
mark /sweep is that caches are highly non-generational data structures: none of the
entries are short-lived, and under LRU, entries must sit in the cache for some time
before they become the least-recently used and are evicted. In addition, this col-
lector performs full-heap collections more frequently, so eviction policies built on it
run more frequently.

Our collection algorithm is based on two key ideas:

e We reorder heap tracing so that we can visit specific regions of the heap graph
based on their reachability — specifically, the regions reachable from priority
references. No significant additional work is required, so this overhead is very
low. This technique has been used by other systems to check heap properties

using the garbage collector [AG09].

e We introduce bounded marking, in which the garbage collector traces a region
until a condition is met (for example, the memory bound is reached); then
it simply stops marking and nulls out potential dangling pointers. Unmarked

objects are reclaimed immediately by the sweeper without being touched again.

The key to our algorithm is that it does not explicitly free low priority references to
satisfy the memory bound; rather, it protects high priority references (by marking

them) until the memory footprint grows to the bound. Once the bound is reached,
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the algorithm ceases to mark any other objects in the priority space. With a small

amount of fixup to avoid dangling pointers, the remaining low priority references

will be reclaimed immediately by the sweeper. This approach guarantees that the

memory bound will be respected (see reasoning below). A secondary benefit is that

the collector does not need to touch the evicted objects, which might improve CPU

cache performance, although we do not measure this effect here.

To ensure that the collector counts only objects reachable solely from the

priority space, we reorder the phases of the collector as follows:

Phase (1):

Phase (2):

Phase (3):

Phase (4):

Phase (5):

Phase (6):

Compute exact target sizes (in bytes) for priority spaces that are specified
in fractional terms. For example, if a priority space specifies its bound
as 20% of the total heap, the collector uses computes 0.2 * heapsize as

the bound.
Premark all PrioReference objects held by the PrioSpace.

Perform a complete transitive closure from the root references, mark-
ing unvisited objects during the search. This process will stop at each
PrioReference, so the only objects that will remain unmarked are either

garbage or are reachable only through a priority reference.

Revisit each PrioReference in priority order, from highest to lowest,
and perform a transitive closure starting at its referent object. During
this phase, the collector computes a running sum of the object sizes.
If the total size hits the memory bound for the space then this phase
ends immediately. Since it visits the priority references in order, the

remaining unmarked instances must all be lower priority.

Any PrioReferences with unmarked referents are nulled out (the pointer

to the referent is set to null).

If Phase (3) ended early, it could leave part of a data structure marked,

with outgoing pointers to unmarked objects. To preserve memory safety
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the collector also nulls out all potentially dangling pointers as well as the
priority reference containing this partial structure — in effect, evicting the

entire structure.

Phase (7): Evicted objects are garbage, and can be immediately reclaimed by the

sweeper.

Notice that since the collector is doing the work, eviction only occurs at GC time.
But this makes sense: we cannot assess the global memory situation until GC time,

and we don’t have an effective way to recycle memory in between GCs.

Partial eviction. Phase (5) of the algorithm handles the case in which bounded
marking stops part-way through a data structure, leaving pointers from marked
objects to unmarked objects. In order to preserve memory safety, this phase nulls
out all of these references. In addition, we null out the PrioReference itself, which
makes even the partially marked portion of the structure unreachable.

There is a case, however, in which a program could observe a partially evicted
structure. We believe this case would be rare, however, since it only happens under
very specific conditions. If the program creates a weak reference to an object in
the cache, and that object is part of the marked portion of the partially evicted
structure, then our JVM will preserve the weak reference and the object it points
to. This weak reference will be cleared at the next GC, since the strong reference
from the cache entry is now unreachable, but there is a brief period where the
program could follow the weak reference and find a structure with null fields in
unexpected places.

We have not been able to find a satisfactory and performant solution to
this problem. If this problem manifests in a program, however, our implementation
provides a switch that forces eviction only at cache entry boundaries — that is,
when the space limit is reached, the mark phase continues until the current entry is
completely marked. The downside of this option is that it allows the cache to grow

beyond the size limit. In practice, however, we find that it only hurts performance
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when cache entries are very large (100’s of KB each) and keeping the extra objects

is a substantial burden on memory resources.

4.3.4 Overheads
4.3.4.1 Runtime Overhead

Phase (3) of the algorithm above requires the collector to visit PrioReference ob-
jects in priority order. In our current implementation, the PrioSpace class keeps
its priority references in a max heap, so that common operations are O(logN) time.
This cost, however, is paid every time the priority of a reference changes: the prior-
ity space must re-insert it into the heap. It is possible that in some configurations
the total cost of these inserts would exceed the cost of simply sorting the list im-
mediately before garbage collection. In practice, we have not observed a significant

performance penalty.

4.3.4.2 Space Overhead

FEach PrioSpace stores its PrioReferences in a max heap, which is implemented
as an array. Furthermore, we arrange the PrioSpaces into a linked list in the VM,
using an extra reference in each PrioSpace to point to the next one. So, if we have
N PrioReferences spread across K PrioSpaces, then the total space overhead is
N + K references, in addition to the space required for each PrioReference and

PrioSpace instance.

4.3.5 Sache: A Space-aware Cache

Using these mechanisms, we implemented a space-aware cache that we call a Sache.
The interface to the Sache is essentially the same as the Guava LRU cache, and it
can be used as a drop-in replacement. An overview of the Sache class is shown in
Figure 4.8.

As with a cache built around a HashMap, we can put key-value pairs in,

get a value using a key, and remove a value using a key. The Sache stores all
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class Sache <K,V> extends HashMap<K, PrioReference<V>> {

protected long highest_priority;
protected PrioSpace<V> priospace;

public Sache(long maxSize);

public boolean put(K key, V value);
public V get(XK key);
public V remove (K key);

private void update();

Figure 4.8: Interface for Sache space-aware cache

values in PrioReference objects, so that the collector can measure and evict them
as necessary. The Sache increments the highest_priority value as necessary to
ensure that the most recently hit value has the highest priority. In this way, the
highest_priority value acts as a clock to mark recently hit values. The methods

work as follows:

Constructor: create an empty hash map and an empty PrioSpace with the given
space bound maxSize. We also support a version that specifies the size as a fraction

of available memory.

get(K): If there is an entry in the map for the given key, update the priority on
its PrioReference to highest_priority (incrementing if necessary) and return the

referent value. If not, return null.

put(K, V): Create a new PrioReference in the Sache’s priority space with the
value V as the referent and give it the highest priority. Store the pair of key K and

priority reference in the hash map.

remove(K): If there is an entry in the map for the given key, remove it from the

map and remove the corresponding PrioReference.

update: Periodically scan the hash map looking for entries that have null values
in their PrioReferences, indicating that they were evicted by the garbage col-
lector. This method runs when the program accesses the Sache after a collection
and does not interact with the PrioSpace. Since the collector already evicted the

PrioReferences from the PrioSpace, we can complete this operation in O(N),
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where N is the number of entries in the Sache.

It is possible to add collector support to remove an entry from the Sache
whenever the collector decides to evict its corresponding PrioReference. In partic-
ular, we can manipulate the Sache’s outgoing pointers directly. This would improve
the performance of the update operation. However, we decided against this to

provide a more general reference type versus a cache-specific reference type.

4.3.6 Adaptive Sizing

The Sache is an efficient and effective bounded-size cache supported directly by the
garbage collector. The problem remains, however, of how to choose its size. As we
show in Section 4.4, choosing a fixed size, measured as a fraction of total bytes in
the heap, yields good performance across a range of workloads for our simple key-
value store. Many applications that use caching, however, are not just key-values
stores — they have other computations going on that are competing for resources.
For example, looking at the results we might choose a Sache sized to occupy about
half of the heap. If other parts of the program need the other half, however, the
resulting memory pressure will cause massive GC overhead.

Our solution is to adaptively size the Sache according to available memory.
Our current policy is simple: at each garbage collection we choose a Sache size that
ensures a minimum amount of free memory (if possible). Other policies are certainly
possible, and we discuss some of them in the future work section.

To ensure a free memory reserve of size R bytes, we need to know the size
of the heap (H bytes), and the total live size of all the data not in the Sache (L).
Using this information, the maximum size of the Sache is set to H — (L + R).

We can efficiently recompute this value at every garbage collection, growing
or shrinking the Sache adaptively. Phase 2 of our algorithm visits all objects not
in the Sache, so we can augment it to also compute their total size, which is L.
Before Phase 3 starts, we compute the target bound for the Sache, and the algebraic
properties of the bounding mechanism guarantee that evicted entries will leave at

least R bytes free.
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4.4 Results

In this section, we evaluate how prioritized garbage collection helps overcome the
conflicting space-time tradeoffs of software caching and automatic memory manage-
ment. Note that there is nothing particularly innovative about our core caching
algorithm or data structure. The Sache is essentially just a hash map. The differ-
ence is in how it manages provisioning — specifically, how it manages the number
of entries in the hash map. Given a fized configuration, it performs almost identi-
cally to the Google Guava cache on a given workload. What we show here is that
with support from the collector, the Sache can automatically vary its configuration
to make the best use of available memory regardless of the characteristics of the

workload. In addition, it can adapt online to changes in memory use or workload.

4.4.1 Experiments

We evaluate our system using two caching applications: a key-value store driven by
the same synthetic workloads presented in Section 4.2, and a web caching implemen-
tation driven by real traces of web traffic. Since the Sache API is almost identical
to the Guava LRU cache API, we can easily switch between cache implementations

in each benchmark system. We show results for the following experiments:

e First, we repeat the experiments shown in Section 4.2 using a Sache configured
with a range of fixed sizes (non-adaptive). Specifying the size in terms of
memory footprint instead of number of entries is robust across a range of

workloads.

e Second, we test the adaptive sizing algorithm for the Sache with a driver
that dynamically increases and decreases memory demand. The algorithm
can dynamically shrink or grow the Sache in response to changing memory

demands in other parts of the program.

e Third, we test the two cache implementations under a real workload of web

traffic. Software caches perform the work of the central data structure in a
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web cache (something similar to memcached). This application is challenging
to implement in a garbage-collected language, since the goal is to cache as

much as possible.

4.4.2 Methodology

We implemented our GC mechanisms in JikesRVM version 3.1.2 as a modification
to the stop-the-world mark-sweep collector. The Sache itself is implemented at the
application level. We have also incorporated these mechanisms into a generational
collector, but it provides little benefit for cache-heavy applications because caches
are so strongly non-generational. In addition, the generational collector delays com-
putation of the size information and enforcement of the eviction policies, since these

mechanisms cannot be implemented properly for partial collections.

Building and running. We build JikesRVM in the FastAdaptive configuration
(for performance). The Guava experiments are run on an unmodified version of
JikesRVM to avoid incurring any possible penalty related to prioritized GC. All
experiments are run on a machine with dual 2.8GHz Xeon X5660 processors (X64)
with a total of 12GB of main memory running Ubuntu Linux kernel 3.2.0.

We run each configuration only one time, but due to the length of the traces
(tens of thousands) small fluctuations in the cost of any individual cache operation
or garbage collection are averaged out. In addition, the performance differences
we highlight are orders of magnitude greater than experimental noise, and in many
cases it is the difference between running to completion or crashing with an out-of-

memory error.

4.4.3 Non-adaptive Sache

Figure 4.9 shows the performance of a Sache under the same workloads as the Guava
cache. We measure the size as a percentage of the heap instead of a maximum
number of entries. Each graph has three curves: one for mutator time, one for GC

time, and another for total time.
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Figure 4.9: Sache performance under three different workloads. While absolute per-
formance varies, compared to the Guava cache the space-time tradeoff is relatively
independent of the workload. The Sache makes the best use of the available space.
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e Figure 4.9(a) shows the performance on the trace with small-sized values. The
total time is a bowl shape, but the minimum occurs early on at a limit 10%

of the heap size. Afterwards, the mutator time remains steady until 65%.

e Figure 4.9(b) shows the performance on the trace with medium-sized values.
The minimum of the bowl is not present on the graph. Just like the graph
with small-sized values, the Sache peaks heavily towards the end, dominated

by garbage collection cost.

e Figure 4.9(c) shows the same graph for larger values. The Sache continues to
function even when using 75% of the heap. This comes at the cost of increased

garbage collections.

All three graphs have the same shape. The mutator time is about the same
until after 60% of the heap is reserved for the Sache. Recall that the Sache limit is
only enforced at a collection. Therefore, the Sache holds more values and more hits
occur. The application does not rebuild values, lowering the mutator cost. On the
other hand, the Guava caches have to rebuild many items at when we have a low
limit on the number of entries.

Despite the Sache using a lot of memory prior to GC, the GC curve starts
low and peaks towards the end. The prioritized GC frees elements of the Sache as
soon as it observes the limit would be exceeded. This leaves much less garbage in
the heap than simply evicting the value from the Sache outside of GC.

Figure 4.10 compares the above results with the graphs for Guava in Sec-
tion 4.2. To directly compare them, we plot the Sache with the average number
of entries after a garbage collection. Recall that prioritized GC only enforces the
bound at a collection, so the Sache actually grows larger in between collections.
These numbers are approximately the memory bound of the Sache divided by the
average size of the values in the trace.

We see that the shapes of the curves between Guava and the Sache are
about the same. The key difference is that Sache curves represent the same set of

configuration options — 10% of the heap on the low end and 80% of the heap on
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Figure 4.10: Comparing Sache and Guava LRU on three workloads: the perfor-
mance is very similar, but the three Sache curves represent the same configuration
choices. The highlighted points represent a Sache set to 40% of the heap, which
easily accommodates all three workloads by using different numbers of entries.

the high end. A programmer could choose a Sache capacity of 40% and be able
to achieve good performance regardless of the workload. The three labeled points
on the graph show how this choice leads to different numbers of entries under the
different workloads.

Looking at the small workload, the Guava’s curve is about flat while the
Sache’s extends further out and eventually starts to move upward. The Sache utilizes
as much memory as it can before the limit is enforced. This allows the lower end
limits of 5% to perform better than the hard limit of 1500 entries on Guava.

Looking at the larger values, the Guava cache fits less than 600. The size
limit on the Sache and prioritized GC allow the Sache to handle a mix of sizes. In
particular, the collector frees values that the Sache will not keep because of the size
limit. This also allows the Sache to hold more items than the Guava cache can, by

prioritizing smaller values.
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4.4.4 Multiple Caches

One of the problems with soft references is that they are managed by the JVM using
a single global policy. Even if that policy happens to be the right one (e.g., LRU)
treating all soft references as equal can lead to very bad performance. Consider, for
example, a program with two caches. If one cache is accessed less often than the
other then its entries will tend to appear towards the end of the global soft reference
LRU queue. When memory is tight, many more of its entries will be reclaimed
regardless of their value to the application (i.e., regardless of the miss cost).

We measure this effect directly using the following experiment: we run two
caches simultaneously and have both serve requests from our largest trace, but at
different frequencies. One cache processes N requests for every request the other
cache processes. We also use a larger heap size to measure the effect of having more
memory available. We run this experiment on the HotSpot VM with Guava caches
that wrap their cache values with soft references and neither an explicit size limit
nor an eviction policy. We do this to measure the effectiveness of HotSpot’s soft
reference eviction policy alone. We also run the experiment on our modified VM
with two Saches, each configured to use 20% of the heap. We use the LRU policy for
each Sache’s PrioSpace to match HotSpot’s policy for removing soft references. Hit
rates are reported as a number between 0 and 1. We report the difference between
hit rates on the same scale. Figure 4.11 presents the results of this experiment.

Figure 4.11a shows the results for soft references running on HotSpot, which
clearly reflect the global LRU policy. The X-axis shows the heap size; the Y-axis
shows the ratio of the measured hit rate to the maximum hit rate. As the difference
between the access frequencies of the two caches grows, the hit rate of the slower
cache drops significantly. Its entries appear to be less valuable because they are less
frequently accessed, so the soft reference eviction policy removes them first. The
effect is more pronounced in smaller heaps because the soft reference policy is more
aggressive. In the worst case (10-to-1 frequency difference), the hit rate is only 1/4

of its potential, but the degradation at just a 2-to-1 difference is very significant as
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Figure 4.11: Hit rates can drop dramatically when soft references are used for two
caches working at different frequencies. Prioritized garbage collection keeps the hit
rates of both caches relatively close by managing their resources separately.
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well.

Figure 4.11b shows the same results for prioritized garbage collection. The
hit rates of the two Saches differ by at most 5% because the PrioSpaces manage
their references separately, so the VM does not clear the PrioReferences in the less
frequently used cache regardless of what is going on in the higher frequency cache.

Finally, Figure 4.11c shows the maximum hit rate (in absolute terms) for
both the Guava cache with soft references and the Sache with PrioReferences. As
expected, with no competing memory demands, the two systems perform almost
identically. Note that for Figures 4.11b and 4.11c, the Sache does not have data
for 10MB and 20MB. Since VM objects share heap space with Java applications in
JikesRVM, we needed 30MB to start running the experiment without running out

of memory.

4.4.5 Adaptive Sache

The purpose of the adaptive sizing algorithm is to allow the cache to respond to
changes in the available resources. Our goal is to prevent the cache from competing
with other application data structures, causing unnecessary memory pressure.

For these experiments, we modified our benchmark to build a separate large
data structure that grows as the trace is processed. Each experiment is divided into
three phases: during the first 1/3 of the trace, no extra memory is used; during
the middle 1/3, the program starts growing the non-cache data structure, consum-
ing more and more memory; during the last 1/3 of the trace, the program slowly
dismantles the structure, allowing the collector to alleviate the pressure.

We ran our medium-sized-objects trace through the key-value store using
both the Sache and Guava LRU cache. For the Sache, the adaptive algorithm
is configured to target a 50% memory reserve. This value corresponds to a heap
two times the live size, which is a good target for performance [HB05]. We size
the Guava cache using the data collected in Figure 4.4(b): the best size for this
workload appears to be around 350 entries. We fix the heap at 115MB, as in the

earlier experiments.
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Figure 4.12: Performance of Sache vs Guava LRU cache under increasing memory
pressure: our adaptive sizing algorithm shrinks the Sache to avoid triggering massive
GC overhead. At 77MB, the application with the Guava LRU cache crashes.
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Figure 4.13: GC time over a single run: without the ability to adapt, cache and
non-cache structure compete, triggering costly GCs.

Figure 4.12 shows the total time, mutator time, and GC time. Unsurprisingly,
the Sache and the Guava cache exhibit similar performance as long as memory is
plentiful. As memory pressure increases, however, the Guava cache competes with
non-cache structures in memory, and GC costs skyrocket. When memory pressure
exceeds 7T7MB, the Guava implementation crashes. The Sache automatically shrinks
to ensure sufficient free memory, resulting in a smooth curve and no crashes.

Figure 4.13 provides some insight into this behavior. It shows the GC time
for each collection during a single run of the benchmark. As expected, in the Guava
implementation, once the non-cache structure begins to grow, each GC becomes
much more expensive. In addition, memory scarcity triggers more frequent GCs.
With the adaptive Sache, the GC time is flat: the algorithm guarantees that the

cache will not cause the live size to exceed the target reserve.
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Figure 4.14: Performance of the Sache and Guava cache on real web traffic traces
across a range of cache sizes.

4.4.6 Web Caching Workload

The heart of a web caching application, such as memcached, is a key-value cache like
the ones we describe here. We adopted the techniques for testing web caches and
applied them to our cache implementations. We use the BU 272 trace, a record of
real web traffic, to drive the caches, and measure performance as above[CBC95]. It
consists of 15K entries requesting a total of 72MB of web data. Figure 4.14 shows
the performance of the Guava cache across a range of numbers of entries. The Sache

is a flat line, since it chooses its own size.
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4.5 Related Work

4.5.1 Reference Types

Hayes introduced Ephemerons to determine unreachable objects in key-property lists
instead of using a list with a weak key and strong value [Hay97]. This capability
allows entries with dead keys to be removed from the list and properly deleted. In

contrast, eviction from the Sache depends on the value.

4.5.2 Programs Acting on Resource Limits

There has been considerable work on caching for web traffic. The Greedy-Dual
algorithm takes into account the amount of time to obtain a page as well as the size
of the page to determine its eviction [CI97]. The cached objects are text documents,
so their size can be easily measured. Our system allows these kinds of eviction
policies to be used in general software caches, where measuring the size of a cached
structure is non-trivial.

Yang and Magzieres describe resource containers for Haskell that bound the
memory usage of untrusted code [YMI14]. Exceeding the limit of the container
kills the accompanying thread. A Sache is a more general structure which allows
the program to choose what action to take when memory bounds are exceeded. In
principle, it could also be used to implement a similar security policy.

Czajkowski and von Eicken introduced an interface for programmers to mon-
itor the resources used by threads in a Java program [CvE98|. Furthermore, they
allow programmers to implement their own reaction to threads exceeding their re-
source limits. They use bytecode rewriting to track heap memory usage for each
thread. In contrast, we track a list of known objects and use the garbage collector
to both track memory usage and enforce the limits. In addition, our technique uses
general heap reachability to define bounded structures, rather than thread owner-
ship.

JAMM uses JVMTI to traverse the heap and compute the size of data struc-

tures [Bel]. This approach is flexible and powerful, but very slow. A large data
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structure can require seconds of runtime to size (according to the documentation).
By piggybacking on the garbage collector, we can perform the same measurement
with almost no performance overhead. The tradeoff, however, is that we cannot
compute sizes at arbitrary points during execution.

Price, Rudys, and Wallach divide a process into tasks and used the garbage
collector to track how much memory is attributed to each task [PRW03]. Our work
expands on this by allowing arbitrary data structures to be tracked and by providing

a way to enforce a size limit.

4.5.3 Using GC to Assist Running Programs

O’Neill and Burton presented simplifiers as a way to improve the performance of a
program [OBO06]. Objects can add a simplify() method that the garbage collector in-
vokes when the collector traces over it. The Data Structure Aware Garbage Collector
lets the program denote which objects are internal nodes for data structures [CP15].
It uses this information to improve garbage collection for these structures and there-
fore overall performance. Our work uses the GC to allow programs to run when they
would run out of memory in normal execution. Furthermore, we can traverse and

modify the structures without editing those structures’ code.

4.6 Conclusions

This chapter presents a new approach to managing the conflicting tradeoffs between
software caching and garbage collection. The key to our approach is widening the
interface between the application and the runtime system in order to increase coop-

eration.
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Chapter 5

Deferred Garbage Collection

5.1 Introduction

Long-lived objects slow down garbage collectors. To explore this, consider the
PageRank algorithm. In order to properly rank a given page, the algorithm needs to
keep a graph of web links in memory, which is generated by input data. This graph
remains in memory for the duration of the program. However, this graph slows
down collectors. Each time the collector is triggered, the collector will mark each
object in the graph as live, even if the graph has not changed. This repetitive work
leads to long GC pauses and an overall slower application. The garbage collector
can avoid this work if it was aware of those long-lived objects. If the collector was
aware, then it can process only the objects of the graph that have been edited and
not visit the unedited objects. In this case, we say the unedited objects have been
deferred on by the collector. By deferring, the collector visits less objects during
one collection, which speeds up that collection.

The most common deferral tactic is to segregate the object by age with a
generational garbage collector. However, generational garbage collectors can still
run major collections which must traverse the whole heap. If that heap’s old and
young generations are constantly full, then major collections will be more frequent
and more expensive.

These long and frequent collections can be reduced with pretenuring. Pre-
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tenuring is the act of allocating an object into the old generation or some other rarely
visited region of the heap. These objects can be chosen automatically through pro-
filing at runtime [UJ92, SZ98, Har00] or profiling at build time [BSHT01]. All of
these works consider each object or allocation site separately. Furthermore, they
have a discrete measure of lifetime, placing objects into specific bins, regardless of
their relation to each other. Objects that just barely miss the cut to pretenure are
still subject to the frequent collections.

These objects can be identified manually using programmer annotations. In
prior works, annotations are added to long-lived objects or their allocation sites
at compile time and then the objects are pretenured to rarely visited regions at
runtime. [BOF17, NWB*15, NFX'16]. However, they rely on the programmer to
successfully annotate all relevant allocation sites in the application. This annotation
burden can be alleviated by exploiting the connectivity of these long-lived objects.
Instead of allocating all objects that create a long-lived data structure, those objects
can be found dynamically by exploiting their connectivity.

In this chapter, we propose a new cooperative garbage collection algorithm,
the deferred garbage collector. This algorithm depends on programmer annotated
objects. Programmers identify long-lived objects by annotating the root of data
structures. These data structures are then used to identifies new deferred objects
by exploiting the connectivity of these marked roots.

This work provides the following contributions:

e We propose the deferred garbage collector as a modification of the mark-

compact collector.

e We explore how to instrument a mark-compact collector to estimate the sav-

ings and costs of the deferred garbage collector.

e We present the results of deferring on a caching microbenchmark, using an

instrumented mark-compact collector to gather the data.
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5.2 Proposing a Deferred Collector

In this section, we propose a collector that permanently defers on objects. The goal
of the collector is to improve the performance of each collection by reducing the

amount of time spent operating on long-lived objects.

5.2.1 DeferRef

Just like prioritized garbage collection in Chapter 4, deferred collection is a cooper-
ative technique between the application code and the garbage collection. The API
is also modified after Java reference types. The API in deferred collection consists
of the DeferRef. The class definition of DeferRef is shown in Figure 5.1.

A DeferRef is the communication point between the deferred collector and
the application code. In the application code, the programmer identifies an object
or data structure that should be deferred. The programmer then wraps the object

or data structure root around this reference type.

class DeferRef <T> {
private T obj;

DeferRef (T obj);

// -- Get the referent
public T get();
}

Figure 5.1: API for the DeferRef type.

5.2.2 Deferred Garbage Collection Algorithm

The deferred garbage collection algorithm is a modified version of the mark-compact
collection algorithm. In this collector, DeferRefs and all objects reachable from them
are deferred. This is dynamic deferral. With dynamic deferral, the deferred collector
can mark objects to be deferred in the same way mark-compact collectors can mark
objects as live.

The deferred collector performs the following phases:

Phase (1): First, the collector marks all newly found defer roots as deferred.

76



Phase (2): The collector performs a modified mark phase, a transitive closure from
the traditional roots. If the collector encounters a deferred object, mark-

ing stops.

Phase (3): The collector performs the defer phase, another transitive closure from
defer roots. The collector marks objects as deferred instead of live and

does not stop if an object was marked as live in the mark phase.

Phase (4): The collector performs a modified forwarding phase. If object was de-
ferred and not in a deferred region, they are forwarded into the deferred
region. Objects in deferred regions are not visited in this phase and

therefore do not get a forwarding address.

Phase (5): The collector adjusts the pointers to all objects, including deferred ob-
jects. If a deferred object points to a non-deferred live object, the de-

ferred object’s pointer must be updated for correctness.

Phase (6): Finally, the collector performs a modified compact phase. Newly deferred
objects are moved to the deferred region. Objects already in the deferred

region are not visited and therefore not moved.

5.2.3 Implementation Challenges

Implementing any garbage collection algorithm correctly is challenging and takes
many person-hours. Deferred collection is no exception and in fact has its own
specific set of challenges to overcome. Each challenge is discussed separately for the

remainder of this section.

Moving objects to deferred region quickly The collector now needs to move
a object to one of two places: the regular heap or the deferred region. At first glance,
the collector could perform the forwarding phase twice, once for regular forwarding
and another for forwarding deferred objects. However, the second phase can be just

as costly as the first. Just like the first pass, the collector must visit the whole
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heap to find the newly deferred objects. Implementers must interweave forwarding

regular and deferred objects.

Deferral during minor collection This is only an issue with generational col-
lectors. Full collections visit the whole heap, so the collector design can work easily.
However, young collections visit a subset of the heap. If an object in that subset
is to be deferred, then all objects reachable must be deferred as well. If those ob-
jects are actually in the old generation, the collector must traverse the boundary to
properly defer them. This is counter to the mechanisms of most collectors, which

stop processing objects if they are in the old generation.

Finding new deferred roots Over the course of an application’s lifetime, de-
ferred objects can be modified. A deferred object might suddenly point to a non-
deferred object. This non-deferred object will need to be deferred in the next col-
lection and to do so, the deferred object must be considered a deferred root. These
deferred roots can be tracked with a remembered set. Remembered sets are a per-
fect fit since they track pointers between different regions of the heap. However,
the size of this remembered set impacts the defer step in the collector. The larger
the set, the more objects that can be moved and the longer the collection. If the
set continues to be large over the course of the program, this can have a negative

performance impact.

Retention The collector is designed to defer on long-lived objects. However, long-
lived objects can eventually die. If those objects die after being deferred, they will
remain in the defer region as garbage for the rest of the application’s run. These
objects are labeled as retention. Retention can cause more frequent collections. The
cost of those extra collections can eclipse the savings of deferral.

Ricci proposed periodically performing an unmodified full GC [Ricl6]. In
other words, allow the collector to ignore the deferral property on all objects and

collect the heap as normal.
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5.3 Collecting the Benefits and Costs

Implementing the proposed collector will be difficult. This difficulty comes from
introducing subtle bugs into the program. Before any programmer implements the
collector, they must first know how the collector will affect a running application.
In particular, we want to know how much time is saved by deferring objects and
how much time is lost to retention. This information can be found by simulating
deferred collections in an existing garbage collector.

This rest of this section explores how to instrument a mark-compact collector
to collect this data. The collector is not changed semantically, so the collector is

still memory-safe while gathering the relevant data.

5.3.1 Collecting Data at the Object Level

To start, we need to differentiate between deferred and non-deferred objects. To
detect if an object is deferred, the collector stores additional metadata per object.
The metadata keeps track of which objects are deferred. To ensure all deferred
objects are found, this deferred objects are not ignored at any point in the collector.

Deferred metadata is calculated during and after the mark phase of the mark-
compact collector. The mark-compact collector is modified to perform Phase 3 of
our proposed deferred collector right after its mark phase. Recall Phase 3 finds all
objects reachable from a set of defer roots premarked in Phase 1. Phase 1 assumes
all the defer roots are known and knowing these roots can mean modifying other
parts of the runtime system. Instead, the mark-compact collector’s mark phase is
modified to find these defer roots. The defer roots are precisely the DeferRef objects
introduced by the programmer. These objects are recorded as deferred and set aside

as a defer root.

5.3.2 Measuring Savings

- Measure time spent marking deferred objects (A) - Measure time spent compacting

deferred objects (A)
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Now that the deferred objects are know during each collection, the savings of
deferred collection can be measured. Time is saved in deferred collection by not vis-
iting deferred objects during collection. Therefore, the amount of time spent visiting
deferred objects is measured in the modified mark-compact collector. The modified
collector focuses on the mark and compact phases. Measuring the savings in the
mark phase is as straightforward as measure the newly added Phase 3 of the deferred

collector. Measuring the savings in the compact phase is not as straightforward

5.3.3 Retention

As discussed in Section 5.2.3, retention needs to be considered in any deferred col-
lection implementation. Retention can cause extra collections and possibly cleared.
Therefore, retention after each collection must be measured. However, the mark-
compact collector does not actually suffer from this retention.

This instrumented collector does not suffer from retention because it does
not actually defer on objects it marks for deferral. The objects marked for deferral
become garbage when the collector detects they are unreachable. This garbage has
a specific trait: the object is marked for deferral, but not marked as live. To find
these objects, the collector adds a phase right before the forwarding phase, where
objects have been marked accordingly, but the heap has not yet been reorganized.
This new phase visits each object of the heap and checks for that trait. If found,
the size of that object is output to a file. The accumulated count of the size of all

dead deferred objects is exactly the amount of retention from a deferred collection.

5.3.4 Disabling Deferral

Retention needs to be cleared and so the effects of different retention clearing strate-
gies must be measured. One strategy is periodically ignoring deferral. The effects
of this strategy on retention can be simulated by post-processing the retention in-
formation gathered earlier. The amount of retention is periodically reset. This reset

simulates a non-deferred collection removing all the retention up to that point.
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5.3.5 Instrumenting a Collector

The data was collected by instrumenting the Garbage-First Garbage Collector,
shortened to G1 [DFHPO04]. G1 is a generational mark-compact garbage collec-
tor that splits the heap into contiguous sized spaces called regions. G1 can choose
which regions to visit. This means G1 can choose not to visit our deferred regions,
making it a preferred to target to modify into our deferred collector. For this reason,
G1 was instrumented to collect our data.

When instrumenting G1, we focused on measuring the savings during full
collections. Full collections must traverse the whole heap and can be costly with
large heaps with a large number of live objects. If those objects are also long-lived,
deferring on those objects can save time in costly collections.

To collect the object level data, we added two header words to every object,
a count word and deferral word. The deferral word is set if the object is deferred
and unset otherwise. The count word is split into two halves. The lower half of the
count word tracks the number of times the object has been marked throughout its
lifetime. The upper half of the count word tracks the number of times the object
has been marked since it was deferred.

Timing compaction in G1 requires some ingenuity. When G1 performs a full
collection, objects are copied one at a time and in order of address. This means for
an object o to be properly copied, every object in all addresses before o must also
be copied to ensure the data at o’s new address can be safely overwritten. By that
same reason, we cannot just replace o’s copy with a no-op (i.e. copy into its old
address for a pass) as o’s old address can be the target for another object’s copy.
Therefore, we must measure the total cost of compacting both non-deferred and
deferred objects in one pass.

To measure the total cost of compacting non-deferred objects and the total
cost of compacting deferred objects, we chose to measure the cost of compacting each
object. The time for compacting each object is reported. In a post-processing pass,

we accumulate these times to calculate the total costs of compacting non-deferred
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and deferred objects.

5.4 Experiments

In this section, we estimate the savings and costs of a deferred collector. We verify
that the collector can provide savings and those savings increase proportionally with
the amount of deferred data. However, retention also increases and must be cleared

throughout the program run.

5.4.1 Experiment

We run the singular key-value store application from Section 4.4. The application
is a cache driven by the synthetic workload with medium values from Section 4.2
under a fixed heap size. In the application, the root of the cache data structure
is deferred on, reflecting how we expect programmers to annotate their structures.
This experiment is repeated on a range of fixed sizes to evaluate how costs and

savings change when larger structures are deferred on.

5.4.2 Methodology

We implemented the instrumentation on the G1 collector in OpenJDK and built
under the slowdebug configuration. We chose this configuration to ensure the new
object header was properly cleared after compaction.

All experiments were run on a machine with dual 2.8GHz Xeon X5660 pro-
cessors (X64) with a total of 12GB of main memory running Arch Linux version
5.3.1. We used -XX:-UncompressedQOops option and set the maximum heap size to
320 MB to ensure the same failure rate as the example in Chapter 4. The increased

heap size is to accommodate the increased size of the header every object.

5.4.3 Savings on Marking and Compacting

Figure 5.2 shows the potential savings on skipping marking and compacting deferred

objects under an increasing number of maximum cache entries. Unsurprisingly, the
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Figure 5.2: Ratio of time spent marking and compacting deferred objects under
different cache sizes. As the cache size increases, so does the number of objects we
defer on. This results in a longer compaction times for deferred objects.

savings on compacting objects increases as the cache limit does. The cache stores
more values, each of which the GC defers. However, the marking costs plateau at
about 10% of the total marking time. The results suggest that most of the savings

will come from not compacting instead of not marking.

5.4.4 Cost of Retention

Next, we wish to estimate the cost of retention added by deferred collections. Fig-
ure 5.3 shows the potential retention in this experiment. The y-axis now represents
the maximum number of megabytes taken up by retention. Retention increases to
84MB when the cache is configured to hold a maximum of 600 entries. In that
particular run, this retention accounts for over a fourth of our heap. This result
supports our hypothesis that this deferral collector will need to clear the retention

occasionally.
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Figure 5.3: Amount of memory retained from deferral under different cache sizes.
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Figure 5.4: Amount of memory retained from deferral, varying the number of de-
ferred GCs.
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5.4.5 Benefit of Ignoring Deferral

In Section 5.2.3, non-deferred collections run between deferred collections were pro-
posed to clear the retention. For this experiment, the period between non-deferred
collections was set to a fixed number of collection, k. k was varied from 0 to the
total number of collections in the run. A value of 0 means no deferred collections
occurred. A value equal to the total number of collections means only deferred
collections occurred.

The results of this simulation are shown in Figure 5.4. The x-axis represents
how many deferred collections occur before an unmodified collection. The y-axis
represents the maximum retention on the heap. Of note, the first entry represents
a GC that never defers and the final entry represents a GC never clears retention.
In most cases, the retention is cut to a little over 40 MB. In the cases where 3 or 4
deferred GCs occur prior to an unmodified GC, this strategy fails to clear retention
from two deferred GCs at the tail-end of the program. These two deferred GCs

contribute to most of the 84 MB retention seen earlier.

5.5 Related Work

5.5.1 Automatic Pretenuring

Pretenuring is a popular way to avoid frequent collections caused by long-lived ob-
jects. Ungar et. al. focused on the survivor rate of collections to determine if young
objects should be pretenured to the old generation [UJ92]. Seidl et. al. focused
on creating custom pretenuring allocators created by profiling applications [SZ98].
Harris focused on sampling objects in the heap and monitoring them and their
allocation sites to find pretenuring targets [Har00]. These works considers only par-
ticular objects for pretenuring. In contrast, deferred garbage collection considers an
object and every object reachable from it for deferral.

Blackburn et. al classified objects as having short, long, or immortal lifetimes

and pretenuring the old and immortal objects [BSHT01]. Immortal objects are
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objects that survive until the end of the application. In deferred collection, deferred
objects are made immortal manually. This allows objects to transcend the bins,

allowing very long objects to be considered immortal.

5.5.2 Heap Subdivision

Subdividing the heap is not a new paradigm in garbage collection. Generational
garbage collection, was one of the first to break the heap apart [Ung84]. G1 took this
a step further and subdivided the heap into regions while keeping the generational
distinctions [DFHPO04]. Dynamic deferral is a logical extension of these ideas, but
uses programmer intuition instead of program lifetime to decide what and when to
promote objects.

Clustered Collection defers on objects as well identifying clusters of rarely
mutated objects before full collections [CM15]. The clusters are re-identified as
necessary. This re-clustering can harm the performance of applications that change
phases instead of remaining in a steady-state. Our exploration touches on the cost
of deferring on mutating objects in a single deferred cluster.

Write-rationing garbage collection automatically identifies objects that are
not written to as often and moves them over to non-volatile memory [ASME1S].
It observes writes in the mature space via the write barrier and moves these ob-
jects from DRAM to non-volatile memory and vice-versa on full collections. This

exploration focuses solely on heaps in DRAM.

5.5.3 Programmer Hints

NG2C allows programmers to create their own generations, allowing objects of sim-
ilar lifetimes to die together [BOF17]. N2GC uses scoping to determine the genera-
tions thanks to the use of a new keyword. Yak allows programmers to wrap program
paths under epochs, which allocate all objects to a data space region [NFXT16]. We
explore dynamic deferral, which allows for data structure mutated outside of a single

static scope to be deferred.
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5.5.4 Connectivity

Others have also taken advantage of connectivity to improve garbage collection. In
particular, connectivity-based GC proposed promotion through connected objects.
Data-structure aware garbage collection moves data structures to promote spatial
locality [CP15]. However, they require the data structure internals to be annotated
by hand. We explore using the root of a data structure to propagate deferral. By
using only the root, programmers can avoid annotating already existing libraries.
Connectivity-Based Garbage Collection (or CBGC) exploits object connec-
tivity to determine what objects should die together and in doing so, eliminates the
need for a write barrier [HDHO3]. They use a static analysis to partition the heap.
These partitions are then monitored and collected by CBGC. A collection algorithm

based on this exploration will rely on programmer hints to perform well.

5.6 Conclusion

In this chapter, we explored how dynamic deferral can benefit G1. With deferral,
G1 can reduce the compaction phase of full GCs in our cache microbenchmark by
up to 20% under memory pressure. While retention constituted up to 25% of our
heap in the worst case, we saw adding unmodified full GCs can cut that retention

in half.
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Chapter 6

Conclusions and Future Work

We described three works that use programmer given information to improve garbage
collection behavior. Representative inputs allow Autobahn to place strictness an-
notations to improve program runtimes. Eviction policies allow prioritized GC to
bound the memory usage of caches to reduce memory pressure. Programmer anno-
tations on long-lived data structures allow deferred collection to reduce time spent
in garbage collection. We conclude by looking into future work for each project

presented.

6.0.1 Autobahn

Autobahn produced numerous strictness annotations. Many times, the annotations
were overly numerous, too many for a user to digest the consequences of. Sun
et. al. improved Autobahn by removing some annotations that did not produce a
tangible benefit to the program [SF18]. An avenue for future work is to continue
to reduce the number of annotations, from more post-processing of the annotation
to using more sophisticated search algorithms. Another avenue is to automatically
determine what inputs do not trigger undefined behavior in Autobahn-optimized
programs. One way to find those inputs is to translate the annotations inferred by
Autobahn into StrictCheck [FZL18] specifications and process the results returned
by StrictCheck.
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6.0.2 Prioritized Garbage Collection

Prioritized garbage collection’s adaptive sizing algorithm is rudimentary, relying on
a simple heuristic. A more sophisticated heuristic can be created by introducing
statistics like the current miss and hit rates of the Sache. This new information
will allow the prioritized garbage collector to better determine how to resize not
just one Sache, but multiple Saches. Furthermore, not every eviction policy a pro-
grammer can write is safe to run during a garbage collection. For instance, no
policy that allocates objects should be run. Finally, the current API can be more
expressive. The API does not make obvious how to assign an object a particular
score for the collector to properly prioritize them. To better understand the needed
level of expressiveness, a proper user study testing the expressiveness of the current
APIT is required. With the results of that study, we can craft a domain-specific lan-
guage for PrioSpace eviction policies. This language can help lower the difficulty
of writing complex high-level policies and allow for more use of the Prioritized GC’s

functionality outside of caching.

6.0.3 Deferred Garbage Collection

We presented a limited study of deferred garbage collection. This study can be ex-
panded to properly evaluate the collection algorithm on real world programs. Similar
algorithms were evaluated by modifying big data programs written in frameworks
like GraphChi [KBG12] and Hyracks [BCGT11] and running applications written in
those frameworks.

We presented methods to estimate the savings and some of the costs of using
deferral garbage collection, but there are more costs to consider, especially with re-
tention. Retention can lead to more collections. These extra collections can override
the savings from deferral. While we explored adding unmodified major collections
to reduce retention, we need a way to approximate how much time these collec-
tions can save. Measuring these savings accurately will require that the retention

be present and therefore an implementation of dynamic deferral. The exploration
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only looked at propagating deferrals during major collections. The next step in
the investigation is propagating deferrals during minor collections. Another step

forward is implementing garbage collection using G1 as a starting point.
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