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Abstract

Memory management in multicore systems is a well studied area. Many approaches to
memory management have been developed and tuned with specific hardware architectures
in mind, capitalizing on hardware characteristics to improve performance. In this thesis,
the focus is on memory allocation and reclamation in multicore systems.

I first identify and diagnose a performance anomaly in epoch based memory recla-
mation (EBR), one of the most popular approaches to reclaiming memory in multicore
systems. EBR experiences significant performance degradation when running on multi-
ple processor sockets. This degradation is related to the fact that EBR is vulnerable to
thread delays. Even minor delays can trigger a chain reaction that induces longer delays
and more substantial performance problems. Moreover, I discover a negative interaction
between EBR and popular memory allocators, caused by the fact that EBR frees batches
of objects, and these allocators attempt to cache batches of objects for reallocation. The
batches freed by EBR frequently overflow the allocator buffers, defeating their purpose and
causing substantial performance overhead.

To solve these issues, an improvement to EBR, called amortized batch free is introduced
to limit the amplification of delays and performance degradation when freeing. Amortized
batch free gradually reclaims objects, and can drastically reduce the average time spent
freeing an object. This technique is applied to a state of the art EBR algorithms, and
significant performance improvements are shown experimentally.

This amortized batch freeing technique appears broadly applicable to other memory
reclamation algorithms. As a first step in demonstrating this, I also apply it to a simple
token based variant of EBR. Token EBR is conceptually simpler and easier to implement
than the state of the art EBR algorithm, but has been shown in other work to perform
poorly. When the amortized batch free technique is used, Token EBR performs similarly
to (and sometimes slightly better than) the state of the art EBR algorithm.

Finally, I present a new design for an architecture aware memory allocator for multi-
socket systems, using a state of the art allocator called Supermalloc as a starting point
for my design. Several key bottlenecks in the original Supermalloc design are improved or
eliminated in the new design. In particular, the new design dramatically improves perfor-
mance when the address space is actively growing, reduces contention on shared resources,
and optimizes memory accesses to reduce communication across processor sockets. Taking
into account the lessons learned in the study of EBR, the new design also attempts to min-
imize the overhead of freeing objects. Experiments on a prototype of this new allocator
show some performance improvement compared to the original Supermalloc allocator.

iii



Acknowledgements

I would like to thank my supervisor Prof. Trevor Brown for his guidance and support
throughout my Master’s program. I would also like to thank Prof. Peter Buhr and Prof.
Samer Al-Kiswany for serving as readers on my thesis committee. Finally, I would like to
thank my family for their endless love and support.

iv



Table of Contents

Author's Declaration ii

Abstract iii

Acknowledgements iv

List of Figures vii

1 Introduction 1

2 Background 3

2.1 Memory Reclamation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.1 Epoch Based Reclamation (EBR) . . . . . . . . . . . . . . . . . . . 3

2.2 Memory Allocation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2.1 Hoard . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2.2 TCmalloc . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2.3 JEmalloc . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2.4 Supermalloc . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3 Memory Reclamation 8

3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.2 Investigating the Reclamation Overhead . . . . . . . . . . . . . . . . . . . 11

v



3.3 Amortized Batch Free: Improving DEBRA . . . . . . . . . . . . . . . . . . 14

3.4 A Simpler EBR Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.5 Root Cause of the EBR Delays . . . . . . . . . . . . . . . . . . . . . . . . 28

4 Memory Allocation 30

4.1 Causes of Poor Supermalloc Performance . . . . . . . . . . . . . . . . . . . 34

4.2 Modi�cations to Supermalloc . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.2.1 Improving NUMA Awareness . . . . . . . . . . . . . . . . . . . . . 38

4.2.2 Reducing Global Cache Contention . . . . . . . . . . . . . . . . . . 38

4.2.3 Optimizing Linked List Transfer . . . . . . . . . . . . . . . . . . . . 38

4.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5 Related Work 45

5.1 Token Based Memory Reclamation . . . . . . . . . . . . . . . . . . . . . . 45

5.2 Performance Impact of Peak Memory Usage . . . . . . . . . . . . . . . . . 46

6 Conclusion 47

6.1 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

6.2 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . 48

References 50

vi



List of Figures

3.1 Performance and peak memory usage w/JEmalloc, for OCCtree and ABtree,
using DEBRA vs. leaking memory. . . . . . . . . . . . . . . . . . . . . . . 9

3.2 Performance and peak memory usage w/TCmalloc, for ABtree, using DEBRA 11

3.3 Timeline graph showing how much time threads spend freeing nodes as
epochs change in the ABtree with JEmalloc. . . . . . . . . . . . . . . . . . 12

3.4 Timeline graph and average number of unreclaimed objects per thread of
the original DEBRA in the ABtree with JEmalloc. . . . . . . . . . . . . . 15

3.5 Timeline graph and average number of unreclaimed objects per thread of
amortized batch freeing DEBRA in the ABtree with JEmalloc. . . . . . . . 16

3.6 Timeline graph comparing the original DEBRA and amortized batch freeing
DEBRA in the ABtree with TCmalloc. . . . . . . . . . . . . . . . . . . . . 17

3.7 Diagram of Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.8 Performance and peak memory usage w/JEmalloc, for ABtree, using Naive
Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.9 Naive Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.10 Performance and peak memory usage w/JEmalloc, for ABtree, using Pass-
�rst Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.11 Pass-�rst Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.12 Performance and peak memory usage w/JEmalloc, for ABtree, using Token
EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.13 Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.14 Performance and peak memory usage w/JEmalloc, for ABtree, using amor-
tized batch freeing Token EBR . . . . . . . . . . . . . . . . . . . . . . . . . 26

vii



3.15 Amortized batch freeing Token EBR . . . . . . . . . . . . . . . . . . . . . 27

3.16 Page Migration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.1 20M keys, Ins 50 Del 50, w/DEBRA . . . . . . . . . . . . . . . . . . . . . 31

4.2 Performance and peak memory usage. 190 threads. X-axis: time (ms) . . . 32

4.3 Timeline graph of Supermalloc (5 second benchmark) . . . . . . . . . . . . 33

4.4 Cache Structure of a single size class in Supermalloc. The number and size
of linked lists in each cache is speci�ed at each level in the diagram. P is
the number of cores. In this diagram there are two threads running on each
of the �rst three cores, and only one thread running on the last core. . . . 34

4.5 Supermalloc allocation when thread local cache is non-empty . . . . . . . . 35

4.6 Supermalloc allocation when per-CPU cache is non-empty, and cache(s)
below it are empty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.7 Supermalloc allocation when global cache is non-empty, and cache(s) below
it are empty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.8 Supermalloc bump allocation when caches are empty . . . . . . . . . . . . 36

4.9 Improved Supermalloc allocation when thread local cache is non-empty . . 39

4.10 Improved Supermalloc allocation when per-CPU cache is non-empty, and
cache(s) below it are empty . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.11 Improved Supermalloc allocation when the (newly added) per-socket cache
is non-empty, and cache(s) below it are empty . . . . . . . . . . . . . . . . 40

4.12 Improved Supermalloc allocation when global cache is non-empty, and cache(s)
below it are empty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.13 Improved Supermalloc bump allocation when caches are empty . . . . . . . 41

4.14 Performance and peak memory usage. 190 threads. X-axis: time (ms) . . . 43

4.15 Performance and peak memory usage. 190 threads. X-axis: time (ms) . . . 43

4.16 Performance and peak memory usage. 240 threads. X-axis: time (ms) . . . 44

viii



Chapter 1

Introduction

The performance of software is in
uenced by many factors, including synergies (or anti-
synergies) with the hardware, operating system, and standard libraries. In this thesis, I
focus on the performance of memory allocation and reclamation algorithms in multicore
systems, and multi-socket systems with non-uniform memory architectures (NUMAs). Al-
locators and memory reclamation algorithms are critical for concurrent data structures,
which serve as vital building blocks for concurrent software. A given concurrent data
structure can be paired with di�erent combinations of allocation and reclamation algo-
rithms, resulting in vastly di�erent levels of performance. The most popular allocators
and memory reclamation algorithms typically provide high performance when running
on a single socket, and sometimes even when running on two sockets. However, in this
thesis, I present results showing that some high performance concurrent data structures
perform surprisingly poorly when paired with leading allocators and memory reclamation
algorithms, especially on systems with four sockets.

In Chapter 3, I perform a sequence of experiments studying the impact of memory
reclamation on the performance of a leading concurrent tree data structure. The �rst
experiment compares short executions that, respectively, leak memory and reclaim mem-
ory using a state of the art epoch based memory reclamation (EBR) algorithm called
DEBRA [5], using various thread counts. This experiment reveals a severe performance
problem when running on four sockets that appears to be caused by memory reclamation.
Subsequent experiments delve into the root cause of this performance problem, which turns
out to be a subtle interaction between the EBR algorithm and some popular allocators.
I propose a simple algorithmic �x for the EBR algorithm and show that it signi�cantly
improves performance in a synthetic data structure benchmark. Furthermore, I show that
this same �x can be applied to other epoch based memory reclamation algorithms. To
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this end, I develop a variant of a simpler EBR algorithm, Token EBR, that is easier to
implement and performs as well (and sometimes better) in practice than the state of the
art.

In Chapter 4, I study several state of the art memory allocators: Hoard [1], TC-
malloc [11], JEmalloc [10], Supermalloc [19] and Mimalloc [20]. Performance results are
presented that suggest these allocators have primarily been optimized for single socket
systems (and sometimes two socket systems). There have been some limited attempts to
design NUMA aware allocators in the past. AMD developed a NUMA aware version of
TCmalloc [15], but their implementation does not appear to be maintained and does not
compile on modern systems. At present, the other allocators listed above do not appear to
have NUMA aware counterparts. Using one of these allocators, Supermalloc, as a starting
point, I propose a design for a NUMA aware allocator|i.e., an allocator that explicitly
takes the topology of the system into account.

In this thesis, I make the following contributions:

ˆ I demonstrate the root cause of a high impact performance problem in a state of the
art EBR algorithm using a new visualization technique called atimeline graph.

ˆ I propose an improved version of DEBRA [5] that addresses the aforementioned
problem.

ˆ I apply the same technique used to improve DEBRA to a simpler EBR algorithm
called Token EBR, improving its performance substantially.

ˆ Finally, I identify several performance problems in a state of art memory alloca-
tor, and propose and evaluate solutions to these problems. The solutions result in
signi�cant performance improvements in some workloads.
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Chapter 2

Background

In this chapter, I brie
y present background information on several memory reclamation
algorithm and memory allocators.

2.1 Memory Reclamation

In a single threaded system, reclaiming memory is relatively easy, even in languages like
C++ that require programmers to explicitly free objects. However, reclaiming memory in
concurrent data structures is more di�cult. If a thread calls free() to reclaim an object
while another thread can still access that object, this can result in the program crashing.

2.1.1 Epoch Based Reclamation (EBR)

Epoch based reclamation is one of the most widely used memory reclamation algorithms
for concurrent data structures, particularly because it is easy to use and o�ers high perfor-
mance. At a high level, in EBR, instead of freeing objects immediately, threads store these
objects in a bu�er called alimbo bag, to be freed later as a batch. The program execution
is logically divided into epochs, and whenever the epoch changes, objects that were placed
in a limbo bag in older epochs are freed.

Brown [5] introduced DEBRA, which has been shown to be one of the fastest EBR
algorithms. The improved algorithms presented in this thesis are compared with DEBRA
experimentally.
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2.2 Memory Allocation

Several allocators are studied in this thesis. I de�ne an allocator as the library that
implementsmalloc() and free() . Allocators use di�erent amounts of memory and o�er
di�erent levels of performance. Such details are discussed alongside experimental evidence
in Chapter 4 where I justify the choice of which allocator I build upon in my work. Here I
give a brief description of how a typical allocator works, and also describe some high level
architectural di�erences among popular allocators.

2.2.1 Hoard

Hoard [1] is the earliest allocator I am discussing in detail, and it is one of the �rst allocators
speci�cally designed for multiprocessor systems1. It uses per-processor heaps to improve
performance, and a global heap to allow excess objects freed at one processor to be a reused
at another processor.

At a high level, Hoard divides memory into superblocks, which are 2MB in size. One
design goal in hoard was to avoid allocator induced false sharing, which occurs when
multiple threads allocate objects in the same cacheline. The authors attempted to do this
by having each thread memory map its own superblocks to allocate objects from.

When superblocks are nearly empty, they are moved from a per-processor heap to
the global heap. This is ostensibly done to avoid wasting memory in producer consumer
scenarios, where one thread repeatedly allocates objects and sends them to another thread
who frees them (although it is not clear that this actually prevents unboundedly more
memory than is necessary from being used in such scenarios).

Since threads can move their superblocks to the global heap before they are completely
empty, and those superblocks can then be reused by other threads, it is possible for su-
perblocks to contain objects allocated by multiple threads. So some allocator induced false
sharing may still occur.

2.2.2 TCmalloc

TCmalloc (which is short for thread caching malloc) was developed by Google researchers,
and released in 2005 [11]. Huge objects are allocated an appropriate number of whole pages

1Here, multiprocessor refers to the same thing as multicore (as opposed to multi-socket).
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from a central page heap. Small objects are allocated in 170 di�erent size classes. For each
size class, there is acentral cacheand a thread local cachefor each thread. Each central
cache is protected by a lock.

When a thread allocates memory, it �rst tries to serve the allocation from its thread
cache (for the appropriate size class). If there is no available object in the thread cache, it
repopulates the thread cache using a batch of objects from the central cache (for that size
class). When a thread frees an object, if the thread local cache is full, a batch of objects
is moved from the thread local cache to the central heap. Accesses to the global heap can
result is substantial contention in systems with many cores.

2.2.3 JEmalloc

JEmalloc [10] is an extremely popular allocator. It is the default allocator for FreeBSD,
Firefox, and many other large software packages, and it has seen active development by
large companies such Facebook.

Whereas TCmalloc uses private per thread caches, JEmalloc usesarenas, which can
be shared among threads, but the number of arenas is made fairly large in an e�ort to
reduce contention among threads. Speci�cally, by default there are 4n arenas, wheren is
the number of processors. A given thread is essentially hashed to an arena, and each arena
is protected by a lock.

Many size classes reside in an arena. An arena has one chunk that it allocates 4KB
pages from. If the chunk becomes full, a new chunk ismmaped. When an allocation happens
in size classx, it �rst checks the free list for that size class. If the free list is empty, it
checks if there is an active page for that size class (containing some free space). If there is
a free object, JEmalloc bump allocates from the page. If the page is full (no free space),
JEmalloc bump allocates one or more new pages from the arena's chunk (and makes those
the active page(s) for this size class).

2.2.4 Supermalloc

More details are given for Supermalloc [19] than for the other allocators, since part of my
thesis work involved modifying Supermalloc.

Huge object sizes (� 1MB) are mapped and unmapped directly, and metadata for them
is stored in a large array. Small objects are allocated from and freed to Supermalloc'sobject
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caches, which behave like free lists (or, more speci�cally, collections of free lists). Levels of
object caches in Supermalloc are as follows:

ˆ For each size class, there are thread local, processor local, and global object caches.

ˆ Each thread local cache consists of two lists, each containing 8KB of objects.

ˆ Each per-CPU cache consists of two lists, each containing 1MB of objects.

ˆ Each global cache containsn linked lists, wheren is the number of processors, each
containing 1MB of objects.

There is also achunk for each size class, where new objects are bump allocated when all
relevant object caches are empty. When one chunk is completely �lled (with no room to
allocate new objects), a new chunk is allocated.

When malloc() is invoked by threadp, p �rst inspects the thread local cache of the
appropriate size class to see if there is a free object. If so, it allocates from the thread local
cache without having to acquire any locks.

Otherwise, p inspects the appropriate per-CPU cache (for the processor2 it is running
on), which requires locking. If the per-CPU cache is non-empty, thenp moves many free
objects from the per-CPU cache to its thread local cache (enough to �ll half of the thread
local cache), thenp allocates an object from its thread local cache. Note that moving
8KB of objects from the per-CPU cache to the thread local cache involves traversing many
nodes in a linked list at the per-CPU cache.

If the per-CPU cache is also empty,p inspects the global cache (for this size class)
which, again, requires locking. If this global cache is non-empty, thenp moves one full
1MB list of free objects from this global cache top's per-CPU cache (and then allocates as
above). Moving objects from the global cache to the per-CPU cache requires locking both
caches.

Finally, if the global cache is empty, threadp acquires a global lock that is speci�c to
this size class, and bump allocates one new object. It checks if there is any non-empty
chunk that was previouslymmaped. If there is a non-empty chunk,p allocates an object
from the chunk. If there is no non-empty chunk, it �rst mmaps a new chunk and allocates
an object from the new chunk.

free() is similar to malloc() . p �rst tries to free to its thread local cache (for the
appropriate size class). If the thread local cache is full, and there is room to accommodate

2I.e., core, or logical processor on a system with hyperthreading
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this list in the per-CPU cache, then it pushes half of the cache up to its per-CPU cache
(merging one 8KB list into an existing 1MB list). However, if there is insu�cient space
in the per-CPU cache to accommodate the thread local cache's 8KB list, then the global
cache is checked to determine whether a 1MB list can be moved from the per-CPU cache
to the global cache. If this cannot be done, because there is insu�cient space in the global
cache, then no lists are moved, and the object is simply freed directly to the page it was
allocated from. This entails locking that page and modifying the metadata stored there.
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Chapter 3

Memory Reclamation

3.1 Motivation

In running experiments on concurrent tree data structures, I observed that on large scale
NUMA systems with four processor sockets, some data structures that scale similarly when
running on a single socket scale drastically di�erently when running on four sockets. For
example, consider an AVL tree by Bronson et al. [2] that uses optimistic concurrency
control (hereafter, OCCtree), and a concurrency friendly variant of a B-tree by Brown [3]
that uses lock-free techniques (hereafter, ABtree). I performed experiments to compare the
performance of these data structures in a simple microbenchmark. Both data structures
allocated memory using JEmalloc and reclaimed memory using DEBRA.

Experimental Methodology For each thread count n 2 f 6; 12; 24; 36; 48; 96; 192g,
three trials were performed. In each trial,n threads access the same data structure, and
for �ve seconds, repeatedly: 
ip a coin to decide whether to insert or delete a key, and
perform the resulting operation on a uniform random key in a �xed key range [0; 2 � 107).
Note that with a �xed key range, and 50 percent insert operations and 50 percent delete
operations, in the steady state (after threads have run for a long time), the data structure
should contain half of the key range. To avoid measuring the performance of a data struc-
ture as its size is changing at the beginning of the trial, the �ve second measured portion
of the experiment begins once the size of the data structure stabilizes. In each trial, the
total number of insert and delete operations performed per second, across all threads (i.e.,
throughput), is reported. This experimental methodology is similar to that in other papers
that study concurrent memory reclamation (e.g., [5, 28, 26, 25]).
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(a) Performance: DEBRA (b) Peak memory usage (MiB): DEBRA

(c) Performance: leaky (d) Peak memory usage (MiB): leaky

Figure 3.1: Performance and peak memory usage w/JEmalloc, for OCCtree and ABtree,
using DEBRA vs. leaking memory.
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System This experiment was run on a four socket Intel Xeon Platinum 8160 with 384
GB of DRAM. Each socket has 24 cores running at 2.1GHz nominal frequency with turbo
boost up to 3.7GHz, and 48 logical processors with hyperthreading enabled, for a total
of 96 cores and 192 hyperthreads across all sockets. The operating system was Ubuntu
20.04 LTS, with kernel version 5.8.0-55. Code was compiled withg++ 9.3.0-17 with -O3
optimization and std=c++14. All experiments were run withnumactl --interleave=all
and threads were pinned to logical processors such that thread counts 1-24 run on a single
socket, without hyperthreading, 25-48 run in a single socket with hyperthreading, and as
additional threads are added, the same pinning pattern is applied to additional sockets
as needed. (Sockets are populated with one thread per logical processor before additional
sockets are used.)1

Results Figure 3.1a shows the results of this experiment. Each data point shows the
average throughput over three trials, and the minimum and maximum throughput over
these three trials is shown using error bars. Both algorithms scale well up to 48 threads,
but the ABtree stops scaling above 96 threads, whereas the OCCtree continues to scale
(albeit not as well as it did up to 96 threads). One signi�cant di�erence between the ABtree
and the OCCtree is that the ABtree allocates one or two large nodes (240 bytes each) per
insert or delete operation, whereas the OCCtree only allocates one small node (64 bytes)
per insert operation (and does not allocate memory in a delete operation). Figure 3.1b
shows the amount of memory used on average at each of these data points. Interestingly,
peak memory usage for the ABtree is not much higher than for the OCCtree, although it is
somewhathigher at high thread counts, where its scaling is diminished. One might expect
the ABtree to have substantially higher peak memory usage, but this would not be correct.
One possible explanation is that the memory reclamation algorithm simply spends much
more time freeing garbage to maintain a low peak memory usage.

To con�rm this hypothesis, I disable memory reclamation for both data structures, and

1I have included, in the system description, all of the details identi�ed by Grammoli [13] as crucial for
reproducing shared memory multicore experiments. That paper provides, among other things, a concise
study of the impact of thread pinning and turbo boost on performance. In my experiments turbo boost
is enabled, since it is typically enabled on real systems, and it has a substantial impact not only on low
thread counts, but also on high thread counts.

On the experimental system, when the benchmark was run on one or two cores, the clock speeds at
those cores were 3.5-3.6GHz. 4 cores ran at 3.4GHz, 8 at 3.3-3.4GHz, 12 at 3.2-3.3GHz, 24 at 2.8GHz,
and the all-core turbo speed was 2.8GHz, despite the base frequency of the processor being 2.1GHz. This
can make some of the scaling results in this thesis appear somewhat worse than they would be if turbo
boost were disabled, however the absolute performance results at every thread count are better than they
would be in that case.
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simply leak memory, to see whether this closes the performance gap between them. The
results in Figure 3.1c largely con�rm this hypothesis. It is clear that the ABtree allocates
much more memory (Figure 3.1d), which means the allocator must do more work, and
the memory reclamation algorithm must do much more work to maintain a small memory
footprint. This suggests the performance degradation comes from memory management,
either in the allocator or reclamation algorithm, or possibly both. Note that the scaling of
the OCCtree at higher socket counts also appears to have been primarily due to overheads
associated with reclaiming memory, as its scaling appears to be nearly linear in the number
of sockets in Figure 3.1c.

(a) Performance (b) Peak memory usage (MiB)

Figure 3.2: Performance and peak memory usage w/TCmalloc, for ABtree, using DEBRA

Replicating the Result with TCmalloc To understand whether this is just the result
of an interaction between JEmalloc and DEBRA, I also repeated the same experiment
with TCmalloc, another widely used allocator (Figure 3.2). As one can see in Figure 3.2,
TCmalloc scales well up to two sockets but performs poorly when running on more than
two sockets, suggesting that the problem may originate in DEBRA. So, I set out to modify
DEBRA to try to �x this problem.

3.2 Investigating the Reclamation Overhead

Crucially, although DEBRA maintains a similar memory footprint for all of the thread
counts in our experiment (Figure 3.1b), the performance of the ABtree substantially 
at-
tens at high thread counts in Figure 3.1a. This suggests that DEBRA is struggling to keep
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(a) X-axis = time since �rst epoch, Y-axis = thread, colour = epoch, blue dots = epoch change,
between boxes (white space) = time spent accessing ABtree

(b) Zoomed-in version of Figure 3.3a

Figure 3.3: Timeline graph showing how much time threads spend freeing nodes as epochs
change in the ABtree with JEmalloc.
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up with the amount of garbage being produced. DEBRA, like all EBR algorithms, is very
sensitive to thread delays: a single delayed thread can prevent all threads from reclaiming
garbage. To determine if this is caused by thread delays, I visualized the behaviour of
threads, speci�cally the time spent freeing objects, in a graph that I call atimeline. I have
not seen timeline graphs used elsewhere in the literature, but my experience with them sug-
gests they are a very useful tool for investigating performance problems caused by thread
delays. My supervisor and I implemented a highly e�cient mechanism to allow threads to
record data in memory to be printed to �les at the end of an experiment, with very little
impact on performance. (I did not measure any signi�cant impact on performance when
recording up to 100,000 timeline events per thread.)

Figure 3.3 depicts a timeline graph showing how much time threads spend freeing
nodes as epochs change in the ABtree with JEmalloc (and an enlarged region of the graph
is shown in part (b) of that �gure). Rows represent di�erent threads, 240 running threads
are shown in the �gure. Boxes represent time spent freeing batches of old objects that
were removed from the data structure in previous epochs. Boxes are coloured di�erently
to make it clear which epoch a thread is in when it is freeing. Blue dots represent a thread
successfully changing the global epoch number. The blue dots are projected at the bottom
of the graph to show epoch changes made by all threads together. (This makes it easier to
identify periods of time during which the epoch is not changed by any thread.) This �gure
depicts �ve seconds of execution time in the measured part of an experiment.

One can see that there are somegoodperiods of time during which all threads generally
spend relatively little time freeing small batches. There are also some vertical columns of
white space followed by a 
urry of activity wherein threads take a relatively long time to
free their next (few) batch(es) of nodes.

When a bad period begins, more and more threads begin having trouble freeing all of
their objects before the next epoch begins. To understand why, one needs to understand
a little bit more about DEBRA. In DEBRA, while a thread is freeing a batch of objects,
the epoch can change only once. (For it to change a second time, the thread would need
to �nish freeing its batch, and participate in a sort of barrier synchronization across all
threads.) If a batch is big enough, this can have the e�ect of delaying an epoch change in
the near future. Since objects can only be freed when the epoch changes, this e�ectively
reduces how often batches are freed, which increases average batch sizes. The net e�ect
is that more and more time is spent freeing. As more time is spent freeing, less time is
spent actually updating the data structure and creating garbage to be freed, so threads
eventually catch up, and enter a good period once more.

Figure 3.3a also shows the total time spent freeing. In this experiment, 60.77 percent
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of the total execution time is spent freeing objects.

3.3 Amortized Batch Free: Improving DEBRA

The performance problem in DEBRA seems to be caused by the batched free behaviour.
Batching is inherent in EBR, but once a batch of nodes has been identi�ed by EBR as \safe
to free," one does not necessarily need to free them immediately as a batch. To improve
DEBRA, I had the idea to amortize the cost of freeing over time, by gradually freeing one
object at a time, each time an operation is performed on the data structure. I call this
amortized batch freeing.

Figure 3.4a and Figure 3.5a show the timeline graphs of the original DEBRA and
DEBRA with my amortized batch freeing modi�cation. Note that Figure 3.4a is exactly
the same as Figure 3.3a, but I have reproduced the graph here to make it easier to compare
the two pairs of graphs in Figure 3.4 and Figure 3.5. Most of long batch frees shown in
the original DEBRA are eliminated when amortized batch freeing is performed.

The impact of this change on the average number of unreclaimed objects per thread
(i.e., the amount of garbage waiting to be freed) is shown in Figure 3.4b and Figure 3.5b.
The amounts of unreclaimed objects in Figure 3.4b and Figure 3.5b are similar, but in the
original DEBRA, the number of unreclaimed objects drops much more sharply as a batch
is immediately freed.

Looking at the pair of graphs in Figure 3.4, one can see that the sharp drops in the
number of unreclaimed objects precipitate large delays in the timeline graph. On the other
hand, the pair of graphs in Figure 3.5 seem to suggest that the gradual change in the
number of unreclaimed objects does not cause the same issues in the timeline graph.

Moreover, whereas 60.8 percent of the total execution time in the original DEBRA is
spent freeing objects, resulting in a total throughput of 39.3 million operations per second
(Figure 3.4a), the version with amortized batch freeing spends only 30.6 percent of the total
execution time freeing objects, resulting in a total throughput of 91.0 million operations
per second (Figure 3.5a). From these results, it seems that amortized batch freeing can
yield substantial performance improvements by reducing the overhead of freeing nodes.
Crucially, note that the algorithms that performs amortized batch freeing spends half as
much time freeing nodes, even though it allocates and frees more than twice as many nodes
(because of its increased throughput). This suggests the improvement in the overhead of
managing memory is on the order of 400 to 500 percent.
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(a) X-axis = time since �rst epoch, Y-axis = thread, colour = epoch, blue dots = epoch change,
between boxes (white space) = time spent accessing ABtree

(b) X-axis = epoch number, Y-axis = average number of unreclaimed objects per thread

Figure 3.4: Timeline graph and average number of unreclaimed objects per thread of the
original DEBRA in the ABtree with JEmalloc.
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