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ABSTRACT OF THE DISSERTATION

An Observational and Statistical Technique for Efficient Big Data Applications

by

Christian Navasca

Doctor of Philosophy in Computer Science

University of California, Los Angeles, 2023

Professor Harry Guoqing Xu, Chair

Big Data systems such as Hadoop and Spark enable companies and people to process huge

data processing workloads that would otherwise be impossible to complete. Many thousands

of applications run atop each of these systems, making it all the more important for them

to be both performant and maintainable.

The development of these systems is no small feat. They handle issues such as cluster

management and load balancing so that users of the systems can focus on the data pro-

cessing problems instead. While this is good for the end user, it means that these systems’

codebases are very complex, and often make some concessions (such as choosing a managed

programming language) in order to mitigate this complexity in development.

This dissertation aims to improve these systems with the idea of optimistic optimizations.

This means that we aggressively try to perform optimizations even if they may sometimes

be unsound, or cause slowdowns, when they will be beneficial overall. We apply this idea in

three works in this direction, to improve different aspects of Big Data systems.

First, we present a Java-based compiler and runtime system named Gerenuk, which

transforms a Big Data program to use inlined native bytes, rather than objects, to achieve
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end-to-end speedups and improved memory usage. We show that while this transformation

does not work in the general case, because of the typical behavior of objects in this context,

most objects will see a benefit, and we show a recovery technique for objects that behave

differently.

Second, we present a learning technique to predict profiling data of applications, to

perform profile-guided optimization across a Big Data cluster, without profiling it in its

entirety. Given a high enough model accuracy, we can predict how objects typically behave,

based on their allocation sites. However, based on the confidence of the model, a system

could choose to not perform the optimization.

Finally, we present a learning technique to predict context-sensitive points-to information

from context-insensitive information. These predictions are much faster than calculating

context-sensitive information, and can be useful in scaling these analyses to the size of these

systems’ codebases. While these predictions could be wrong, based on a user’s needs, we

can provide an insensitive solution, run the real (slow) analysis, or adjust the model based

on required expected precision and recall.
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CHAPTER 1

Introduction

Big Data systems such as Hadoop and Spark enable companies and people to process huge

data processing workloads that otherwise be impossible to complete. Each framework sup-

ports many applications, making these systems a good target for optimization tasks, as

improving a single system can benefit thousands of downstream tasks.

The development of these systems is no small feat. They handle issues such as cluster

management and load balancing so that users of the systems can focus on the data processing

problems instead. Modern Big Data systems such as Hadoop [10], Spark [175], Flink [12],

and Hive [11] are written in object-oriented managed languages, such as Scala and Java.

These languages ease development and enable quicker deployment, as the managed runtimes

handle tasks such as memory management automatically. This of course comes with a cost:

there is an overhead to managed runtimes.

Managed runtimes incur heavy runtime costs [122, 125, 56, 30] which can greatly reduce

the efficiency and processing capabilities of a cluster. A major source of this cost comes from

the fundamental abstraction used by object-oriented programming – everything is an object.

We address this problem first using speculative program transformation which optimistically

optimizes programs based on the observation that most data objects are immutable and

confined in this setting (chapter 2). While this observation does not hold for all cases, it is

true for the vast majority of data objects.

More generally, if we know how certain objects will behave, we can make smarter opti-

mization choices. This idea appears in the form of profile-guided optimization (PGO), and
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has been used to great success in a number of tasks [142, 69, 160], but as the name suggests,

require profiling runs. However, it is difficult to gather performance profiles across an entire

cluster to capture these object behaviors. This is due to added requirements to deployment,

as PGO pipelines must be carefully constructed to produce good, representative, profiling

data. Instead, we can use machine learning, specifically large language models for code, to

predict object-level behavior (chapter 3). These object-level predictions could then be used

to make optimizations without any profiling.

We can also look to make optimizations in a static context. Static analysis is incredibly

useful for improving the correctness of a system, but it is difficult to handle the scale of Big

Data system code bases. In Chapter 4, we investigate predicting context-sensitive points-

to information using neural networks, augmented with statically available code. Instead of

calculating a context-sensitive solution, we train a model to predict it from the context-

insensitive solution, allowing us to find a context-sensitive solution in a fraction of the time.

This predicted context-sensitive points-to information can be used as a basis to analysis

clients such as virtual call resolution, null pointer dereference detection, and many other bug

finding tasks.

Below is a brief overview of the works in this dissertation:

Chapter 2: Gerenuk, Thin Computation over Big Native Data Using Specu-

lative Program Transformation. Big Data systems process billions of data items, which

are represented as billions of objects. This object representation inflates memory usage due

to meta-information required by the managed runtime, such as object headers. This mem-

ory inflation incurs exceedingly high garbage collection (GC) overhead and results in either

increased computation costs to satisfy the memory need, or increased memory-disk round

trips. Additionally, this sea of objects must be shuffled between machines, and each shuffle

must serialize objects into native bytes before sending them over the network, and deserialize

them back into objects at the receiving end.

One solution is to directly represent the data items as native bytes, rather than objects.

2



This representation would have a number of benefits. First, we would remove the memory

overhead of objects (as there are no object headers). Second, we would remove the need to

serialize and deserialize data (as the format on the network is the same). Finally, we would

remove a significant amount of GC cost, as these data items are no longer objects and the

GC needs to handle many fewer objects.

However, as discussed in chapter 2, this approach is only viable if objects are immutable

and confined. One key insight of this work is to do this optimization optimistically, as most

data objects will behave this way. In the cases where objects do not behave this way, we

can simply fall back to the unoptimized, non-Gerenuk, code. While this means we cannot

optimize every case, it enables Gerenuk to focus on the common case: the well-behaved data

objects. By focusing our efforts on these data objects, we improved performance of Big Data

applications by 1.6x, and reduced memory usage by 26%.

Chapter 3: Predicting Dynamic Properties of Heap Allocations using Neu-

ral Networks Trained on Static Code. Memory allocators and runtime systems can

leverage dynamic properties of heap allocations – such as object lifetimes, hotness or access

correlations – to improve performance and resource consumption. A significant amount of

work has focused on approaches that collect this information in performance profiles and

then use it in new memory allocator or runtime designs, both offline (e.g., in ahead-of-time

compilers) and online (e.g., in JIT compilers). This is a special instance of profile-guided

optimization.

This approach introduces significant challenges: 1) The profiling oftentimes introduces

substantial overheads, which are prohibitive in many production scenarios, 2) Creating a

representative profiling run adds significant engineering complexity and reduces deployment

velocity, and 3) Profiles gathered ahead of time or during the warm-up phase of a server are

often not representative of all workload behavior and may miss important corner cases.

In this paper, we investigate a fundamentally different approach. Instead of deriving

heap allocation properties from profiles, we explore the ability of neural network models

3



to predict them from the statically available code. We describe the trade-off space of this

approach, investigate promising directions, and motivate these directions with data analysis

and experiments, but we do not believe that this is a solved problem. We believe that future

work in this space could be very impactful, especially given recent advancements in Large

Language Models, especially LLM’s for code.

Chapter 4: Code Embedding for Refinement-based Context-sensitive Points-

to Analysis. Points-to analysis is a fundamental static analysis that answers the question

“what can this variable point to?”. While important on its own, it is an essential building

block for nearly any program analysis tool. In order to produce sound results, these analyses

are typically imprecise, meaning they report many false positives (which result in many user-

facing warnings). Context-sensitivity has been one of the most successful ways of improving

precision of points-to analyses, but they are incredibly slow – sometimes taking days to

analyze even mid-sized codebases.

In this work, we aim to predict this context-sensitive information using GNNs. The bene-

fit is performance: whole-graph GNN inference might take seconds or minutes, an incredible

speed up potential over the slow analysis. We describe a way to create a GNN-based clas-

sification model from a CFL-reachability formulation of context-sensitive points-to analysis,

and how we can address some challenges we encounter on the way, such as generalization

and model mispredictions.

4



CHAPTER 2

Gerenuk: Thin Computation over Big Native Data Using

Speculative Program Transformation

Object-oriented managed languages are popular because they automate development tasks

such as memory management. However, it comes at a performance cost. Object represen-

tation adds memory and computation overhead, but it is acceptable in the context of small

applications or even applications that use thousands of objects. However, in this Big Data

setting, when we process billions of objects, this overhead can become a problem. In this

chapter we ask a question: can we remove objects altogether? Gerenuk shows that it is

possible, due to a simple observation: most objects in these systems can be represented in a

much simpler way.

2.1 Introduction

Modern Big Data systems, such as Hadoop [10], Spark [175], Flink [12], or Hive [11], were all

implemented in object-oriented languages such as Scala and Java due to the high productivity

enabled by these languages. However, managed runtime systems incur a heavy runtime

cost [122, 125, 56, 30], leading to reduced efficiency and processing capabilities. A major

source of this cost comes from the fundamental abstraction of object-orientation—everything

is an object.

For data-intensive systems, each computational iteration needs to process billions of data

items, which are represented as billions of objects. Previous work shows that this object-
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based representation can inflate the memory usage by almost four times [30] due to the

extra meta-information required by the managed runtime such as object headers, padding,

pointers, etc. Such a huge memory inflation incurs exceedingly high garbage collection

(GC) overhead, up to 70% of the total execution time [123], and results in either increased

computation cost to satisfy the memory need or increased memory-disk round trips.

Big Data systems often need to shuffle billions of objects, and representing each data

item as an object dictates that each shuffle needs to serialize many objects into native bytes,

transfer them over the network, and deserialize the bytes back into objects before they can

be processed at a remote machine. Evidence shows that serialization and deserialization

can take up to 30% of the execution [125]. This cost will only increase as systems become

more heterogeneous by incorporating heterogeneous software/hardware components, such

as UDFs in different languages or accelerators. All represent data in their unique formats,

dictating even more frequent serialization and deserialization.

State of the Art. The cost of representing data as objects has been a known problem,

with much recent effort attempting to reduce this cost. Some work tackles one aspect of

the problem. Skyway [125] lowers the (de)serialization cost by directly transferring objects

through the network, and hence, cannot help with memory inflation and GC problems (it

actually brings some data inflation into network packages). Yak [123] lowers the GC cost

by adapting the GC algorithm to fit lifetime patterns in data-intensive systems, and does

not solve memory inflation or (de)serialization problems. Broom [64] provides APIs for

Naiad [116] developers to manually allocate/deallocate data objects in regions. It works

only for Naiad and does not provide automated support.

Some work provides a partial solution by focusing only on certain data types. For exam-

ple, Tungsten, a Spark project, enables abstractions such as DataFrame and DataSet to be

stored in native memory on which hashing and sorting can be directly performed. However,

such abstractions work only for simple primitive or sequence types, but not for user-defined
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types that involve structures and pointers, such as various sparse/dense vectors used in

machine learning algorithms.

One approach that may fundamentally address this problem is to automatically transform

the (system and user) code so that data items are represented as native bytes and data

processing is performed in native memory. The feasibility of this approach depends on how

data are processed.

The good news is that prior work [30] observed that the majority, more than 95%, of

runtime objects are created and used by a rather small and simple codebase that primarily

conducts data manipulation like map, reduce, and relational operations, which are amenable

to and can benefit greatly from such a transformation. Only less than 5% of runtime objects

are created by a large and complex codebase for cluster management, scheduling, com-

munication, and others, which are extremely difficult to, and fortunately need not to, be

transformed. The bad news, however, is that there does not exist a clear separation between

the former, referred to as data path, and the latter, referred to as control path—they are

often heavily mixed inside one class and even one method.

A recent technique Facade [122] attempts to provide such a transformation as described

above. However, since it aims to transform one whole class at a time, and turns every field

in a class into a native representation and every statement in every method of the class into

a native-byte operation, using Facade requires a huge amount of code refactoring to split

many classes and methods to make sure that data and control code modules do not interfere,

making it extremely difficult to use in practice (more details in §2.2).

Our Key Insight. To make transformation more effective, our first insight is that we

should perform fine-grained transformation on individual statements rather than a class/method

as a whole—if we identify and transform only the statements to which data objects can flow,

the analysis and transformation effort is much more focused and the need for manual refac-

toring is much less. Specifically, even if a class contains both control-item and data-item
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fields, we do not need to split the class; even if a method contains some statements process-

ing control items and some processing data items, we can leave the former as is and only

transform the latter. Hence, no refactoring is needed at the class level to achieve a clean

separation between control and data paths.

Of course, fine-grained transformation does not solve all the problems. Our goal is to

represent all data objects by inlining only their payloads in native bytes. This cannot be

done under certain circumstances. First, although extremely rare, some data objects may

escape to and get referenced by classes in the control path, and hence cannot be turned into

a native representation. Second, although extremely rare (again), some data items may be

used on the data path in a way that is not amenable to the use of a native representation.

For example, if field f of object o is to be updated during execution, o cannot be turned into

native bytes, which would inline the object referenced by o.f and leave no reference inside o

for update.

We solve these remaining problems and hence eliminate the need for manual refactor-

ing through our second insight : since data objects created by most applications are indeed

immutable and confined (i.e., they never escape to external objects), we can develop an opti-

mistic technique to speculatively transform programs assuming immutability and confinement

of data objects. Such a transformation can easily succeed with little user involvement and

apply to a broad range of applications, as long as the transformed program can notice and

respond appropriately to rare mis-predictions about data-object properties at run time.

Gerenuk. Based on these insights, we developed Gerenuk, a Java-based compiler and

runtime. The Gerenuk runtime contains a serializer that represents all data objects in an

inlined, serialized form with all headers and pointers eliminated and stores them in native-

memory buffers. The Gerenuk compiler automatically transforms a program, converting

its data-manipulating statements and making them operate directly on these inlined native

bytes. Achieving this ambitious goal has three major challenges.
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The first challenge is how to identify which code statements to transform. Our approach

is based on a key observation that data-processing logic is task-based. As illustrated in

Figure 2.1, each task (e.g., a stage in Spark or a Map/Reduce execution in Hadoop) starts

at a shuffling phase where each compute node reads in a new set of data items; these data

items get deserialized into objects, which then flow through a series of system-level and user-

defined processing functions; at the end of the task is another shuffling phase that serializes

each object into a sequence of bytes and then sends them to files or the network. In other

words, data flows from the deserialization point at which heap objects are created from

native bytes (e.g., a call to method readObject) to the serialization point at which heap

objects are converted back to bytes (e.g., a call to method writeObject).

...

Input from 
worker A

Input from 
worker B

Input  from 
worker C

Output to 
worker A

Output to 
worker E

map, reduce, 
filter, count, 
user-defined 
functions, ...

Machine dependent meta data, reference, etc.

Machine independent object data

Object reference

Figure 2.1: The flow of data objects.

This data flow naturally defines a speculative execution region (SER) for transformation

and execution. Using these start and end points, Gerenuk automatically identifies the set of

statements involved in the flow, transforming them with the goal to skip the entire deserial-

ization and serialization process and let the processing logic operate directly over the native,

serialized form of data objects.

Note that this is a one-stone-multiple-bird approach. First, no objects including their

headers and pointers are created for data items, leading to great reduction in memory con-

sumption and GC overhead. Second, Gerenuk eliminates almost all serialization/deserializa-

tion effort, which has been shown to be expensive [125, 121]. Third, since a native buffer
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stores only data items for one particular task, the buffer is naturally amenable to region-

based memory management — we can safely release the buffer as a whole at the end of the

task without even needing to scan the items. Essentially, Gerenuk removes all three types of

overhead—memory usage inefficiency, serialization, and garbage collection—from the man-

aged runtime for data processing whereas existing techniques could eliminate only one or a

subset of them.

The second challenge is how to transform the program to conduct processing over native

bytes, which represent inlined data structures rooted at a set of top-level objects. For

example, in Gerenuk, our serializer represents each data object o as a byte sequence by

inlining the data payloads from o as well as other objects reachable from o on the object

graph, with all pointers eliminated. The question here is, thus, without deserialization,

can the transformed program directly process each inlined data structure containing only

payloads, rather than individual objects connected by pointers?

As discussed earlier, we adopt an optimistic approach — we transform the program spec-

ulatively assuming that all data objects are immutable and confined in their data structures.

Our compiler identifies a set of program locations at which this assumption could be

potentially violated. The compiler instruments, at each violation point, code that aborts the

SER. Once a SER is aborted, the Gerenuk runtime discards the current task execution and

re-executes the original, unmodified task with the same input data. This task deserializes

bytes back into heap objects and uses these objects for processing.

The third challenge is how to safely re-execute upon a violation. Our solution is based on

a simple observation that data objects are immutable and hence the execution of any task

would never modify the input buffers (i.e., the execution gets aborted before modifying).

Upon the abortion of a SER, the current executor (e.g., a thread in Spark or a JVM instance

in Hadoop) is terminated with all intermediate buffers discarded. The failed SER may

have modified some control objects, but once the executor terminates, all of the control

information of the executor is removed as well. Gerenuk then launches a new executor to
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Figure 2.2: Gerenuk’s overview.

class DenseVector[V] (
val data: Array[V],
val stride: Int)

...
}

class LabeledPoint (
val value: Double ,
val features:
DenseVector[Double ])
...

}
Figure 2.3: A user-defined data structure in Spark for Logistic Regression program.

execute the “slow path”, which is the unmodified SER, with the original input buffers.

Note that this is possible only for data-parallel systems — there is no global state shared

between multiple tasks (e.g., a similar observation has also been used in [56]) — a SER either

succeeds and produces results to be fed to another SER, or aborts, causing the system to

instead execute the unmodified version of the same SER on the same input. The implemen-

tation of abort only needs to call a few methods to launch a new executor and terminate the

current executor.

An overview of Gerenuk is illustrated in Figure 2.2. We have implemented the Gerenuk

runtime in OpenJDK 8 and the Gerenuk compiler on the Soot Java compiler framework [148].

Using Gerenuk, we automatically transformed a set of applications on Apache Spark [175] and

Apache Hadoop [10]. Gerenuk’s transformation has improved the end-to-end performance

for these two systems by an overall factor of 2× and 1.4×, respectively.

2.2 Extended Motivation

How Data Path and Control Path Mix. Consider the class StreamingContext, which

is the main entry point for streaming-related functionality in Apache Spark. Many meth-
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double
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Double

Int

DenseVector

Double[2]

Double Double

Figure 2.4: The difference in memory layout between the heap and native-buffer (inlined)
representation of an array of three LabeledPoint objects; the space overhead incurred by
the JVM is nearly 2× larger than the actual data size.

ods defined in this class are data-processing methods (e.g., textFileStream which creates an

RDD from a text file) while other methods contain control code that does not manipulate

user data. All of these methods need to share certain global control state, which is main-

tained in instance fields of the class. For example, one of these fields stores the current file

system directory information, which is used by both data manipulation methods and control

methods.

If we follow the whole-class transformation philosophy in Facade [122], developers must

manually refactor and split StreamingContext into a data component (e.g., a new DataContext

class) and a control component (e.g., a new ControlContext class) that contain methods that

process vs. do not process user data, respectively. Since the shared instance fields that used

to be in the same class now get split into two copies (one in the heap and a second in

native memory), the user must also guarantee consistency between these copies. For any

real-world system, such manual refactoring effort is huge (e.g., several weeks to months),

creating significant obstacles for practical adoption.
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Figure 2.5: The ratios between the total bytes of data objects and the size of their actual
payload.

Analytical Motivation. To understand the space overhead incurred by the object-

based data representation, we studied a Spark application that computes logistic regressions

and analyzed the number of bytes consumed by its data objects. In this application, the

user defines a LabeledPoint class as the data type (i.e., the type of the RDD elements).

This definition is shown in Figure 2.3. Each LabeledPoint object references a variable-length

vector of double values.

Figure 2.4 compares the object-based representation of an array of three LabeledPoint

objects and its corresponding native, inlined representation. Under the native representation,

each inlined LabeledPoint contains 3 int and 3 double values, taking 36 bytes. An array with

three LabeledPoint records all inlined only needs 4+36×3 = 112 bytes, where 4 is the number

of bytes needed to record the array size. However, the object-based representation, which

connects these objects with pointers, requires, in addition to the 112-byte data payload, an

overhead of 8 object headers and 9 object references. These headers and references take

8×16+9×8 = 200 bytes, bringing the total bytes needed to 312 bytes. Hence, the object

representation overhead is nearly twice the size of the actual data payload.

Empirical Motivation. To empirically quantify this space overhead and its related

runtime overhead, we ran three graph analytics programs on Apache Spark. We used Spark

version 2.1.0 on a cluster of 11 nodes, each with 2 Xeon(R) CPU E5-2640 v3 processors, 32GB

memory, 1 SSD, running CentOS 6.9 and connected by a 1000Mb/s Ethernet. The three

graph programs were PageRank (PR), ConnectedComponents (CC) and TriangleCounting
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(TC) over four real-world graphs, LiveJournal [14], Orkut [67], UK-2005 [26], and Twitter-

2010 [92]. Kryo [91], a high-performance serializer, was used.

To understand the size difference between data objects and their serialized bytes, we

modified Kryo to report the numbers of bytes occupied by data objects before and after they

were serialized by Kryo for each shuffle. The first number includes the size of the actual data

as well as the space overhead incurred by the JVM, and the second number represents the

size of the actual data in the inlined form. Finally, these numbers were aggregated across

the machines.

Figure 2.5 reports the ratios between these two numbers. Across the programs, the overall

ratio is 3.5×. In other words, the extra space incurred by the object-based representation

is 2.5× as large as the actual payload size. The main reason for this large overhead is that

these applications create billions of small objects (e.g., java.lang.Integer, java.lang.Long

or java.lang.Double), whose corresponding header/pointer overhead cannot be amortized

by actual payloads.

Anticipated Benefits. These results highlight several potential benefits that can be

achieved if the processing engine can work directly over native bytes. First, we expect that

much of the 2.3× memory overhead can be eliminated as the program directly operates over

the serialized bytes. Memory savings in Big Data systems can often translate to increased de-

grees of parallelism due to more available memory and thus the ability to run more executors.

Second, we expect significant reductions in computation time due to reduced pointer chas-

ing effort as well as eliminated runtime checks (e.g., array bound checks and write barriers

performed by the managed runtime). Third, we expect that the serialization/deserialization

time, which could take up to a third of the execution time [125, 121], will be significantly

reduced because the same (native) format is used when data is transferred over the net-

work. Finally, we expect large savings in garbage collection since data items are no longer

represented as objects, and hence, the GC only needs to scan a much smaller number of
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objects. In the initial experiment described earlier in this section, we did not see much GC

overhead (< 10%) from Spark’s executions because the size of data per machine was small

relative to the size of the heap (i.e., 30GB) used. However, the GC overhead can grow to

dominate the execution for large inputs, as shown in prior works [123, 30, 111, 64] as well as

our experimental results (§2.4).

Applicability. Gerenuk is designed specifically for dataflow systems. There are two

conditions under which a system is amenable to our transformations. First, data objects

exhibit the data flow shown in Figure 2.1 (e.g., there are sources and sinks). Second, data

objects do not carry state and are immutable. While our current implementation does not

work directly for other dataflow systems such as Scope [33], Hyracks [80], or Naiad [116], the

aforementioned two conditions hold for these systems, and hence they can all benefit from

the proposed transformations. Gerenuk cannot optimize systems for which the conditions do

not hold. For example, if a system does not clearly define sources and sinks for data objects,

we cannot identify the dataflow. As another example, if data objects are not immutable, the

transformed program would always abort, resulting in large performance penalties.

2.3 Gerenuk Design and Implementation

Gerenuk contains a compiler that performs speculative transformations and a runtime that

implements speculative execution logic. During the execution of the transformed program,

the input of each computational iteration is a sequence of bytes representing a set of inlined

data structures each rooted at a top-level data item (i.e., an RDD element). The output of

the iteration is another sequence of bytes, representing the generated data structures to be

shuffled.
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2.3.1 User Effort

Gerenuk’s compiler takes as input a user program (e.g., a Spark dataflow program or a

Hadoop map/reduce program) and three types of annotations described below. It then

transforms both the user application and data-processing system code, and finally outputs

a new version of the user application and system code that operates over native data. The

old version of the code is kept, since it will be executed when a SER is aborted. Gerenuk

requires the user to provide three pieces of information.

First, since a speculative execution region starts at a deserialization point and ends at a

serialization point, Gerenuk relies on the user to identify these two points. For Hadoop, a call

to WritableDeserializer.deserialize() in method nextKeyValue of class ReduceContextImpl

is a deserialization point, while a call to WritableSerializer.serialize() in method append

of IFile is a serialization point. There can be multiple deserialization and serialization

points for a system. Gerenuk uses these (de)serialization points to automatically identify the

statements through which data flows for transformation (see §2.3.5). Although specifying

serialization APIs requires system-level knowledge, this task can be done by a Spark or

Hadoop system developer once and for all and has only one-time cost, since Spark and

Hadoop all have clear serialization modules and their APIs rarely change.

Second, the user needs to specify the types T of top-level data items processed in the

program (e.g., via annotations). For example, for a Spark program, these data types include

the element types of the RDDs in the program (e.g., DenseVector). For a Hadoop program,

they include the types of keys and values that are read from or written into HDFS. The

Gerenuk compiler will identify the data structure rooted at each such type to establish a

mapping between its native (inlined) format and object-based format (see §2.3.3).

Third, the user specifies the type of data collections. In the case of Spark, the collection

type is any subtype of org.apache.spark.rdd.RDD; for Hadoop, each input or output buffer is

a data collection and the types of these buffers need to be specified. Based on these specified
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collections, Gerenuk will generate new collection types that use long as their elements instead

of objects. For example, an RDD type ResultRDD⟨DenseVector⟩ will be transformed into a

new type ResultRDD⟨long⟩ that represents DenseVector objects natively using byte buffers

and each long value indicates the starting address of a data record.

2.3.2 SER Code Analyzer

The first component of the Gerenuk compiler is a context-sensitive, path-sensitive static

analysis that traces the flow of data objects in a SER to identify all statements involved

in the SER. These statements need to transformed, in the next step, to operate over the

native bytes. Since we analyze Java bytecode rather than source code, Gerenuk works for

all programming languages executed on JVMs, including Java, Scala, etc. Treating each pair

of (user-specified) deserialization and serialization points as a source and a sink, Gerenuk

analyzes both system and user application code to identify all statements through which

data objects can flow from the source to the sink. These statements form the data path we

want to automatically transform.

Our analysis is similar to a static taint analysis—it starts by tagging the variable defined

at a deserialization point (e.g., v in v = readObject()) and then propagates the taint mark

from one variable to another by tracking the data flow from the source to the sink. In general,

for each assignment a = b, we taint a if b is tainted. A static taint analysis is known to

be imprecise due to its reliance on static modeling of heap accesses and static resolution of

virtual method calls. To make the analysis report less irrelevant information, we adopt the

following three approaches.

First, for an object field read or an array read, our analysis tracks the flow from both the

pointer and the value dereferenced from the object field. For example, for a read statement

a = b.f, suppose o is an allocation site in the points-to set of b. We taint a if (1) either b is

tainted, or (2) the field o.f is tainted where o.f statically models the heap location referenced

by b.f . The reason here is that if the object o referenced by b is a data object that comes
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from deserialization, then the object referenced by b.f should also be a data object and hence

be tracked by our analysis.

For an object write such as b.f = a, we do not taint the left hand side o.f because if a

references a data object, this write would indicate that the object escapes the current data

structure to a different one. In this case, our compiler will insert an abort instruction at the

write to abort the SER instead of tracking the object further. How abort instructions are

inserted is discussed in detail in §2.3.4.

For an array write such as b[. . .] = a, we only need to taint o.ELE (where ELE is a

placeholder representing array elements) if the object (say o1) referenced by a is a top-level

data record (of a user-defined data type T ). In this case, this statement represents writing of

a data record into a data collection (e.g., the backbone array of an RDD) and hence we must

track the flow of the object. If o1 is a lower-level object that belongs to the data structure

rooted at type T , this write represents an escape operation and our compiler would insert

an abort.

Second, unlike a traditional taint analysis that propagates the taint mark in all directions,

the sink information in our analysis provides tremendous help in pruning away flows—flows

that do not eventually lead to the sink are often due to the conservative handling of static

analysis; they are eliminated and the statements not flowing to the sink are not considered

for transformation. The underlying assumption here is that data objects in a SER will

eventually all go to some kind of serialization (e.g., to disk files or the network), which is

the case for modern data-parallel systems. An avid reader might notice that the correctness

hinges on whether all serialization points can be found. Therefore, a conservative approach is

to insert an abort on the paths that do not lead to any sink —even with a missed serialization

point, the program can still run correctly.

Third, control flow is not tracked. Since our goal is to find a set of methods to be

transformed instead of tracking full-blown information flow, we do not taint a variable if it is

only control-dependent on a predicate that involves a tainted variable. Furthermore, unlike
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a traditional taint analysis that needs to propagate taint marks via arbitrary arithmetic

operations, we focus only on object references; primitive-type values are irrelevant in this

context.

Eventually, our analysis returns a set of statements (and their containing methods) on

the flows of data objects from the point at which they are created from deserialization to

the point at which they are serialized to bytes.

2.3.3 Data Structure Analyzer

The second component of Gerenuk compiler is a data structure analyzer. Given a top-level

data type T specified by users (like an element type of an RDD as discussed in §2.3.1), the

analyzer explores all classes referenced directly or transitively by T , and outputs a map that

maps each primitive- or array-type field in these classes to its corresponding offset inside

the native buffer-based representation of T . This offset information will later be used by

Gerenuk to replace object-based field accesses in the original program with native buffer-

based accesses in the transformed program.

At a high level, our algorithm uses a DFS traversal, starting from T , to recursively explore

a class hierarchy rooted at the top class T . During the traversal, it calculates offsets in a

bottom-up manner—it calculates the size of each class at the bottom of the hierarchy and

takes into account their sizes when computing offsets for those primitive- or array-type fields

in top classes. If every class has a fixed size (i.e., does not directly or transitively reference

an array), the algorithm is straightforward, as the class sizes and field offsets can all be

statically calculated. If a class has a variable size, our algorithm uses symbolic expressions

in the size/offset calculation, which we elaborate below.

Consider the following class that defines a data structure that does not have a statically

decidable serialized size: class C { int a; long[] b; double c; }.

The offsets for field a and field b in a record of C are straightforward, 0 and 4, but the offset
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for c is non-trivial. The offset of field c consists of (1) the size of field a, which is 4, and the size

of array-field b in its native representation, which further consists of (2) 4 bytes that stores

the length of array b, denoted as b.len and (3) the size of the content of array b (8× b.len).

Since b.len is stored in front of the data content of b and right after field a, it can be accessed

at run time by an auxiliary function provided by our runtime readNative, which takes three

parameters, the base address of the current record, the offset in the current record, and the

number of bytes to read. Consequently, the length of b can be computed by readNative

(BASEC , 4, 4), with BASEC representing the starting address of the current record of C in

the inlined bytes; the offset of field c can be computed by 4 + 4 + 8×readNative(BASEC , 4,

4); and the total size of class C is 16 + 8×readNative(BASEC , 4, 4).

The above size expression of C will be used to compute offsets for the fields in classes

that directly or transitively reference C. Specifically, when the DFS traversal finishes C and

returns to an upper-level class C ′, BASEC will be replaced with an expression containing a

new symbolic value BASEC′ representing the starting address of a record of C ′. Eventually,

when the DFS exploration finishes back at the top-level type T , all the offset expressions are

represented w.r.t. the starting address of a record of T . The concrete value of this address

will be provided by the runtime during execution.

Special Cases. Special support is developed to handle strings—since strings are commonly

used types, instead of fully analyzing the String class, our analysis treats a string as a

character array; specialized string operations are provided to access and manipulate the

array. Gerenuk supports generics in Java/Scala. The analysis tracks the type parameters

that a class is instantiated on and uses this information to determine the types of the class’s

internal fields. Some of the classes in the Java Collection framework (e.g., Vector<E> has

an internal array of type Object and not an array of type E) do not fully make use of generic

types for their internal fields—Gerenuk has been extended with the knowledge of internal

field types for commonly-used collections.
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Our analyzer stops upon seeing a data structure whose shape is not a tree. Such data

structures cannot be represented without pointers. In practice, however, real-world data

types are often simple (e.g., at most two or three layers) and we have never seen such

structures in our evaluation. Note that we built a customized serializer that inlines all data

records. Hence, we do not need to compute offsets for pointers as they do not exist in the

serialized bytes.

2.3.4 Computing Violation Conditions

Taking as input the set of methods returned by the SER code analyzer, Gerenuk transforms

each method so that the transformed method can process the inlined bytes. The central

idea of the transformation is to rewrite each field access that reads/writes a data object o

as an access to o’s corresponding inlined bytes stored in a native JVM buffer (that comes

from disk files or the network). However, not all field accesses in the original program can

be transformed. Before describing our transformation algorithm, we first present a list of

violation conditions—those under which memory accesses cannot be performed on inlined

data. Gerenuk transforms the program optimistically while instrumenting abort instructions

at each violation point.

The fundamental assumption under which the transformed program can successfully pro-

cess the inlined data is that objects in each data structure rooted at each user-defined data

type T are reference-immutable and confined in the data structure. However, due to the

conservative nature of static analysis, the Gerenuk compiler often sees cases where these

conditions may be violated (although they may not actually be violated at run time). To

guarantee that our transformation is safe, we build a “fence” around the violation points by

inserting abort instructions.

• Violation #1: Load-And-Escape. Consider the following code snippet: v =

n.f; o = new O(); o.g = v;
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Suppose our analysis finds that variable n refers to an object in an inlined data record

(rooted at a user-defined type T ). This case violates our confinement assumption—a

reference read from n.f escapes the data structure and gets assigned into another

object o. In the inlined bytes, such a reference would not exist, and hence, this piece

of code would cause an execution failure.

• Violation #2: Disrupt-the-Native-Space. If there exists a statement n.f = o

that writes a reference of a regular heap object o into an object n that is part of an

inlined data record T , the execution would fail because the inlined bytes cannot hold

Java references. This is a violation of our immutability assumption.

• Violation #3: Invoke-Native-Method. A violation occurs if we encounter a call

site p = n.m() where n is an object in a data structure T and m is a native method,

because a native method may create external side effects. However, certain native

methods are frequently invoked. While calls to native methods are generally considered

as violations, Gerenuk provides customized implementations (that can work with the

inlined bytes) for a set of frequently-used native methods, such as clone, hashcode,

toString, and arrayCopy, to improve usefulness.

• Violation #4: Use-Object-Metainfo. A violation occurs if the metadata (such

as the lock) of an object in an inlined data record T is explicitly used. An example

code snippet is v = n.f; synchronize(v){...}. Here variable n refers to an object in

an inlined data record and hence v also points to an object in the data record. Use of v

as a lock would lead to a violation detected by our compiler because in the transformed

program, v and n are no longer objects and hence no lock can be obtained from them.

Note that these four conditions are complete in describing immutability and confinement

violations—no violations can possibly occur without encountering an abort first. This can

be easily seen by reasoning about the cause of violations—reference passing between native

data and the Java heap. In particular, there are two possible scenarios in which reference
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passing can occur: (1) the program reads an object reference from native data and writes it

into the Java heap and (2) the program reads a reference from the heap and writes it into

a native buffer. These two cases are covered, respectively, by the first and second violation

conditions.

Attempting to read a reference from native data and use it for any non-payload-access pur-

poses (e.g., invoke a method or obtain the object metadata) should also be forbidden—this

is not possible to do in the transformed execution because no object would exist in native

buffers. Invocations of regular methods will be inlined (see Case 9 in Algorithm 1) and

not exist after transformation. However, inlining cannot be done for calls to native meth-

ods, and hence, the third condition inserts an abort when encountering a native method

call. The fourth condition protects the execution from running into any metadata-obtaining

statement.

Since we focus on data-parallel systems where data objects are immutable and confined

for most workloads, many of these statically-detected violations are false positives due to

the conservative nature of a static analysis, and hence, they do not occur during execution

and also do not lead to abort-and-retry under the Gerenuk runtime.

In most cases, a violation is generated when a lower-level type (e.g., Vector) in the class

hierarchy of a user-defined data type T is instantiated in other locations; objects created

in these other locations can be mutated but those created under T cannot. A conservative

technique, such as Facade, has to rely on human developers to manually refactor violating

statements to make sure the static analysis would not see these statements during trans-

formation. On the contrary, Gerenuk does not attempt to successfully transform an entire

method/class; it simply inserts abort instructions, making it significantly easier for our trans-

formation to succeed.

All of the aborts that are inserted due to overly-conservative static analysis will not be

triggered at run time, thus not degrading performance. Aborts may also be inserted when a

data type cannot be represented as inlined bytes (e.g., objects of the type can be updated)
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—these aborts will be triggered, although such cases are extremely rare.

2.3.5 Speculative Transformation

Gerenuk first transforms each user-specified collection class (like RDD) by replacing each

occurrence of each data type T with a long value that indicates the starting address of a

record. In Spark, for example, all RDDs, after transformation, use long as their element

types and all their iterator implementations also return a long value. This transformation,

which is straightforward, is done before Algorithm 1 starts.

Given a set of statements returned by the SER code analyzer, Gerenuk transforms each

statement s into another statement s′ in which all accesses to data objects are replaced with

accesses to the inlined bytes in native buffers. Specifically, the transformation is applied to

8 different types of statements that access objects whose classes are in the class hierarchy

discovered by the data structure analyzer, as shown in Algorithm 1.

Replace and Emit in Algorithm 1 are two auxiliary functions that, respectively, replace

the current instruction with a new instruction and emit a new instruction into the generated

program.

We replace each reference-type variable with a long-type variable representing the address

of the data item in the inlined bytes. These addresses are originated from the deserialization

point (Case 1 in Algorithm 1)—we replace the deserialization method call such as readObject

with a call to method getAddress provided by our runtime to obtain the address of the

top-level record. The address gets assigned to a long-type variable and propagated in the

program.

In Case 2, each variable assignment is replaced with an address assignment. Case 3 deals

with the transformation of parameter passing statements. Case 4 and Case 5 handle heap

stores and loads, respectively. These heap accesses are replaced with calls to our methods

writeNative and readNative, respectively, that access the inlined bytes. Note that for heap
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stores, we only allow writing into primitive-type fields because writing into reference-type

fields are prohibited by the second violation condition.

Depending on whether the offset of the field is a static constant or an expression that

contains symbolic variables, code generation is done in different ways. For example, if the

offset is an expression, the expression will be resolved by the runtime via an auxiliary function

resolveOffset (see §2.3.6), assigned to a temporary variable t, which is then used to invoke

writeNative and readNative.

The treatment of allocation sites (Case 6) is similar—we invoke our auxiliary function

appendToBuffer with the size of the entire inlined data structure rooted at the type (e.g.,

A) as an argument. This size, computed by the data structure analyzer, may be a static

constant or a symbolic expression.

Case 7 shows the handling of violations—our compiler simply inserts an abort instruction

right before each violating statement. This guarantees that the execution will never reach

the violating statement at run time.

Case 8 deals with the serialization—the call to writeObject is simply replaced with a call

to our serializer gWriteObject, which takes a native address as input and writes the entire

record into the output stream.

If a call is encountered (Case 9) and the call is made on an object whose type is in the

class hierarchy C, we inline the method m into the caller and recursively transform m’s body.

We use a pointer analysis [101] to resolve virtual calls.

Discussion. We only represent data structures rooted at each user-defined type T as in-

lined bytes and these bytes are processed only by the transformed statements. If any type

involved in the data structure is also used in other locations (e.g., control path), the original

type will still be used there. Our data structure analyzer analyzes each T and records its

structure into a schema file, which will be used to perform offset computation during trans-

formation, serialization, and deserialization. Our underlying assumption here is that the
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creation and manipulation of data records are all performed over native buffers. During the

execution of a SER, these data objects can only interact with the heap through reads/writes

of primitive-type values; no references are allowed to be written into these buffers.

2.3.6 The Gerenuk Runtime

The Gerenuk Serializer. As the first component of Gerenuk’s runtime, we implemented

a new serializer/deserializer using a similar algorithm to existing serializers such as Kryo.

Since our transformation is based on the statically computed offsets, we need to guarantee

that the way our compiler computes these offsets is consistent with how data is actually

serialized.

Our algorithm is standard —it recursively traverses the object graph starting from each

given top-level object and inlines the structure by copying, recursively, the primitive-type

contents for each object into a buffer. Each top-level object has a special field storing the

size of the entire data structured rooted at the object after inlining. Each array has a field

storing its length. Pointers are all eliminated.

Determining Offsets. Recall that each object in a data structure rooted at T has an

offset computed statically by our data structure analyzer (§2.3.3). At run time, the content

of the object will be written into a native buffer at the location specified by the offset.

However, if an object (say o) follows an array in the data structure, o’s offset is represented

as a symbolic expression that contains the length of the array as a variable. This expression

will be resolved at run time by the function resolveOffset, shown in Algorithm 1.

One challenge in implementing resolveOffset is that if o is created earlier than the array

during the execution, o’s location cannot be determined because the length of the array is

unknown. We solve the problem by caching o’s content in a temporary buffer and later

copying the content to the actual native buffer when that array is created and its length

becomes available. This can be done in an event-driven manner. For any object whose
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statically-computed offset depends on the array length, we define a handler and register it

with a runtime service that monitors the array creation. Upon the creation of the array, the

service generates an event and sends it to all the handlers, which respond by re-evaluating

the offsets and copying the data from the temporary buffers into the actual buffers.

Re-execution. One major challenge of implementing the re-execution logic is how

to restore a program state. A traditional approach is to perform record/replay during the

execution, which incurs heavy runtime overhead. Fortunately, our work targets tasks in

data-parallel systems, which do not share state with each other. The dependences between

different tasks form a dataflow graph where the output of one task becomes the input of an-

other. If one task instance fails (e.g., abort), we can simply terminate the executor executing

the instance and launch a new executor to execute the same task with the same input.

The question is how to guarantee that we can still have access to the original input.

Since data objects in any native buffers are already reference-immutable (otherwise the

execution would abort), a stronger constraint we need to add here is that we do not allow

any values (including primitive-type values) to be written into the original buffers (i.e., Case

4 in Algorithm 1 is entirely prohibited). Note that this constraint is checked only on the

original input buffers of the SER by the runtime system through write-protecting the virtual

pages constituting these buffers. Upon a fault, the runtime aborts the SER, ensuring that the

input buffers remain clean throughout the execution. Once a SER aborts, Gerenuk launches

a new executor that executes the original version of the same (failed) task with the same

input buffers.

This logic of launching the new executor needs to be specified by the Gerenuk user in

a method called launch. It simply makes a few calls to launch a new executor (thread or

process) to work on the same data input. This method is easy to write and application-

independent.

It is clear that the roll-back logic has a performance penalty, because upon a roll-back, all
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computations up to the violation point would be wasted. However, our empirical evaluation

shows that aborts are rare for real-world programs and datasets, and we thus did not observe

any violation triggered during our experiments.

Memory Management. Another clear advantage of Gerenuk’s transformation is that

all data objects are guaranteed to stay in native memory and never escape to the heap;

likewise, temporary and control objects all stay in the heap and can never flow into native

memory. This property of the memory leads to easy and straightforward implementations

of region-based memory management and garbage collection for data objects —we can sim-

ply deallocate the input native buffers for each task once a SER ends successfully. This

added benefit of improved garbage collection would not cause safety issues because Gerenuk

guarantees no heap objects can flow into these buffers.

2.4 Evaluation

We wrote approximately 35K lines of code in Java, Scala, and C++. Our compiler infras-

tructure is based on the Soot compiler framework, with additional support for analyzing

Scala programs (in particular, lambdas).

To evaluate Gerenuk, we transformed Apache Spark [175], and Apache Hadoop [10], two

most popular, widely-deployed Big Data systems. All of our experiments were run on an

11-node cluster, each with 2 Xeon(R) CPU E5-2640 v3 processors, 32GB memory, 1 200GB

SSD, running CentOS 6.9 and connected via InfiniBand. All benchmarks were run for three

times and the median value is reported. We also verified that no incorrect results were

produced by our transformation.
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2.4.1 Improving Apache Spark with Gerenuk

We evaluated Gerenuk using Spark 2.4.0, under Hadoop 2.9.2 and Scala 2.11.8. Overall,

Gerenuk has transformed statements in 55 classes in Spark. The static analysis reports 126

violation points, none of which were triggered at run time. We used a set of five programs:

PageRank (PR) and KMeans (KM) from the GraphX [66] libraries, as well as Logistic Re-

gression (LR), Chi Square Selector (CS) and Gradient Boosting Classification (GB) from

the MLlib libraries. These programs were selected due to their diverse computation and data

types and can represent a large class of applications.

Note that we focus on iterative programs for our benchmark selection because iterative

processing is the domain for which Spark was designed. One observation here is that the

top-level data types T used in four of the five programs (except PageRank) have complex

data structures that have 3 or 4 levels of objects connected by pointers. These data types

cannot be stored directly in native memory by DataFrame and Tungsten. For PageRank that

uses simple types, we compared our performance with that of Tungsten and our results are

reported in §2.4.3.

Table 2.1 shows the details of the input of those programs. Each Spark worker was given

all available cores (i.e., 32) on each machine. The JVM on each node was evaluated under

3 different heap sizes: 10GB, 15GB, and 20GB. Kryo, the recommended high-performance

serializer, was used.

Running Time. Figure 2.6(a) shows the runtime comparison between Spark and

Gerenuk. A summary of different aspects of improvements is reported in Table 2.3. On

average, Gerenuk makes Spark run 1.96× faster. The majority of the savings comes from

the reduced computation time. Since all (billions of) data objects are represented as inlined

native bytes, not only is data locality improved, Gerenuk eliminates many sources of runtime

overhead, including pointer chasing, write barriers (i.e., a piece of code executed per object

write for GC purposes), and array bound checks.
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Note that serialization and deserialization is not completely eliminated by Gerenuk, as

shown in the purple and orange bars in Figure 2.6(a). Most of these costs are associated

with sending closures (i.e., lamdas) from the driver to worker nodes, not data objects.

Reduction in the GC time is moderate (i.e., 37%). That is mostly because GC did not

take much time in our experiments with Spark — on average, only 12% of the execution

was spent on GC. In an environment where GC dominates the execution (e.g., when the

data size is much larger than the heap size), we expect more savings in the GC time from a

Gerenuk-transformed program.

A comparison among the three heap configurations shows that, as the heap size grows,

the performance gain becomes less although the difference is only marginal. For example,

when the heap size is 10GB, the Gerenuk-transformed programs achieve a 2.02× speedup,

which is reduced slightly to 1.93× when each worker was given twice as much memory.

This is expected since with a smaller heap, Spark programs had increased GC effort, while

for Gerenuk-transformed programs, their working sets were allocated primarily in native

memory and not subject to the GC. Hence, the performance of the original Spark is much

more sensitive to the heap size than that of the transformed programs.

Memory. Comparisons of peak memory usage are reported in Figure 2.7(a). Since Gerenuk

uses native memory while the original Spark uses managed heap, to enable a fair comparison,

we periodically ran pmap to measure the process-level memory consumption and reported

the maximum consumption in Figure 2.7(b). Across all benchmarks under different heap

configurations, Gerenuk saves up to 38% of memory, with an average of 18%. These savings

are primarily from the elimination of object headers and references.

2.4.2 Improving Apache Hadoop with Gerenuk

We evaluated Gerenuk on Hadoop’s latest version (2.9.2) using two real-world datasets: the

full StackOverflow and Wikipedia data dumps. Table 2.2 shows the details of the seven pro-
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grams we used. These programs are also real-world programs that were uploaded/discussed

by developers on StackOverflow for technical inquiries. We converted them (e.g., by adding

some code to make them compilable) for use as our benchmarks.

Overall, Gerenuk transformed statements across a total of 22 classes. Similarly, more

than a hundred violation points were generated by the static analysis, but none of them

were triggered during execution. The max heap size for each mapper and reducer is 15GB

and 30GB, respectively.
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Figure 2.6: Runtime comparisons for Spark (a) and Hadoop (b); each group compares
running time, for each program, between the baseline on the left and the Gerenuk version
on the right; each bar is further broken down into four components: computation (in blue),
GC (in red), serialization (in purple), and deserialization (in orange).
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Figure 2.7: Peak memory comparisons between the baseline and the Gerenuk version for
Spark (a) and Hadoop (b); memory consumptions are collected by periodically running pmap.
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Running Time. Figure 2.6(b) shows the time comparison between the original Hadoop

programs and the Gerenuk-transformed programs. Table 2.3 also shows the performance of

Gerenuk normalized to that of the baseline of across all benchmarks and all configurations.

The end-to-end speedup for Hadoop is, on average, 1.4×. Similar to Spark, Gerenuk’s

benefit is achieved primarily from the reduced computation, which dominates the execution

(e.g., on average 96.5% of the total time). The time spent on computation is reduced by 26%

when using the inlined native bytes. The gain here is smaller, compared to what is observed

in Spark, because of the pervasive use of primitive types such as Long, Double, Integer and

String in Hadoop.

Since the data types are simple and do not contain complex pointer usage, they have

already been well-optimized in the Hadoop. For example, in shuffling, key-value pairs are

already organized in a byte array in each buffer to be sorted. Due to these optimizations, the

cost of serialization and deserialization is small even for the original programs. Although the

Gerenuk-transformed programs do not serialize and deserialize any data, the savings here

are minor.

Memory. Because our Hadoop programs created billions of small data objects (e.g.,

of primitive and string types), inlining their data contents brings significant reductions in

memory usage due to the elimination of all headers of these objects. As can be seen in

Figure 2.7(b), the peak memory consumption on a worker node is reduced by up to 42%

(with an average of 31%).
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Algorithm 1: Our code transformation algorithm.
Input: (1) A set of statements S returned by the SER code analyzer;
(2) a set of classes C forming the class hierarchy of each inlined data structure;
(3) a map Sizes between each class in C and its (inlined) size;
(4) a map Offsets between fields and their offsets in the class hierarchy;
(5) a set V of violation points.
Output: A set of transformed statements S′.

1 foreach Statement s ∈ S do
2 /* Case 1: deserialization point */
3 if s is a deserialization “a = readObject()” then
4 Replace(“ long addra = getAddress()”)

5 /* Case 2: regular assignment */
6 if s is “a = b” and Type(b) ∈ C then
7 Replace(“ long addra = addrb ”)

8 /* Case 3: parameter-passing */
9 if s is “a = p” and p is a formal param then

10 if Type(p)∈ C then
11 Replace(“ long addra = addrp ”)

12 /* Case 4: primitive-type field store on a data object*/
13 if s is “a.f = b” and Type(a) ∈ C and a.f is of a primitive type then
14 off ← 0
15 if Offsets[Type(a), f] is a static constant then
16 /* Offset is statically known*/
17 off ← Offsets[Type(a), f ]
18 Replace(“writeNative(addra ,” + off + “,” + SizeOf(f) + “, b)”)

19 else
20 /* Offset is an expression*/
21 Emit(“t = resolveOffset(” + Offsets[Type(a), f ] + “)”)
22 Replace(“writeNative(addra , t, b)”)

23 /* Case 5: field load on a data object */
24 if s is “b = a.f” and Type(a) ∈ C then
25 off ← 0
26 if Offsets[Type(a), f] is a static constant then
27 /* Offset is statically known*/
28 off ← Offsets[Type(a), f ]
29 Replace(“b = readNative(addra ,” + off + “, ” + SizeOf(f) +“)”)

30 else
31 /* Offset is an expression*/
32 Emit(“t = resolveOffset(” + Offsets[Type(a), f ] + “)”)
33 Replace(“b = readNative(addra , t, ”+ SizeOf(f)) + “)”)

34 /* Case 6: allocation site */
35 if s is “a = newA()” and A ∈ C then
36 size ← 0
37 /* The size of the structure is a constant*/
38 if Sizes[“A”] is a static constant then
39 size ← Sizes[“A”]
40 Replace(“appendToBuffer(” + size + “)”)

41 else
42 /* The size is an expression */
43 Emit(“t = ” + Sizes[“A”])
44 Replace(“appendToBuffer(t)”)

45 /* Case 7: violation handling */
46 if s ∈ V then
47 Emit(“Abort()”)

48 /* Case 8: serialization point */
49 if s is a serialization “writeObject(a)” then
50 Replace(“gWriteObject(addra )”)

51 /* Case 9: method call */
52 if s is a call “n.m(a)” and Type(n) ∈ C and m is not native then
53 InlineAndTransform(m)
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Name Dataset (Size) Data Type T

PageRank (PR) LiveJournal (1GB) String, Double
KMeans (KM) Synthetic 600M points (30GB) DenseVector
Logistics Synthetic 10M points LabeledPoint,

DenseVectorRegression (LR) each with 10 features (2GB)
Chi Square Synthetic 55M points, LabeledPoint,

SparseVectorSelector (CS) each with 28 features (37GB)
Gradient Boosting Synthetic 55M points, LabeledPoint,

DenseVectorClassification (GB) each with 28 features (37GB)
Table 2.1: Description of Spark programs.

Name Dataset (Size) Description
IUF [2]

StackOverflow
(37GB)

Inactive Users Filtering
UAH [155] Active User Activity Histogram
SPF [85] Spam Posts Filtering
UED [46] User Engagement Distribution
CED [84] Community Expert Detection
IMC [151] Wikipedia Data In-Map Combiner
TFC [54] (49GB) Term Frequency Calculation

Table 2.2: Our Hadoop programs and their descriptions.

34



FW Overall GC App Mem
Spark 0.28 ∼ 0.93 0.44 ∼ 0.89 0.28 ∼ 0.93 0.62 ∼ 0.92

(0.51) (0.63) (0.50) (0.82)
Hadoop 0.51 ∼ 0.87 0.23 ∼ 0.87 0.49 ∼ 0.88 0.58 ∼ 0.84

(0.72) (0.54) (0.74) (0.69)
Table 2.3: Summary of Gerenuk performance normalized to baseline in terms of Overall run
time, GC time, Application (non-GC) time, and Memory consumption across all settings.
A lower value indicates better performance. Each cell shows a percentage range and its
geometric mean.
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2.4.3 Comparing with Existing Systems

Spark Tungsten and DataFrame. Project Tungsten is a major effort of Spark aiming

to bring the system performance close to “bare metal”. Tungsten introduces the DataFrame

API that automatically organizes data in native memory and perform operations over them

directly. At the first glance, Tungsten and DataFrame appear to be similar to what Gerenuk

aims to achieve. However, the DataFrame API has a significant limitation in that it can only

support simple data types that do not involve structures and pointers (so that an iterator can

be constructed appropriately to traverse data records). Complex user-defined types, such

as DenseVector and SparseVector used extensively in machine learning algorithms, cannot

benefit from Tungsten at this moment.

In our benchmark suite, PageRank is the only program whose data type can be opti-

mized under Tungsten. We rewrote PageRank by using the DataFrame API and ran it with

Tungsten enabled. Note that to use DataFrame and Tungsten, Spark needs to dynamically

generate query plans. This does not work well for iterative algorithms such as PageRank

because the query plan can keep growing. This is a known and yet unresolved issue since

the beginning of DataFrame1. During our experiment, the DataFrame-based implementation

of PageRank failed to converge even after 15 hours (while the RDD-based implementation

reached convergence in less than 250 seconds). To reduce the execution time, we had to fix

the number of iterations to 10. The performance comparison between the original PageRank,

Tungsten-enabled PageRank, and Gerenuk-transformed PageRank is shown in Figure 2.8(a).

The Gerenuk-transformed version is about 2.2× faster than the Tungsten-based version

— the major savings come, again, from the reduced computation time. Since both Tungsten

and Gerenuk use native memory, the amounts of GC efforts were comparable in these two

versions.

To enable a fair comparison, we added a WordCount program that does not have itera-

1https://issues.apache.org/jira/browse/SPARK-13346.
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tive logic. A comparison between the original, the Gerenuk-transformed, and the Tungsten-

enabled WordCount is shown in Figure 2.8(b). In this case, Tungsten outperforms Gerenuk

by 20% primarily due to Tungsten’s string optimizations, which are not performed in Gerenuk.

However, these optimizations are designed for simple structured data while Gerenuk targets

general user types and data structures.
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Figure 2.8: Comparison with Tungsten.

Yak [123]. Yak is a Big-Data-friendly GC that is designed to enable region-based memory

management for data objects. To understand Gerenuk’s ability in reducing the GC cost, we

have compared Gerenuk extensively with Yak. To ensure Yak is at its best performance,

we obtained Yak’s source code from the authors of [123] and replicated the environment

described in [123]. We used the StackOverflow dataset as input and annotated the program

to enable the Yak optimizations (i.e., by putting epoch_start() in the Hadoop method

setup() and epoch_end() in the Hadoop method cleanup()). We also followed the heap

configurations described in [123]: for each map and reduce worker, we used two different

heap configurations: 3GB (map) + 2GB (reduce) and 2GB (map) + 1GB (reduce). The

experiment was done on the same cluster as described earlier in this section.

0

200

400

600

800

H
ad

o
o

p

Ya
k

G
er

en
u

k

H
ad

o
o

p

Ya
k

G
er

en
u

k

3GB_M & 
2GB_R

2GB_M & 
1GB_R

E
x

e
c

u
ti

o
n

 T
im

e
 (

S
e

c
o

n
d

s
)

Heap
Config

Figure 2.9: Comparison with Yak using Hadoop IMC.
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Due to space constraints, we only report the result for the program IMC here. For

the other programs, similar behaviors were observed. Figure 2.9 shows the execution time

comparison for Hadoop between using the Parallel-Scavenge GC (i.e., the default GC in

OpenJDK 8), Yak, and Gerenuk. Clearly, the GC cost for the Gerenuk-transformed IMC

is lower than that of both Parallel-Scavenge and Yak. Compared to Parallel-Scavenge, the

amount of GC effort during the execution of the transformed program was reduced by a

factor of 13.7×. Compared with Yak, Gerenuk further reduces the GC time by 19%. This

is because we do not need to scan objects when performing deallocation — our compiler

guarantees that control objects can never flow into native buffers while Yak does not have

such guarantees.

Furthermore, Gerenuk reduces computation significantly while Yak incurs additional

overhead due to the cost of its write barrier that is executed per object write to record

inter-region references. In particular, Gerenuk reduces the computation time by 45.6% com-

pared to Yak and 35.6% compared to Parallel-Scavenge. The costs of serialization and

deserialization, which take about 10-13% of the total time in Parallel-Scavenge and Yak,

have been completely eliminated in Gerenuk. Overall, the Gerenuk-transformed program

runs 2.4× faster than Parallel-Scavenge and 1.8× faster than Yak.

Facade [122] and Flare [55]. Facade transforms programs at the class granularity and

relies on the human developer to refactor the program to create a clear boundary between the

control and data path. We could not successfully compile Spark and Hadoop using Facade

due to Facade’s inability to support modern language features such as lambdas and due to

its heavy requirement to manually refactor code.

Flare [55] is a compiler-based optimization technique for Apache Spark, which can gen-

erate code that processes data directly from optimized file formats. Although it works only

for a single-machine environment, we also wanted to compare Gerenuk with it to understand

performance differences. However, Flare’s source code is not publicly available. Based on
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the results reported in [55] (e.g., from dozens to hundreds of times of speedup), we specu-

late that Flare would outperform Gerenuk on a single machine. However, Flare has limited

generality because it does not work at all for a distributed environment.

2.4.4 Overhead of SER Aborts

With the programs we took directly from various libraries and online forums, we did not

observe any SER aborts. To understand the impact of aborts, we found a Stack Overflow

analytics application that uses more complex data types. This application powers a study

on collaborative knowledge exchange over a variety of topics from socio-technical sites like

StackOverflow [128]. The application has two phases: the first phase constructs a database of

all posts grouped by user ID and the second phase uses NLP libraries for concept discovery.

In terms of program transformation, we are interested only in the first phase. Internally,

the application uses a complex user-defined type called Account, which represents a user and

her posts. All of a user’s posts are stored in a Vector. A violation is detected in its resize

method — when its internal array overflows, a new array needs to be created to replace this

array and this replacement involves a reference write, prohibited by our second violation

condition. Hence, an abort instruction is inserted before writing the new array into the

vector object.

Note that several other programs in our benchmark set also use vectors and hence aborts

are inserted at similar resizing points. However, these programs perform machine learning

tasks and their vectors contain features that do not grow during execution. Hence, none

of the executions of these programs triggered these aborts. This new application, on the

contrary, keeps collecting posts that belong to the same user and adding them into the

vector. Hence, an abort is triggered upon each array resizing.

Figure 2.10(a) reports the results of running time. Overall, about 10% of all Vector

instances required resizing, triggering aborts. With these violations and re-executions, the

Gerenuk-transformed version is 7% slower than its original counterpart. The increase was

39



largely due to wasted computations. We did not observe large increase in other runtime

components such as GC, serialization, and deserialization.

To further investigate the cost of aborting a SER, we manually forced SERs to abort at

arbitrary points during the execution of PageRank. We varied the number of aborts from 1

all the way to 20 (i.e., which is about 50% of the total number of iterations in PageRank) and

measured various aspects of performance on the same cluster where each Spark worker was

given a 20GB heap. Figure 2.10(b) shows the running time comparison. The leftmost bar

represents the performance of the original program under vanilla Spark, followed by 8 bars

showing the performance of the Gerenuk-transformed program with 0 – 20 re-executions.
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Figure 2.10: Overhead of re-executions in running time for StackOverflow Analytics (a) and
PageRank (b).

Overall, each re-execution incurs a 9% overhead compared to a SER in the original

Spark, and a 14% overhead compared to a SER in the Gerenuk-transformed Spark. This is

primarily due to the round-trip format changing — each re-execution starts with a costly

deserialization process that transforms all data in native memory into heap objects. As can

be seen in Figure 2.10(b), the amounts of time spent on serialization and deserialization

increase by 2× and 3×, respectively. We also observed significantly increased GC effort.

In the original Spark, the GC takes about 19% of the execution time. However, with re-

executions, the heap contains orders of magnitude more objects deserialized from the bytes,

putting severe pressure on the GC. The GC time grows to 30.3% (with the average of 26.1%)

of the execution time. The peak memory consumption also increases by 11%, compared to

the original Spark run.
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2.5 Related Work

Data-Parallel Systems. Numerous optimizations [81, 34, 27, 173, 32, 129, 177, 4, 70, 130,

117, 98, 45, 51, 126, 134, 171, 48, 152, 153, 3, 93, 5, 141, 47, 58] have been attempted from

various research communities to improve the performance of Big Data systems. Since most

Big Data systems were developed in managed languages, recent works [122, 123, 111, 112,

64, 56, 125] attempt to remove the penalty incurred by the managed runtime. Skyway [125]

is a JVM-based technique that can improve the performance of serialization/deserialization

by providing support to transfer objects as is. Closest to our work are the two compiler

techniques Facade [122] and Deca [108]. As discussed earlier in §2.1, these they are both

conservative transformation techniques that require heavyweight code refactoring from the

user. Flare [55] also tries to transform Spark program into C program but it is limited to only

the Spark system. Gerenuk, on the contrary, performs program transformation speculatively

based on a transaction model, which significantly improves the transformation practicality.

Niijima [169] is an optimizing compiler that automatically consolidates C# computations

on a SQL pipeline to reduce the cost of serialization and deserialization when data is passed

from the native (.NET) to the .NET (native) runtime. While Gerenuk is also a compiler-

based approach, we achieve soundness by inserting aborts at potential violation points instead

of transforming the whole program. Since Gerenuk targets large Java systems, it is much

more difficult to guarantee soundness for our transformations than for those performed by

Niijima on SQL pipelines.

Compiler Optimizations and Static Analysis. Traditional optimization techniques

[40, 24, 161, 62, 63, 71, 168] for object-oriented programs use various approaches to reduce

the number of heap objects and their management costs. Free-Me [71] is a compiler-based

technique that adds compiler-inserted frees to a GC-based system. Pool-based allocation

proposed by Lattner et al. [95, 94, 96] uses a context-sensitive pointer analysis to identify

objects that belong to the logical data structure and allocate them into the same pool to
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improve locality. Prolific types [144] is a static technique that splits objects into a prolific

and a non-prolific region to reduce the GC cost. However, these compiler analyses are not

designed for Big Data systems that exhibit strong iterational behaviors. Object inlining [52,

99] is a technique that statically inlines objects in a data structure into its root to reduce the

number of pointers and headers. While object inlining offers significant performance benefit,

existing inlining techniques are impractical as they give up on transforming a program upon

finding a violation. By contrast, Gerenuk uses a speculative execution model that does

optimistic transformation while aborting speculative executions when necessary for safety.

2.6 Conclusion

This paper presents Gerenuk, a compiler and runtime that enables data-processing pro-

grams to work with the native inlined representation of data items. The Gerenuk compiler

transforms a program speculatively based on the assumption that user-defined types are im-

mutable and confined. To guarantee safety, Gerenuk statically detects violations, at which

abort instructions are inserted. An evaluation on Hadoop and Spark shows that our trans-

formation can significantly improve various aspects of their performance.
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CHAPTER 3

Predicting Dynamic Properties of Heap Allocations using

Neural Networks Trained on Static Code

In the previous chapter, we describe an optimization that was enabled by an observation

about object behavior. More generally, if we know how objects behave, we can make more

informed optimization choices. To do this systematically, we can collect performance profiles

to do profile-guided optimization. However, in the context of large data centers, it is not

enough to do PGO for a single application, and it is not easy to do this for every application

on every machine of a cluster. In this chapter, we examine the use of machine learning,

particularly code understanding models, to address this issue. These models can help us

make with out statistical approach to optimistic optimizations: if we have expected statistics

about object behavior, we can make informed decisions.

3.1 Introduction

Memory allocators and runtime systems often rely on predicted properties of heap allocations

to maximize performance. For example, HALO [142] uses memory access profiling to identify

related data accesses, which can be used for heap-layout optimizations. MaPHeA [127] places

data based on allocations’ memory access frequencies (hotness). The LLAMA C++ memory

allocator [113] and the ROLP Java garbage collector [29] rely on predicted object lifetimes.

These approaches have parallels to profile-guided optimization (PGO), which in this

paper, we take to refer to both offline (e.g., ahead-of-time) and online (e.g., JIT-compiled)

43



approaches. For example, both static ahead-of-time compilers [36] and JIT compilers [60]

can leverage branch profiles to optimize code. While branch profiles are cheap to collect

[36], heap allocation properties such as object lifetimes, data hotness, or memory access

correlations are often much more expensive to profile. For example, ROLP reports up to

6% runtime overheads for profiling even coarse-grained lifetimes, and DJXPerf [102] reports

8.5% overheads even with statistical sampling. While these overheads may not seem large,

they are prohibitive in production deployments where even 1% performance degradation is

substantial [88].

A common approach is to collect these profiles during a profiling phase: In ahead-of-time

compiled languages such as C++, benchmark runs on an instrumented binary are used to

collect a performance profile that is then used during the compilation of the final binary.

Meanwhile, managed runtimes such as Java Virtual Machines spend a significant amount of

time on warm-up [104] during which they collect initial performance profiles and use them

to JIT-compile code. These approaches introduce significant challenges:

1. Deployment Velocity: Profile collection introduces a long delay into the deployment

process. In ahead-of-time compilation, this results in a large number of additional

steps before a final binary can be produced. In JIT compilation, it reduces elasticity

by requiring services to warm up for longer.

2. Deployment Complexity: Setting up PGO pipelines can be very complex, requiring

the development of representative benchmarks and flows to run workloads automat-

ically with instrumentation. For JIT compilers, ensuring that the initial load that

(e.g.,) a server sees is representative is challenging as well.

3. Non-representative Profiles: If the workload used to generate the profile is not

representative of the real workload, results will be suboptimal. It is very difficult to

ensure that benchmarks are fully representative.
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4. Incomplete Profiles: Individual workloads often do not exercise every corner case in

the code, which means that profiles will often be incomplete.

In this paper, we investigate an experimental and radically different approach to solving these

problems: Can we train a machine learning model that can predict heap allocation properties

such as lifetimes or object hotness for future workloads from the statically available program

code alone, without running an instrumented build or a warm-up phase?

This paper does not offer a conclusion to this question but instead lays out the trade-off

space of such an approach, investigates promising directions that suggest such an approach

is feasible, and highlights the challenges that need to be collectively overcome to enable it.

Our specific contributions are as follows:

• We introduce a framework to reason about the design space for predicting heap allo-

cation properties using machine learning.

• We gather and analyze a data set derived from the DaCapo benchmarks [18] that

combines static code with dynamic heap allocation properties.

• We introduce a range of model architectures to predict heap allocation properties from

code, and characterize their trade-off space.

• We provide a detailed discussion of challenges to making this approach work in practice,

and highlight future research direction.

Our goal is to open up a new research direction for the ISMM community, combining research

on ML models for code with research on data-driven memory allocators.

3.2 Background & Related Work

We provide an overview of approaches for predicting heap allocation properties and related

work in this area.
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Figure 3.1: Predicting heap allocation properties from stack traces using the LLAMA [113]
approach.

3.2.1 Predicting Heap Allocation Properties

Leveraging heap allocation properties to improve memory allocation has been a long-standing

topic of interest. A classic example is pre-tenuring in managed runtimes such as JVMs,

which relies on predicted object lifetimes [20]. Other examples include the prediction of

object affinity [142], hotness [127, 102], and container sizes for presizing optimizations [43].

What these approaches have in common is that they need to make predictions at the

time a heap allocation is performed. Such predictions are usually performed based on the

allocation context, namely the program counter of the allocation site and the current stack

trace (Figure 3.1). Note that the allocation site alone is often insufficient to uniquely identify

an allocation context [17]. For example, an allocation performed in a string constructor does

not provide much information about the allocation’s lifetime, but the frame on the stack

where the string is allocated might.

Once an allocation can be attributed to a particular allocation context, the second ques-

tion is how to profile the relevant property. There are a range of different methods. For

example, Harris [73] introduced an approach that samples objects and keeps information in

a separate data structure. V8 uses "memento" objects that contain an additional pointer

back to the allocation site [43], and when these objects are recycled by the garbage collector,

it attributes any accumulated profiling information back to the allocation site. TCMalloc

[79] samples a small fraction of allocations and collects profiling information just for these

objects. This profiling may not always be active.

A significant amount of work in this space has focused on effective ways to summarize
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the stack trace at the time of allocation to enable such methods, including keeping track

of the current calling context in a bit vector [142] or using stack hashing strategies [118].

There has also been work on trying to leverage data on the stack to make these predictions,

rather than program counters [44]. However, such approaches are rare and not widely used

in practice.

3.2.2 Profile Guided Optimization

Collecting profiles for each allocation context and using them for optimizing memory allo-

cation is a special instance of profile-guided optimization (PGO). Here, we use this term

to describe two different types of setup1: 1) Collecting profile data from previous, specially

instrumented, runs of an application and using this data to improve performance in future

builds of this application. 2) The analogous approach in JIT compilers, where profile data

may either stem from an instrumented run [22] or the same run [60] of the application. In the

latter case, most JIT profiling data is collected at the beginning of the execution, resulting

in a period when the JVM runs more slowly, known as warmup [104].

PGO has been used to great success in tasks such as cache miss reduction [142], receiver

class prediction [69], and I/O partitioning [160]. However, collecting the profiling data

required by PGO is often expensive and complex. Generating this profiling data typically

requires running an instrumented (and hence, slower) version of the application. For example,

techniques such as hot datastream profiling [39] or value profiling [31] can achieve speedups

as high as 20%, but require profiling runs that can be tens to hundreds of times slower than

the original program.

Our proposed approach takes the place of a PGO optimization pass, but instead of relying

on profiles collected in a previous run, it tries to predict these properties from program code.

This approach has similarities to LLAMA [113], a recently introduced approach for lifetime

1The terminology differs and sometimes only refers to the first as PGO.
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prediction in C++.

3.2.3 LLAMA

LLAMA is a memory allocator that uses a neural network to predict lifetime classes of

objects using a symbolized allocation context. It assumes a scenario where a partial profile

is available – e.g., from a previous version of the same program or where only a subset of

allocation contexts was observed due to sampling. The authors show that profiling data (in

their case, lifetimes of objects) transfers between similar binaries. For instance, LLAMA

could accurately predict lifetimes of unseen stack traces even after a number of code changes

or when changing compiler settings.

LLAMA performs these predictions by converting each stack trace into a list of symbols

and treating this representation as natural language (Figure 3.1). It subdivides the stack

trace into tokens which are then passed into a Long Short-term Memory Network (LSTM)

[78]. This model is trained against known stack traces and associated object lifetimes. A

caching mechanism is used to run this model only the first time a particular stack trace is

encountered.

The key idea of LLAMA is to use ML to extract programmer intent by treating the

symbols of the program as language. While this work takes a step towards generality, it is

rather limited. For example, LLAMA cannot generalize to completely different programs,

primarily because the calling contexts were represented only by function names. While

LLAMA performs well on a single program, it is not applicable to a new program full of

different function names, as the function names in the training set might not appear in this

new program. Furthermore, the approach is not amenable to even the same application with

all of the function names changed (e.g., due to refactoring or obfuscation), even if program

behavior has not changed.
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3.2.4 ML for Code and Programming Languages

There has been a large amount of work on ML for code in recent years. Allamanis et al. [6]

provide a survey. A significant portion of this work looks at the problem from a software

engineering perspective — such as neural code completion [131, 49] and finding bugs in code

[135, 157].

There have been uses of ML for compiler optimizations [97], but they are less common.

MLGO trains models to make inlining and register allocation decisions within LLVM [154]

(the latter is a problem that sometimes uses PGO). Autophase [72] learns an ML policy

for ordering compiler passes that generalizes to unseen programs, but makes decisions at

the granularity of entire compiler passes, rather than individual objects or their profiles.

Rotem and Cummins show that instead of relying on PGO profiles for branches, they can

be predicted with learned decision trees [139], which resemble a complex, learned compiler

heuristic for branches. None of this work looks at properties of heap allocations, which are

more complex and difficult to predict. Source code could provide the necessary signal for

these predictions to the model, even without profiling data for a calling context.

3.3 High-Level Overview

We now provide an overview of our approach. We start with a conceptual framework how to

reason about the general problem of predicting heap allocation properties. We then describe

the intuition behind our proposed ML approach.

3.3.1 Conceptual Framework

At a high level, prediction of heap allocation properties can be performed using a broad range

of methods, including profile-guided optimizations, program analysis and heuristics. The

lines between these methods can be blurry. We therefore start by introducing a conceptual
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framework to reason about these problems and the associated challenges.

We classify approaches addressing this problem along three dimensions: Data, Model,

and Application. Data describes the input used to drive predictions (such as the instruction

pointer of the allocation site, symbolized stack traces, or an abstract syntax tree of the

code). Model describes the mechanism by which the data is used to determine a label,

such as object lifetime – this could be any function and does not have to be an ML model.

Application describes how the predictions made by the model are used (e.g., how code is

compiled differently based on this prediction, or how a memory allocator may leverage it).

Many different strategies map to this conceptual framework:

Profile-guided optimization Depending on the specific optimization, the data the pre-

diction is based on is code locations of a particular allocation site or on the call stack. The

model is a lookup table that maps these call stacks to previously measured values. This

approach may be applied offline or online, at compile time or at run time.

Static analysis The data is typically some form or intermediate representation (e.g.,

LLVM IR). The model is an algorithm that processes this IR symbolically (e.g., by apply-

ing escape analysis) to make a prediction. The application of this prediction occurs usually

within the compiler.

LLAMA The data LLAMA uses are symbolized stack traces rather than the instruction

pointers. The model is an LSTM neural network that maps these stack traces to lifetime

classes. The application is to make these predictions online in the context of a custom

lifetime-aware memory allocator.

The part of the design space explored in this paper is one where the data spans all code

that is statically available without running the application, models capture a wide range of

different machine learning methods, and applications contain a range of offline and online
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methods. We now motivate why we believe this is a promising design space to explore.

3.3.2 Our Approach

Instead of collecting profiling data through expensive instrumentation like PGO, we could

predict it using machine learning. A strawman approach would be to train a model on

profiling data from a set of binaries, and use this model to predict the profiling data for new,

unseen binaries. If the accuracy is high enough, we could use these predictions in the same

way as profiles, but without the overheads.

LLAMA took a first step in this direction, by training a model on a subset of allocation

contexts in one binary and using this model to predict unseen allocation contexts in a

potentially different version of the same program. LLAMA showed that symbolized calling

contexts are sufficient to perform these predictions with high accuracy.

However, we find that the same approach does not work well across programs. We recre-

ated a LLAMA model and attempted to predict object lifetimes on DaCapo [18] benchmarks.

When predicting across benchmarks, we find that this model performs only one percentage

point better than random prediction (we discuss this further in Section 3.5).

Intuitively, the function names contained in the symbolized calling context capture the

behavior of the functions. A model can learn that when certain names appear in a certain

order in a calling context, the corresponding object will be long or short-lived. However,

since we want to predict on unseen binaries, it is likely that the model will encounter many

unknown names, or a new and unusual combination of names, in unseen calling contexts.

To address these problems, we propose to move beyond just function names and instead

consider the whole source code, which could capture program behavior from code structure,

variable names, and even comments (although we do not currently explore the latter in this

work).
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3.3.3 Intuition

Source code defines the program behavior and could thus be used to predict heap allocation

properties, which are determined by this behavior. There have been a number of works that

predict many different properties of code, such as security vulnerabilities [37], performance

[35], bugs [135, 157], types [74], summarization [57], and other static program properties

[138]. There is also work on representing code in other ways, such as graph representations

[7]. However, prediction of dynamic properties has seen less attention.

Listing 3.1a shows a strawman example of the intuition why code structure is predictive

of heap allocation properties, such as object lifetimes. We can see two allocation sites, one

defining a variable x, and another defining y. When looking at the source code, we can see

that y will outlive x, as it exists throughout the execution of the main function. On the

other hand, the variable x will live only as long as one iteration of the inner for loop. In

this way, we can compare the lifetimes of the two variables, based on the source code, and

conclude that y will have a longer lifetime than x. A model could learn a general pattern that

variables defined in the inner-most part of a nested loop are likely short-lived, and variables

defined in the main function are likely long-lived.

Additionally, the variable names themselves can provide useful information [8, 87]. For

example, variable names may contain short descriptive atoms such as tmp, or suggest a

relative lifetime ordering between variables. Consider, for instance, requestBatch, which

hints at an object that encompasses multiple requests, versus requestStatus, which hints at

an object with a lifetime shorter than that of a request.

A more concrete example is shown in Listing 3.1b. In this example, taken from the FOP

benchmark in DaCapo, we can see an array named tmp that is used only for constructing

the String and nothing else. Here, the variable name signals intent that it is not used in

other places.

Another useful variable naming pattern is that short-lived objects often have short names.
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void doWork () {
for (int i = 0; i < ... ; ++i) {

for (int j = 0; j < ... ; ++j) {
Bar x = new Bar();
doTask ();

}
}

}

void main() {
Foo y = new Foo();
doWork ();

}

(a) Strawman: Code structure provides hints about object lifetime.

public final String readTTFString ()
throws IOException {
int i = current;
while (file[i++] != 0) {

...
}
byte[] tmp = new byte [...];
System.arraycopy(file , current ,

tmp , 0 ,...);
return new String(tmp , ...);

}

(b) Apache FOP: Variable names provide hints about lifetime.

public Grammar getRootGrammar (...)
throws IOException {
...
File f = null;

if (haveInputDir)
f = new File (...);

else
f = new File (...);

fr = new FileReader(f);
br = new BufferedReader(fr);
grammar.parseAndBuildAST(br)
...
br.close ();
fr.close ();
return grammar;

}

(c) ANTLR: Short-named variables have short lifetime.
Listing 3.1: Motivating code examples.
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An example is shown in Listing 3.1c. This method is found in the source code for ANTLR2,

a parser generator written in Java. In this example, we can see a number of variables with

short names: f, fr, br. Each of them is used locally and does not outlive the method call.

Finally, when available, code comments, literals, and logging statements can provide hints

about lifetimes of objects.

Some of these properties could be exploited without learning. In fact, we could manually

construct a very large number of such rules, which is similar to how compiler heuristics are

often designed. However, such rules would be brittle and shift over time. Machine learning

provides a way to “generate these rules automatically”, by having a model learn them instead

of deriving and encoding them by hand.

In the following sections, we discuss the potential design space, challenges, and potential

solutions associated with such a machine-learning based approach. To support our explo-

ration, we developed an end-to-end implementation of the approach for object lifetimes.

While our experiments show evidence that an ML approach is able to learn heap allocation

properties, we also find that its current accuracy is limited. In each of the following sections,

we describe the trade-offs and challenges that contribute to these limitations, and the re-

search problems that we believe need to be solved to further increase accuracy. Following our

framework, we will discuss the underlying Data (including training data collection), Model

(including a range of different designs) and Application. We focus on Java, but our approach

is generally applicable to other languages such as C++.

3.4 Part 1: Data

Training a heap allocation property model requires two types of information: static infor-

mation and dynamic information. The static information can be found in code, while the

dynamic information must be found through profiling. Related work has mostly looked at

2https://github.com/antlr/antlr4
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Figure 3.2: An example of a stack trace with associated profiling data and source code

either one or the other. Code models look at large amounts of code, but do not connect them

to object lifetimes or other dynamic properties. PGO collects such dynamic properties, but

only minimally connects them to code, usually via stack traces.

Similar to LLAMA, we collect stack traces that represent allocation contexts, the calling

context under which particular objects are allocated. Each stack frame of the stack trace

represents a certain function, centered around a callsite or an allocation site (in the case of

the topmost frame). Each stack trace is associated with the distribution of object lifetimes.

In contrast to LLAMA, we also collect the appropriate source code corresponding to each

stack frame. An example of a single stack trace is shown in Figure 3.2. We collected this

stack trace from the avrora benchmark in the DaCapo benchmark suite [18]. On the left side,

we can see a sequence of function calls. Each stack frame is qualified with the full classname

of the function (although some are omitted here for the sake of clarity). The stack frames

are also associated with a particular file and line number. For example, the first stack frame,

representing an allocation site, corresponds to line 326 of the file AtmelInterpreter.java. Note

that some stack frames are missing source code locations. We discuss this problem in Section
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3.4.4. Lastly, the entire stack trace is associated with our object lifetime profiling data. We

now describe one way of collecting this dataset, and challenges that we encounter.

3.4.1 Collecting Dynamic Properties of Objects

While lifetime predictions are a language-agnostic problem, in this work we collected a Java

dataset. To this end, we modify OpenJDK11 to perform fine-grained profiling of object

lifetimes. While OpenJDK does not have an easy way of collecting fine-grained object

lifetimes, there are several approaches in the literature on how to collect object lifetimes in

Java. Naively, it would be possible to measure lifetime as the number of garbage collections

that an object survived. However, object lifetime granularity would be determined by the

frequency of GC passes. Since a full garbage collection can take milliseconds or even minutes,

this is much more coarse-grained than the lifetimes that we wish to capture.

Alternative approaches include algorithms such as Merlin [76] and Resurrector [166]. The

general approach in these cases is to track incoming references to objects and determine the

time at which an object dies, either retroactively during GCs (Merlin) or during execution

(Resurrector). We add a simpler version of the latter approach to OpenJDK, by adding

reference counts to each object, to detect when it becomes unreachable. We modify the

object header to include a counter and modify relevant instructions (aload, astore, areturn,

new, athrow) to update these reference counts. Additionally, when an object is allocated,

we walk the stack to find the object’s allocation context. Like Resurrector, our approach

cannot detect cycles and ignores them.

For each object, our instrumentation must collect a lifetime. We defer the definition of

our units of lifetime to Section 3.4.4.2 but for clarity in this section, we track lifetime as

a logical duration, i.e., a difference between values of logical time. We maintain a global,

monotonically increasing logical clock. Each object tracks its initial allocation time (i.e., the

logical clock at the time of its allocation). When an object’s reference count reaches zero,

we find its logical lifetime by subtracting the current logical clock by the object’s logical
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allocation time. Because we care about allocation context (rather than individual objects),

we aggregate this lifetime information by allocation stack trace.

It would be prohibitively expensive to store the individual lifetimes of each object at

full granularity. Instead, we classify each object into lifetime classes separated by orders of

magnitude: < 10 time units, 100 time units, 1,000 time units, etc. This mirrors LLAMA’s

bucketing of object lifetime, however in our case the bucketing is based on logical lifetime,

rather than wall clock time. For each observed allocation site, we then store only ∼ 10

integers: a histogram of the number of observed objects with each lifetime class. While

this does lose some specific per-object information, it is a good tradeoff between collecting

lifetimes and saving memory. Because we eventually classify stack traces based on this

bucketing scheme, this granularity of data collection is sufficient.

3.4.2 Collecting Source Code

In order to use source code as input for our models, we need to collect the source code of our

target application and any third party libraries it uses. We need all of this code, as some

stack frames will be calls to these third party libraries.

Depending on the code base, this may be difficult to do automatically. We target the Da-

Capo benchmarks, which are built using tools such as Ant and Maven. We manually inspect

the Ant build file and record the necessary third party dependencies that are downloaded.

It is important to point out that not every dependency has a readily available source code

download, even if many are hosted on the central Maven repository. This is particularly

challenging as we must also use the exact same version of the source code that the compiled

dependency uses, as using the wrong version of the source code could degrade the quality of

the dataset.

We then manually create a source code repository containing all of the application code,

Java standard library code, and third party dependency code. We organize the files by

package, as Java code is typically organized. For example, the source code for the class
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java.lang.String will be in the file java/lang/String.java. This approach works well

for Java code, as each source file will contain a single outer-level class and and we can find

the source file for java.lang.String within the folder java/lang.

3.4.3 Contextualizing Stack Traces

After collecting the necessary source code files, we need to connect them to our stack traces.

We call this process contextualizing the stack traces, as it connects the source code context

to each stack frame of the stack trace. Each stack frame contains a line number (representing

a call or allocation site) as well as a fully qualified method name. Using the fully qualified

method name, we can find the appropriate file in the aforementioned source code repository,

as the method name (with periods replaced with slashes) will point to a particular file.

We then associate every stack frame of every stack trace with the entire source code of the

appropriate method. This is a very large number of tokens for a model to handle. We discuss

this challenge in Section 3.5.

3.4.4 Challenges

We now describe important research questions that need to be addressed to improve the

approach.

3.4.4.1 Finding All Source Code

In many scenarios, not all source code is available. At least in Java code bases, it is rare

for all third party library source code to be in the same repository as the application code.

Additionally, because of the multitude of Java build tools (e.g., Gradle, Maven, Ant), it

would be difficult to gather code on a large scale (e.g., on all of GitHub) since the process

would be different for every repository.

In this work, we give a special “...” token to such stack frames (instead of source code) as

58



a way to inform the model that the source code was missing. Although missing source code

of a stack frame robs the data representation of code-specific nuance, at least a partial stack

trace is visible to the model, and missing frames are represented the same way (albeit with a

different function signature), akin to the way that ML vocabularies represent an “unknown”

token.

Future work could look at more sophisticated techniques, such as imputing unknown

code, decompiling byte code, or approximately adapting prior code versions to fill gaps.

3.4.4.2 The Right Logical Clock

Traditionally, allocation lifetimes in memory managers are measured in terms of a logical

clock, usually the total number of allocated bytes [17]. The reason is that such a clock is more

stable than wall clock time in light of performance variations (e.g,. due to sharing a machine

between different workloads). Given that instrumentation is often expensive, logical time

may sometimes be the only option – e.g., we observed more than two orders of magnitude

slow-down in our instrumentation, and Merlin reports up to 300× slowdown [76]. Wall clock

times would be meaningless in such a scenario and we therefore use allocated bytes as logical

time.

However, a logical time base is specific to a particular workload. For example, an image

processing workload with MB-sized allocations may have entirely different allocation sizes

than a text processor with KB-sized allocations, and the same library code behaving in the

exact same way in both applications may result in orders of magnitude of difference in logical

lifetimes. When used in the context of training a model across workloads, this means that

these lifetimes may not be comparable and thus not learnable – an effect we observed in our

own experiments.

This creates a dilemma: While wall clock time may be more stable during learning and

enables better transfer across workloads, it is more sensitive to local performance variations

and instrumentation effects. Meanwhile, logical time is more stable within an individual
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workload, but does not transfer well across workloads.

We believe there are several directions of addressing this problem. For example, LLAMA

enables the use of wall clock time by introducing a cheap, sampling-based approach for C++,

at the cost of not capturing all allocation contexts and sensitivity to performance variations

due to compiler settings [113]. Another approach may be to develop new logical time bases

that are consistent across workloads.

3.4.4.3 Missing Context

Even with wall clock time and in the absence of performance variations, lifetimes may not be

stable across different binaries – or even the same binary with different inputs. For example,

imagine two server workloads that use the same server framework to process requests, and

where the lifetime of an object is identical to that of its request. If the timescale of work

within each request is very different (e.g., microseconds vs. seconds), the lifetime cannot be

statically predicted without analyzing the unrelated code that performs the actual operation

within the request. This code may not be anywhere near the allocation site and is thus not

included in our contextualization approach.

As in the previous section, logical time bases that are less dependent on such variations

may alleviate the problem. Another approach may be to define a context and express lifetimes

with respect to this context rather than in absolute terms (e.g., that the lifetime of an object

does not exceed a partcular request or subportion of a program). A third option may be to

expand the scope of the data set to include code that is not involved in the allocation itself.

3.4.4.4 Data-Dependent Lifetimes

Objects with the same allocation site may have different profiling data, but are represented

by the same stack trace. For example, the lifetime of an allocation may be determined by a

dynamic input parameter and is thus different for every input. Because we want to assign a
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single label to each allocation context, we must choose a single value from the distribution

of profiling data. In our dataset, 72% of the stack traces observed objects with more than

one lifetime class.

Choosing the right label in such cases is an important challenge. We currently assign a

label to each input example based on the most common lifetime class found among objects

allocated at the stack trace. For example, if a stack trace observed objects of every lifetime

class, but had mostly lifetimes in the range 0 to 9 bytes, then it is assigned a label of 0.

However, in some cases it may be preferable to pick the extreme labels (i.e., the max observed

or min observed lifetime), but this is best determined by the downstream task.

Additionally, different inputs might result in entirely different stack traces, so it is im-

portant to collect a representative dataset during profiling.

3.4.4.5 Ambiguous Allocation Sites

Each allocation context represents a different number of objects and thus lifetimes. Some

represent a single object, while others may represent millions of objects. In our dataset, on

average, an allocation site represents about 2,000 objects. This may affect the best labelling

strategy, as the most common label may be incorrect for thousands of objects, even if it is

the most common label for the stack trace.

There are a number of potential strategies to address this issue. One approach would be

to introduce additional features into the model to facilitate differentiation between allocation

sites. Another approach is to define lifetime classes in such a way that allocation sites are

more likely to only have one label. Finally, Zhou and Maas investigated a similar problem

in storage systems and proposed predicting a distribution of lifetimes rather than a single

value [176].
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3.5 Part 2: Model

We now turn to our exploration of learning the lifetime of objects. In all cases, we attempt

to learn a function f that predicts a lifetime label: predicted_label = f(stack_trace).

In this exploration, we are probing the ability to generalize a lifetime model beyond

the binary it was trained on. We compare LLAMA as a baseline (Section 3.5.2), to tech-

niques that enhance generalization of function-signature models (Section 3.5.3), as well as

techniques that utilize more of a stack frame, such as code tokens (Section 3.5.4) and code

structure (Section 3.5.5) or their combination (Section 3.5.6). We see that model general-

ization improves, but our results are only a hint that more work in this space is desirable.

Section 3.5.7 suggests future directions.

3.5.1 Training Details

We convert our lifetime class profiling data into a binary classification task, where logical

lifetimes < 100K Bytes are “short” and higher logical lifetimes are “long”.

We split our DaCapo dataset by benchmark, and arbitrarily choose three sets of bench-

marks: 1 benchmark for validation (fop), 1 for testing (h2), and the rest for training. We

perform the split this way as it most closely aligns with our goal of predicting across binaries.

The alternative is to mix all stack traces into one dataset, then create splits. However, this

would be more akin to a single-binary prediction task (with incomplete profiles) rather than

cross-binary prediction.

We focus on classification accuracy as our target metric. Our datasets have high skew

between the short and long lifetime classes. Roughly 90% of stack traces have the short label,

while the remaining 10% have the long label. So, if a model simply predicted “short” for every

example, it would achieve a vacuous 90% accuracy. We combat this skew in two ways: (a)

we subsample the majority class to have a similar size to the minority class during training,

and (b) we use Mean Per-Class Accuracy (MPCA) on the (non-subsampled) validation and
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test datasets. In the pathological example above, if a model predicted “short” for every stack

trace, it would only achieve 50% MPCA (100% accuracy on “short” and 0% accuracy on

“long”). We do not subsample the test split, because we wish to control for a task with

skewed labels in practice, although during training it is important to teach the model with

enough emphasis on both labels.

We implement these models using TensorFlow and Keras [1, 42]. We train our models

using TPUv2s and TPUv3s on Google Cloud Platform. For the Transformer-based models,

we use the Transformer implementation found in the BERT repository [50]. We perform a

hyperparameter search for each model. For the simple LSTM models, we vary learning rate,

sequence length, embedding size, and LSTM cell size. During training, we utilize recurrent

dropout in the LSTM cell. For the Transformer-based models, we vary learning rate, hidden

size, and number of layers. Due to memory constraints, we use only the top 32 frames of a

stack trace in the Transformer models. A single configuration for the LLAMA-like models

takes roughly an hour to train, while a single configuration for our Transformer-based models

finishes training in roughly 22 hours.

We train by minimizing the binary cross-entropy loss on predicted_label compared to

the ground truth we collected (Section 3.4). Specifically, we try to minimize function L =

− 1
N

∑N
i=1[ti log(pi)+(1−ti) log(1−pi)], where N is the number of examples, ti is the ground-

truth of the i-th example (0 for “short” and 1 for “long”), and pi is the predicted probability

that example i is “long”. For each hyperparameter configuration, we select the checkpoint

that achieves the highest MPCA. For each model type, we report the MPCA of the best

checkpoint of the best configuration.

3.5.2 Baseline: LLAMA

LLAMA treats each stack frame in the stack trace as a string and tokenizes function signa-

tures on special characters such as , and ::. It then separates the tokenized stack frames

with a special @ token. These tokens are then encoded using a vocabulary to map each
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token to a specific vocabulary ID. The tokens of the entire stack trace are then fed into an

embedding layer, then this sequence of embeddings is fed into an LSTM recurrent neural

network, resulting in an embedding of the entire stack trace. The final embedding is then

used to predict a lifetime label for the stack trace. This relatively straightforward model

performs very well in their task of predictions on a similar binary to the training data.

LLAMA used only function signature tokens in its representation. However, this in-

formation is not enough to generalize. To demonstrate this experimentally, we recreate a

LLAMA-like model and try to predict object lifetimes on our DaCapo dataset. Since our

dataset is in Java, we tokenize our stack traces in similar ways to LLAMA’s C++ tokeniza-

tion.

We train this model in two different scenarios. First, we train on the entirety of our

DaCapo dataset and test on the entirety of the dataset. This scenario parallels perfect

coverage in LLAMA’s data collection (LLAMA needs to use predictions, as not all stack

traces can be covered by their sampling-based data collection). In this experiment, this

LLAMA-like model for Java achieves 92% MPCA, meaning that this LSTM model could

mostly lookup this previous profiling data.

The more interesting case is when we attempt this across benchmarks. When we train

on only the training set, the model is not able to predict well on the test set. It achieves an

MPCA of 51% on the held out test dataset (recall that random prediction would be 50%).

There are a few potential explanations for this result. First, it could be that out-of-

vocabulary words can have a big impact. While our vocabulary of 5,000 tokens covers

more than 99% of tokens (i.e., less than 1% of tokens must be encoded as a special out-

of-vocabulary token), it might be the case that these tokens are very important for gener-

alization. Second, function names may just not be representative of object lifetime across

benchmarks. One potential solution is subword tokenization [25], which we address next.
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3.5.3 Subtokenization of Function Names

Subword tokenization is a middle ground between word-based and character-based tokeniza-

tion. Common words will be included in the subword vocabulary, while rare words can be

losslessly encoded using subword tokens. This removes the out-of-vocabulary problem, as in

the worst case, even unseen function names can be encoded (as single characters).

Another potential benefit is that some subword tokens in class or method names might be

helpful for the learning task. Simpler token encoding would consider an entire name at once.

This means that three method names called get, getBestPlanItem, and getErrorListener

would each receive an unrelated, different ID. However, their names all contain get. With

subtokenization, these methods could all share a get subtoken, followed by a BestPlanItem

or ErrorListener subtoken if needed. Stack traces that share a descriptive subtoken might

behave in a similar way. For example, in our DaCapo dataset, stack traces that contain a

get subtoken in the top-most frame observe long-lived objects 39% of the time. Stack traces

without such a subtoken observe long lived objects 8% of the time, which is much closer to

the distribution of lifetimes as a whole.

However, this still is not enough signal for the model. We again create a LLAMA-like

model, but this time we use subword tokenization. We use the CuBERT [86] Java tokenizer

to tokenize our function signatures, ignoring whitespace tokens. We then encode these tokens

using CuBERT’s Java subword vocabulary and the Tensor2Tensor library [158] to produce

a sequence of IDs. Using the same model architecture as in section 3.5.2, we embed the

IDs and produce a prediction. On the same DaCapo train/test split, this model achieves

an MPCA of 53%, which is only 2 percentage points higher than the non-subtokenization

model.

One possible explanation could be that subtokenization adds more tokens, but perhaps

not enough extra signal. While subword tokens might be useful information, since we can

only process a limited number of tokens, adding more tokens might reduce useful signal as
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Figure 3.3: Mean per-class accuracy on the DaCapo holdout test set. Note that random
predictions are 50% MPCA, so the difference between 51 and 59% is larger than it may
appear

some tokens must be pushed out. It could also be the case that these “helpful” subword

tokens are simply not enough signal.

From these experiments, it is possible to conclude that function names, even when en-

coded in different ways, do not seem to provide much signal to the model for this lifetime

prediction. We therefore turn to a different feature: code.

3.5.4 Featurizing Stack Traces with Code

Code may offer the signal that we need for this prediction. As mentioned in Section 3.3,

code defines program behavior, and should be more useful for generalization than function

names across binaries. We thus apply code embedding models.

As described in Section 3.4, we associate every stack frame with the source code of the

appropriate function. Additionally, each stack frame has a line number, representing an

allocation site (in the case of the topmost frame) or a call site. One major challenge is

selecting what code to embed for each stack frame. It is difficult to train long sequence

lengths on traditional Transformer-based language models. For example, pre-trained BERT
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Figure 3.4: Multi-modal stack frame embedding (left). Lifetime prediction model with
several frame embeddings (right).

models are often limited to sequence lengths of 512 tokens. However, even a single function

in our dataset could have thousands of tokens.

When combined with the fact that our stack traces have tens or even hundreds of stack

frames, we can easily run out of token budget. This problem is exacerbated by the fact

that many code-embedding models focus on embedding a single code snippet or context.

However, in our case, we need to look at many snippets at once, which may even be from

separate code bases when considering third-party libraries. Given these uniquely difficult

code embedding challenges, we believe that there is room to improve code featurization.

We must select a subset of code tokens for each frame in order to satisfy our token budget.

In this work, we take a simple approach: in each stack frame, take a window of tokens around

line number of the call or allocation site. Starting at the center token of the given line, we

simply add one token from the left of the current window, then one from the right, and so

forth until the per-frame budget is reached. If one side reaches the beginning or end of the

function, we gather tokens from the non-exhausted side until we reach the per-frame budget,

or the entirety of the function is selected. We are then left with a (smaller) sequence of

code tokens for each stack frame. The tokens are then encoded using a subword vocabulary,
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leaving us with a sequence of subword token IDs for each frame.

In addition to limiting budget per-frame, we must also pick certain frames to include.

These are related budgets: increasing one causes us to decrease the other to maintain a

memory budget. In our experiments, we choose to keep the top 32 frames, and set a per-

frame token budget of 256 tokens. We then embed these tokens using a Transformer-based

model. Using a Transformer (of max sequence length 256 tokens), we embed each stack

frame’s code tokens to produce 32 Transformer embeddings, one for each frame. Next, we

pass these Transformer embeddings through an LSTM to produce a single embedding of the

entire stack trace. Finally, we apply a last Dense layer and a softmax to produce a lifetime

label of the entire stack trace.

We train and test this code-only model with the same DaCapo training/test split. It

slightly outperforms our simple LLAMA-like models, and achieved 54% MPCA on the test

dataset, only 3 percentage points higher than the LLAMA-like model and 1 percentage point

higher than the subtokenized LLAMA-like model. Note that this representation does not

cleanly supersede that of Section 3.5.3: the function signature does not always fit in the

per-frame token budget.

One potential validity sanity-check is that it is not the code that is causing improvement,

but the model size. This is a valid concern, as the 32-frame Transformer model (188M

parameters) is much larger than a small embedding layer and LSTM (4M parameters). So,

we create a comparable signature-only 32 frame Transformer model. Given the same token

and frame budgets (i.e., 32 frames, 256 tokens per frame), we subtokenize and embed the

signatures of each frame, rather than code. Interestingly, this Transformer-based signature-

only model outperforms the code model by achieving 57% MPCA on the holdout dataset, 3

percentage points higher than the code version of the model.

A major problem is the number of code tokens. While a window of code around the

call site is straightforward to collect, it may not be the right set of tokens. Tokens that are

lexically far away from the callsite (e.g., control flow such as for or while) may have a large
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impact on the prediction, but will not be captured by the window. This has been observed

before [9, 7, 133, 75] and motivates the next approach.

3.5.5 Representing Code with Abstract Syntax Trees

Another potential direction is to represent code using Abstract Syntax Trees (ASTs). ASTs

are a tree representation of source code structure. As opposed to concrete syntax trees, or

parse trees, ASTs do not capture every detail of the source code, but do capture important

structural details. For example, an AST might represent an if statement with a handful of

nodes: a node for the if-statement itself, and three child nodes, representing the condition,

then branch, and else branch. We parse our source code using javalang3, an open source

Python library providing a lexer and parser for Java.

An example of this representation is shown in Figure 3.5. Note that some details are

omitted from the figure for clarity. To represent an allocation site, we find the path to the

allocation site on the AST. For stack frames that represent a call site, we instead find the

appropriate method invocation node. To generate a token sequence, we simply use the names

of the nodes on the AST. So, the foo allocation site would be represented by the tokens:

CompilationUnit, ClassDeclaration, MethodDec, ForStmt, BlockStmt, VariableDec.

While this approach might lose some finer-grained information about the code, namely the

variable names, the AST nodes may be useful for capturing high-level structural information,

such as loop keywords. We train and test the same 32 frame model on the same DaCapo

dataset as before, but using AST tokens. It achieves 55% MPCA, which is in between the

code and signature performance.

3https://github.com/c2nes/javalang
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Figure 3.5: A code snippet and associated AST

3.5.6 Multi-modal Features

LLAMA showed that function names are sufficient in some cases. Code precisely defines

program behavior and captures programmer intent (with variable names), but is verbose.

ASTs are concise but lose fine-grained information.

Instead of using a single representation, we can try to combine them in an attempt

to capture the best properties of each representation. This model is shown in Figure 3.4.

We instantiate 3 Transformers, with sequence lengths 176, 16, and 64 for code, AST, and

signature tokens, respectively. At each frame, the three Transformers produce one embedding

each, representing their specific token-type embedding for the frame. The 3 embeddings are

then max-pooled to produce a single embedding of the frame. We repeat this for each of the

32 frames, and use an LSTM to produce a single embedding, followed by a Dense layer and a

softmax to produce a prediction. While this multi-modal model processes the same number

of tokens per frame (256) as the single type model, it has about 190M trainable parameters,

compared to the 70M parameters of the previous single-type models.

We train and test this combined-embeddings model on our DaCapo dataset, and find
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that it achieves 59% MPCA on the holdout dataset. While it is not by much, it was the best

performing model by a couple of percentage points.

3.5.7 Challenges

Despite the extra signal we provide the model, and despite out-performing signature-only

methods, this prediction accuracy is still not high enough to be usable. The challenges in

Section 3.4 are also relevant here, as a dataset can strongly affect a model’s performance.

However, there are also a number of challenges specific to this family of models.

A major open question is how to solve the context selection process. Due to memory

constraints in large Transformer models, selecting the right tokens is paramount. Even with

TPUv3s, we found it difficult to train on more than 32 frames, even with tiny batch sizes,

and had to ignore the excess frames. However, almost 93% of the stack traces we collect

have more than 32 frames, meaning that almost every stack trace has frames missing in its

representation. Additionally, some individual frames are very large and must be trimmed

down. Of the stack frames that have source code (78% of frames), 18% have too many

tokens, and must lose some of their tokens before being presented to the model.

We choose to use the top of the stack as these stack frames are “closer” to the allocation

site, and may be more relevant. However, it could be the case that other frames (or even

auxiliary features like its height) might be predictive as well. For example, objects allocated

with a certain library call on the bottom of the stack are possibly longer-lived.

Code selection within individual frames is important as well. While ASTs might help

alleviate the problem of lexically-far tokens, it is not perfect. Carefully selecting the “impor-

tant” code tokens could greatly improve model performance, as the “non-important” tokens

can almost be considered noise that hurts the model. We are considering techniques that

prioritize tokens the model is likely to consider “important” (in Transformer parlance, have

high attention scores), based on an Expectation-Maximization formulation akin to Code-

Trek [132].
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3.6 Part 3: Application

Our proposed approach could be used for a number of optimization tasks. While we show

how it can be used to predict object lifetimes, it could also be used for predicting properties

such as object hotness. In general, the predictions are not the end goal: the predictions

themselves are used by some downstream task. In the case of our lifetime predictions, this

could be deciding to pre-tenure [20, 22] or stack allocate an object [41]. LLAMA used

object lifetime predictions to create a memory manager that organized its heap into lifetime

classes, rather than size classes. Analogously, object hotness predictions could be used for

learned remote-memory prefetching. While there are works that improve prefetching in this

setting [114], there may be good opportunities for ML-based approaches because accurate

predictions could reduce very expensive remote memory fetches.

An important consideration is the required accuracy of the downstream task. Before

modifying an existing system, it is useful to first quantify potential speedups and required

model accuracy. As a thought experiment, we can take the example of learned remote-

memory prefetching. Before modifying the prefetching system, we can simulate the effect of

a model. First, for some application, we could collect a representative sequence of memory

accesses, using a tool such as Intel’s Pin [109]. Given the sequence of memory accesses, we

can compare the page fault rate of the existing system and a model. We might hypothet-

ically observe that the existing prefetching system addresses 65% of page faults, i.e., 35%

of requests must fetch remote memory, while the rest avoids a page fault because of the

prefetching. If a model could accurately predict 50% of pages to prefetch, the ML-based

prefetching would perform worse than the existing system, as it would have a higher page

fault rate. If a model could accurately predict 65% of pages to prefetch, it still may perform

worse than the existing system because of the cost of running the model. We might then

find that, given the cost of a remote-memory page fault, and the cost of running the model

online, that the ML-based system breaks even when the accuracy is 75%. A user might then

decide that the ML-based system is only worth implementing if they can train a model that
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achieves 85% accuracy.

Assuming a model achieves sufficient accuracy, we can integrate its predictions into a

system in a number of ways, each making a tradeoff between richness of input features and

the effect of model overhead.

3.6.1 Online Prediction

In this approach, we run the model at the time a decision is made. For example, at the time

an object is allocated, a runtime system could run a model to make the online decision to

pre-tenure an object. While this approach was suitable to LLAMA, it may not be possible

with our larger code-embedding models. Object allocations are latency-sensitive and must

finish in nanoseconds, which is not enough time to run a large model. LLAMA proposes

amortizing the cost of running the model by caching model predictions and only running

the prediction if the result is not already cached. However, Transformer-based models, such

as the ones we use, can easily take milliseconds to run. Even with caching, this may be too

expensive to run online in some applications.

One important benefit is that it may be possible to include other live state (e.g. the value

of certain variables, cache-line state) as a feature to the model. These features would not be

available to non-online predictions.

3.6.2 Prediction in JIT Compilers

Another possible use case could be during JIT compilation. For example, OpenJDK runs

interpreted bytecode, but when a method is executed enough times, will profile it at run

time and compile it with increasing amounts of optimizations. Since a JITed method is

hot, any performance optimizations will have a large effect. Because the JIT compilation

typically occurs in the background, running a model for some milliseconds could have less of

an overhead than running it on the critical path, as an object is allocated. Similar to online
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prediction, live program state could be used as a feature in the prediction. However, managed

runtimes have been tuned for decades and might already do a “good enough” job with their

online-profiling and optimizations, even if they are simpler than stack trace predictions we

could produce.

3.6.3 Offline Prediction

On the other end of the spectrum is moving the prediction completely offline. The benefit

in this case is that there is no runtime overhead to run an expensive model. One way to use

this type of prediction is to generate annotations that can be used by the runtime system

[22, 124] or optimizations like ThinLTO [83]. However, these predictions can only use source

code features, as dynamic state is not available.

3.7 Discussion

While the multi-modal representation of stack traces seems like a promising direction, the

accuracy that these models achieve is not yet usable. We see a number of opportunities for

improvement.

3.7.1 Token selection

One major open problem is selecting code tokens. There are far too many tokens in a stack

trace to include them all. We could try to solve this problem at a function granularity, or

by selecting only certain stack frames, or combining the two.

Within a single function, the most valuable tokens might be lexically far from the allo-

cation site, and are missed by our simple window of code selection. One potential direction

is to augment the stack traces using static analysis. For example, the code that defines and

uses the object, may be more important than lexically-nearby code. These def-use chains
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may point to the most useful source code statements: the ones that actually affect the ob-

ject. However, def-use (especially inter-procedural) chains may be difficult to gather on a

large scale. This is a trade-off: using an analysis has a time cost, but may produce better

predictions.

We select a fixed number of stack frames from the top of the stack, but other stack frames

may be more important. Per-frame token budgets also do not need to be fixed. If could rank

every token’s importance, and we see that a certain function contains many useful tokens,

we could increase the frame’s token budget (at the expense of another frame).

Finally, we currently ignore comments because of token budget constraints. However,

they may provide useful natural language hints to the model.

3.7.2 Modalities

Token-based representations are not the only option. Given recent success in graph neural

networks (GNNs) and GNN-based code embeddings, including a graph embedding of the

code might prove very useful. Additionally, there might be better ways of handling the

different modalities. For example, we used separate Transformers for each embedding type,

then a maxpool operation to combine the embeddings per-frame. However, an attention

model might be better than a maxpool, or it might be better to keep all of the embeddings

rather than aggregating them per-frame. There is a large design space still to be explored.

3.7.3 Labelling Examples

Stack trace-based representation can be ambiguous. Many objects can be allocated at the

same site, and will be represented by the same stack trace even if they behave differently.

While some tasks might be able to tolerate this label ambiguity by choosing one label (e.g.

most common or max), others might not. One idea is to augment the data with some

dynamic features, for example, GC-related data, current CPU load, or current memory load.
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While not available to offline-only predictions, this would be a useful way to disambiguate

object behavior, even if they come from the same stack trace.

3.8 Conclusion

In this paper, we present a framework for reasoning about the design space of predicting heap

allocation properties with machine learning. We believe that our paper provides evidence

that this is a promising approach, but a number of challenges need to be solved to make

it practical. We hope that this intellectual abstract opens up a new research direction for

the ISMM community and that our discussions of challenges and trade-offs in the design

space of this problem will lead to more work that takes advantage of advancements in code

embedding models within memory managers.

3.9 Acknowledgments

Chapter 3, in full, is a reprint of Christian Navasca, Martin Maas, Petros Maniatis, Hyeontaek

Lim,and Guoqing Harry Xu. Predicting Dynamic Properties of Heap Allocations Using

Neural Networks Trained on Static Code. ACM SIGPLAN International Symposium on

Memory Management (ISMM’23), June 2023. The author was the primary investigator and

author of this paper.

76



CHAPTER 4

Learned Refinement-based Points-to Analysis

In the previous chapter, we saw how we could use source code embeddings to make predictions

about objects’ runtime behaviors in order to enable optimizations. Static analysis is a more

formal way of analyzing program behavior, based solely on the source source code of a

program. In this work, we can take ideas of multi-modality and source code embeddings,

as shown in the previous chapter, to make a different kind of optimization: speeding up a

very important static analysis. We can again see the idea of optimistic optimizations on

display: while we hope that our predictions are correct, we have ways of getting around

mispredictions in the form of threshold tuning and falling back onto an easier analysis. This

threshold tuning and fallback method is another statistical approach of optimization: based

on needs of the user, and expected performance of our predictions, we can make an informed

optimization.

4.1 Introduction

Points-to analysis is a fundamental static analysis which finds the memory locations that

a pointer may point to at runtime. It is useful on its own for tasks such as detecting null

pointer dereferences, but more importantly, it is a building block for all kinds of tools, such

as bug detectors [106, 23], security analyses [13], program repair [61].

One of the most successful techniques for improving precision is context-sensitivity, which

distinguishes a function’s variables across different contexts. This allows the same function

to be analyzed under these different contexts, which helps to reduce spurious object flows.
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Context-sensitivity has been shown to be key to computing precise points-to information [100]

and has been studied extensively. Some summaries of this area can be found in [77, 68]. Many

different kinds of context-sensitivity have been introduced such as object-sensitivity [115],

callsite-sensitivity [145], and type-sensitivity [146].

While it has been shown to have great precision benefits, context-sensitivity comes with

heavy efficiency costs [100, 167]. We can see this experimentally as well. When performing

a context-insensitive pointer analysis with Soot [148], on a relatively small DaCapo bench-

mark [19], it takes roughly 15 seconds. However, when adding context-sensitivity, it takes

nearly 40 minutes to complete. There is a large body of work that aims to improve the

scalability, using approaches such as selective context-sensitivity [82, 103, 107, 147], summa-

rization [170, 38, 140], or refinement [149].

These problems are often posed as graph problems, such as reachability between two

nodes. Given recent advancements in Graph Neural Networks (GNNs), it could be possible

to predict this information in order to speedup points-to analyses. Inference time for these

GNNs is often on the order of hundreds of milliseconds, which could offer large time-savings

over traditional context-sensitive computations, which can take hours or days on even mid-

sized codebases.

In this work, we introduce a GNN-based model to predict context-sensitive information

of a context-free language reachability formulation of points-to analyses. We show how a

pointer graph collected by the Soot framework can be used as input to a GNN to predict

context-sensitive edge information, given context-insensitive edge information. Inspired by

our previous work in chapter 3, we also show how we can augment the graph with multi-

modal information, in the form of code embeddings, to improve generalization. Finally, we

describe how such a model could be tuned to meet the precision needs of a downstream client

tool.
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4.2 Background

We provide an overview of some traditional points-to analysis approaches and some related

work in the machine learning space.

4.2.1 CFL-Reachability for Points-to Analysis

In this work, we consider the context-free language reachability formulation of points-to

analyses. Previous works have shown that context-sensitivity in Java can be formulated as a

balanced parentheses problem [149, 150]. This CFL-reachability formulation is an extension

of graph reachability that enables filtering of infeasible paths.

Given a graph with edge labels, and L, a language over the same edge label alphabet,

each path in the graph is labeled with a string obtained by concatenating all of the edge

labels in order. The path is an L-path if the the string ∈ L. Given nodes s and t, this

formulation asks if there is an L-path from s to t. If so, then t is L-reachable from s. As

we can see, this is a harder problem than standard graph reachability: while there may be

paths on the graph, their edges may not form valid L-paths. For example, we can model

field-sensitivity information using L-paths, by considering a balanced parentheses problem,

where the language, L, is strings with balanced braces ([ and ]).

In the context of the points-to analysis, G represents the program. The nodes of the graph

are variables and abstract locations. The edges of the graph are various types of assignments

between them, such as regular assignments, field assignments, and so on. Edge labels capture

sensitivity information. For example, a field write "x.f = y" might be captured by an edge

between x and y,(representing an assignment) with a label [f (representing the write to field

f). A field read "w = z.f" is similarly correspondingly represented by ]f . In a program, when

we write y into a specific field, f , we can only retrieve it from x again with some z.f , as long

as z points to x. Given a path on the pointer graph, we can collect its edge labels to form

a string. If we saw a string “ [f [g]g]f ”, we could conclude that it is a valid L-path, meaning
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that this is a valid assignment chain that could occur in a real program execution (at least

in terms of field assignments). In this case, we captured field-sensitivity by matching the

braces edge labels. We can extend this language to also capture callsite-sensitivity in the

same way.

We can add parentheses edge labels to our language to also capture callsite sensitivity.

Given a method int foo (int x) and method call z = foo(y), we draw an edge (repre-

senting an assignment) from y to x, where x represents the formal parameter to the foo

method and y represents some variable. The edge has a label (1, meaning that it is a call

at a particular callsite, numbered 1. If the function returned a variable r, we can draw an

edge from r to z, with an edge label )1, representing a return to a particular callsite. Now,

similar to before, we can find L-paths by checking if a path’s labels have matching call and

return labels: (1(2)2)1 is an L-path but (1(2)3)1 is not. We can see how this becomes very

computationally expensive: the string matching problem grows with the number of different

callsites in the program. Additionally, we will re-examine the same method many times, if

it is used in many contexts.

An concrete example is shown in figure 4.1. The corresponding source code is shown

in figure 4.2. In this example, we create two Bar objects which are assigned to a1 and a2.

Both are passed as parameters into the foo function. On the graph, this is captured by an

assignment to the formal parameter p of the function. The parameter p is then assigned to

some local variables, before the variable y is returned. We capture this return value as an

assignment from y to another variable: here it may return to b or to c. We can see that the

parameter p is return value. In the main function, we can see two calls to foo, one with a1

and one with a2. From the programmer’s point of view, we can tell that variables b and c

can never point to the same value: in a particular context, the foo function has a particular

return value (the parameter). On the graph, if we did not have the edge labels (context-

sensitivity), it would appear that either Bar object could flow to b and c (and hence, b may

point to c and vice versa). But with the edge labels, we can consider the calling context,
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Figure 4.1: A context-sensitive Pointer Assignment Graph

and be more precise: b and c cannot point to the same objects.

It’s important to point out that every context-sensitive path is also a context-insensitive

path, but not vice versa. In this work, given an insensitive path, we would like to find if it

is a context-sensitive path or not.

Bar foo(Bar p) {
Bar x = p;
Bar y = x;
return y;

}

void main() {
Bar a1 = new Bar();
Bar a2 = new Bar();
Bar b = foo(a1);
Bar c = foo(a2);

}
Figure 4.2: Source code corresponding to PAG in figure 4.1
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4.2.2 Graph Neural Networks

Graph Neural Networks (GNN) [90, 110, 143, 105] are a family of neural networks designed

for machine learning over graph data [165]. Within this family are many different models,

such as graph convolutional networks [90], graph attention networks [28], graph transformer

networks [174], and many more. They have been used across many disciplines including

recommendation systems [164, 172], chemistry [53], and code understanding [7, 15]. Given

the recent successes of these models, we would like to predict context-sensitive information

using GNNs, but first, we must structure our graphs and learning problem in the right way.

4.3 High-Level Overview

Instead of running the expensive context-sensitive analysis, we could predict it using machine

learning. In this work we use a GNN-based model to predict context-sensitive information

of the previously described context-free language reachability formulation of the points-to

analysis problem.

4.3.1 Expected Benefits

Whole-program context-sensitive points-to analysis can take hours or days to run, even

on relatively small benchmarks, such as the DaCapo benchmarks. However, whole-graph

GNN-inference can finish in minutes on graphs of the size of these benchmarks, orders of

magnitude faster. This performance improvement can speed up certain downstream tools to

run in near-realtime. This is of particular importance in tools that are embedded in tools

such as IDEs, such as bug detection tools, which need to provide feedback to developers in

seconds.
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4.3.2 Dataset

We collect pointer assignment graphs of the DaCapo Benchmarks (version 9.12-bach), using

the Soot Framework. These benchmarks are all primarily Java code. We perform both

context-insensitive and context-sensitive points-to analyses over these graphs, using the built-

in demand-driven analysis based on Sridharan et al. [149], to find the points-to set of every

variable in each program.

We collect each graph separately. This means that to collect the Fop graph, we analyze

only the code used for the Fop graph, and the dependencies used. When we collect multi-

benchmark graphs, such as Fop+Batik, we analyze the entire graph at once. This may include

points-to queries across benchmarks, i.e, the source node is in Fop, and the destination node

is in Batik.

For each pointer assignment graph, we collect a set of nodes, numbered 1 through n,

where n is the number of nodes in the graph. The nodes in the graph have different types.

In this work we keep track of allocation nodes and variable nodes. Allocation nodes represent

so-called abstract locations. Each abstract location represents a particular new invocation in

the program. We label every other kind of node to be a variable node.

For each pointer assignment graph, we also collect a set of edges, which each connect

two nodes, and reflexive edges are allowed. While the whole point of the graph is to capture

assignments, there are multiple different types of assignments, and hence, each assignment

edge has a type. For example, there can be regular assignments (x = y), field assignments

(x.f = y), field reads (y = x.f), function calls (foo(x)), function returns (y = foo()), and

so on. In total, we capture 9 different types of assignment edges.

Certain edges also have a particular label, to capture sensitivity information. For field

reads, and field writes, we capture the field name. For example, for an assignment x.f = y,

we would have an edge from x to y, of type field assignment, with label [f . A corresponding

assignment z = x.f would have an edge from x to z, of type field read, with label ]f . Similar
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to section 4.2.1, this enables field-sensitivity. For function calls and returns, we capture a

callsite number. For example, given a function call y = foo(x), we would have an edge

from x to the formal parameter of the foo function, of type function call, with edge label

(1 (if the callsite is numbered 1). If there are multiple callsites which call foo, we represent

it by creating multiple edges: for each argument variable, we draw an edge from the a to

p (where p is the formal parameter of foo). We would also have an edge from the return

variable to y, of type function return, with edge label )y (if the call site is numbered 1). If

there are multiple returns within a function, an edge is created from each return variable

in the function to each callsite that the function is called from. The callsites are numbered

starting from 1 and are unique across a single analysis, i.e., each callsite in the program has

a particular callsite ID, but these IDs carry no meaning across pointer assignment graphs.

We then run the built-in demand-driven points-to analysis and find the points-to set

of every variable in the program. For every variable, we create an edge to each context-

insensitively reachable variable. For example, on figure 4.1, there would be insensitive edges

between variables b, c, p, x, and y. For edges in the training dataset, we run the slow analysis

to find, for each of these edges, if it represents a context-sensitive edge (i.e., a feasible path)

or not.

We also collect all of the methods encountered by the analysis. For each method, we

collect its corresponding Jimple code and method name. Jimple is an intermediate represen-

tation of Java designed to be easier to optimize than Java bytecode, and can be constructed

by Soot given only the Java bytecode. We collect Jimple rather than source Java code as it

is more readily available during the Soot analysis, but future work could instead collect the

Java code. It should be noted that not every method has associated Java code. For example,

third-party libraries are often shipped as pre-compiled JARs, which contain bytecode and

only optionally contain source code. Furthermore, unless the pre-compiled JAR contains

all source code of all its dependencies, it can sometimes be a difficult task to find the right

versions of all the source code in a project. This is a similar problem as found in the “stack
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trace contextualization” described in chapter 3.

For each method, we also collect the which nodes were initially defined in which methods.

That is, if a variable is initially declared in a particular method, we associate it with that

method. We also collect the set of abstract location nodes for each method.

We augment the pointer assignment graph with these methods. We create a method node

for each method that we collected. We then draw edges from each method node to the nodes

that were definied inside of that method. For example, if a variable v is initially defined in

a function foo, then there is a method node, which represents foo, and an edge from the

foo node to the v node. When available, we label this edge with a number, representing the

source-code-level line number within the file that the node was declared on. It should be

noted that line number information is not always available, in which case we assign an edge

label of 0 to indicate that the data was missing (as line numbers start with 1).

4.4 Modelling

The goal of our GNN-based model is to predict if a particular insensitive edge represents a a

context-sensitive solution or not. Specifically, as input we are given a set of < xi, yi >, where

xi is a particular context-insensitive edge with a particular source node srcxi and particular

destination node dstxi, and yi is a binary label representing if the edge is context-sensitively

feasible or not.

Our model contains two modules, a pre-trained BERT [50] model which is used to embed

method nodes, and a graph neural network model which learns the relationships between

variable nodes to create embeddings of nodes and edges and classify insensitive edges with

a binary label.

Since we use a standard GNN architecture, we keep the description relatively high-level

and discuss how we map our particular problem to the GNN. For finer details about how

GNNs work, we refer the reader to citations in section 4.3. For all nodes except method
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nodes, we create an initial embedding based on its ID, which is unique. To produce an

embedding of a method node, we first gather all the Jimple tokens (including the method

and parameter declaration) from that method. We then use an off the shelf pre-trained

BertTokenizer and BertModel (from Huggingface Transformers [162]) to tokenize the Jimple

statements and embed them. After passing the entire Jimple token sequence through the

BERT model, we take the last hidden state. This last hidden state is projected to our

node embedding size (if needed), and is used as the initial embedding of each method node.

Method nodes are connected to non-method nodes with a special contains-def edge, which

represents that a particular node was defined in that method.

We then apply a learnable embedding matrix to each node and each edge, based on its

type. Here we have two node types (variable or abstract location) and 11 edge types (9

assignment types, insensitive edge, contains-def edge). We then use a GCN implemented

with Deep Graph Library [159] to update the node and edge embeddings. To produce a

prediction, for each insensitive edge in the graph, we concatenate the source and destination

node embeddings, and use a linear layer to produce the final logits. Afterwards, we use

a softmax to find the highest probability label, and compare this to the ground truth. We

train the GNN by minimizing the binary cross-entropy of the predicted labels and the ground

truth labels.

We learn parameters for the GNN itsel, the per-type node and edge embeddings, as well

as the initial embedding matrix used for non-method nodes. It should be noted that we do

not update (i.e., fine-tune) the BERT weights for embedding of the method nodes.

4.5 Implementation

PAG Collection and Points-to Analysis We use Soot to collect pointer assignment

graphs of the DaCapo benchmarks. We use DemandCSPointsTo to compute the points-

to information for all variable pairs. We increase the traversal limitation for this PTA to
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75000000, and filter out edges in which the analysis times out (i.e., exceeds this limit)

from our dataset. In total we wrote approximately 1000 Java LoC to produce this dataset.

We wrote approximately 500 Bash and Python LoC to convert this raw data into a format

suitable for our DGL-based model. Our graphs contain on the order of hundreds of thousands

of nodes and edges. For example, the Fop graph we collect has 115643 nodes and 537227

edges.

Graph Neural Network The method node embedding module is the “bert-base-uncased”

model found on Huggingface. We embed the Jimple tokens ahead-of-time, meaning that

by the time the nodes are loaded by the GNN, each node is already associated with an

embedding. However, based on the method nodes’ embedding size (a hyperparameter), we

project the initial BERT-based embedding to the appropriate size. The GNN model is

implemented in roughly 2000 Python LoC.

Model training We perform a hyperparameter sweep and vary the learning rate, node

embedding size, edge embedding size, depth, and layer type of the GNN model. We then

train on the specified training dataset (which differs for different experiments), and select

the checkpoint, among all hyperparameter configurations, which has the highest accuracy

on the validation dataset. We train our models on Google Cloud Platform, using 10 VM

instances with configuration n1-standard-4 with a single NVIDIA K80 GPU each. Our

training takes roughly 3 GPU-weeks, and single benchmark inference time takes roughly 1-2

minutes. We then report the performance of this model checkpoint on the specified test

dataset in section 4.6

4.6 Evaluation

This section evaluates the effectiveness of this GNN model and its ability to predict context-

sensitive information. We seek to answer the 3 following questions:

RQ1. How effective is our model at predicting on a single benchmark? (Section 4.6.1)
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RQ2. To what extent can our model generalize to unseen benchmarks? (Section 4.6.2)

RQ3. To what extent do method nodes improve our generalization? (Section 4.6.3)

4.6.1 Prediction on a single benchmark

Graph MPCA
Batik 83.46%

Eclipse 93.74%
Fop 90.77%

Table 4.1: GNN Mean-per-class-accuracy (MPCA) performance on hold-out edges

Table 4.1 shows the mean-per-class-accuracy of our GNN model on 3 different DaCapo

benchmarks. In this experiment, we trained on each different benchmark’s pointer assign-

ment graph separately. We train with 80% of the insensitive edges, and reserve 10% for

validation and another 10% for testing. The model is trained until the accuracy on the

validation set no longer improves. We select the checkpoint, among all hyperparameter con-

figurations, which has the highest accuracy on the validation set. We report the MPCA of

the test split in the table. We use mean-per-class-accuracy because the dataset is heavily

skewed: there are far more edges labeled "infeasible" than there are "feasible" edges.

These MPCA values are quite high, and are a promising first step, but they are not

directly useful. The problem is that this requires training over the same graph that will be

used for inference (in this case, evaluating the test split). This means, that we would need

to spend GPU-weeks training every graph before it could be used for downstream tasks, if

we wanted it to perform this well. Furthermore, these GPU-weeks would take many more

compute resources and/or time than just running the slow analysis, so this is not a good

tradeoff. Instead, similar to chapter 3, we should look at how well the model can generalize.
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Training Graph Test Graph MPCA
fop+batik eclipse 47.25%

batik+eclipse fop 43.303%
fop+eclipse batik 50.93%

Table 4.2: GNN Mean-per-class-accuracy (MPCA) performance on unseen benchmarks

4.6.2 Generalization across benchmarks

Table 4.2 reports our model’s MPCA when predicting across benchmarks. We again use

mean-per-class-accuracy as the target metric because of label skew, as a better way to

measure the performance of the model. Because we treat this as a binary classification

task, simply predicting the more common label would result in a very high raw accuracy.

For example, predicting “infeasible” on every edge would result in 88% accuracy on our fop

dataset.

In this experiment, we train on the combined graph of two benchmarks (in their entirety),

and test on a third benchmark (in its entirety). We use a portion of the combined graph as

a hold-out set, used for validation and checkpoint selection. We provide the same hyperpa-

rameter space as the previous experiment, and provide an entire extra benchmark for extra

training data, but we see that the MPCA is much lower.

This MPCA result is not strong. While a downstream tool may not need formal soundness

guarantees, it is still not great when the context-sensitivity is correct only 50% of the time.

This result helps to motivate the need for improving the model.

One potential problem is our representation of variable nodes. Each variable node is

initially embedded with a unique ID, but this ID has no meaning across benchmarks as

variables are numbered differently. Furthermore, the numbers may not even be stable across

analysis runs of the same benchmark. Because this representation doesn’t tell the model

much about the graph node, it may be useful to augment the representation. The graph

structure still provides rich information, but similar to our work in chapter 3, we can try to

improve the model with multi-modality, in this case by adding code.
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4.6.3 Addition of method nodes

Graph Nodes MPCA
Variable / Allocation 37.83%
With method nodes 44%

Table 4.3: Comparison of performance with and without Method nodes

As described in sections 4.3 and 4.4, we augment the graph with method nodes. In this

experiment, we compare the performance of our GNN model with and without these method

nodes. The results are shown in table 4.3. Here, we train the specified model on the Fop

benchmark, and test its accuracy on the Avrora benchmark, and report the MPCA. We

again provide the same hyperparameter space to these models as in previous sections.

We can see that the model with the extra method nodes performs better, by 6 percentage

points. While this is a sizeable improvement (because we are considering MPCA, not pure

accuracy), this still leaves room for improvement.

4.7 Discussion

While the multi-modal code embeddings seem to be a promising direction, the accuracy

needs to be improved before being practically useful. We see a number of ways to improve

this work.

4.7.1 Potential Improvements

Improvement 1: Model size. The model that we train is not very large by modern stan-

dards. Other work has shown that GNN depth could be the most important hyperparameter

to adjust for GNNs solving similar problems [65]. This is because depth corresponds to how

far away a GNN can “look” from each node. For example, to make an accurate prediction

about a node relationship 5 hops away, we need a GNN with 5 layers (or to use other tricks,

such as skip edges). For reference, the previously cited Snowcat paper trains GNNs of depth
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of nearly 50, but in our experiments, the deepest GNN we train is 5 layers. But in our

datasets, we observe paths of length 30 or more, most of the time. We use smaller GNNs

mostly due to resource constraints – our K80 machines do not have as much memory as

beefy machines with 8+ powerful GPUs, such as A100s.

Improvement 2: More sophisticated Code Embedding. We use a Transformer that

is pre-trained on text, which is meant to be used for NLP problems. Because we use Jimple

tokens, it is very possible that the pre-training did not help. We may find that the code

embeddings work better when the Transformer is trained from scratch, or at least fine-tuned

to perform better with Jimple. We also could fine-tune the embedding with the rest of the

GNN, rather than do it ahead of time, however this would put additional pressure on our

compute and memory resources and may not be worth it.

We could also change the code that we use to embed the methods. While we currently

use Jimple, that is mostly out of convenience, as Soot directly provided this. But patterns in

higher level source code such as Java may be more useful, and there has been more literature

about training models on them.

Improvement 3: Threshold tuning. After we improve the performance of the model in

the previous two ways, a very important addition is to add threshold tuning. A classifier is

usually trained to predict the probability of a particular class (here, if an insensitive points-to

relationship is also context-sensitive). A tunable threshold determines when we will report

this result. If a model predicts below this threshold, no report is shown, but if it predicts with

confidence above the threshold, we can report it to the user. This allows us to report fewer

(but higher-quality) results, and allow us to make tradeoffs about the expected precision and

recall of the predictions.

This threshold idea is shown in a number of works [65, 156], and is incredibly important

for our use case. An example precision/recall graph from [156] is shown in figure 4.3. Based

on the need of the downstream tool, we can choose a point on such a graph, to optimize for

precision or recall. Developers often care more about receiving less warnings, even if their

91



Figure 4.3: An Example Precision/Recall Curve from [156]

bug detection tools miss some bugs. Such a threshold could help us tune precision based

on requirements of the downstream task (such as a bug detector). If a prediction is below

the threshold, we also have the option of re-running the slow analysis, if a downstream task

really did need the precise answer.

Future evaluation could then show how different threshold choices would affect different

downstream client tools or analyses.

4.7.2 Downstream Clients

It is important to point out that points-to analysis is a fundamental building block for many

program analysis tools. In addition to the clients mentioned in section 4.1, points-to analysis

has also been used for program verifiers [59], symbolic execution [89], de-obfuscation [137],

null-pointer detection [16], code completion [136], program slicing [163], and many more.

After we have improved our machine learning model, as described previously, we can
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improve this work by evaluating the performance of such downstream tools when the pointer

analysis is replaced by our predictions. Many of these clients do not require 100% soundness

of the underlying pointer analysis, and would benefit from the speedups that our technique

would provide.

4.8 Conclusion

In conclusion, we present a way to predict CFL-reachability-based context-sensitive points-to

analysis using a GNN. We notice that the straight-forward implementation of the GNN does

not generalize well across benchmarks, and propose a way to improve generality, using code

embeddings for the methods in the program. In the future, we plan to improve the work by

improving the hyperparameter search, and adding threshold tuning.
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CHAPTER 5

Conclusion and Future Directions

Machine learning models are constantly evolving to solve larger and more complex problems.

This is especially noticeable now, with recent advancements and excitement relating to Large

Language Models. There are countless new techniques and models that appear and create a

new state-of-the-art every day. However, in systems research, adoption of these large models

is often far behind development of these techniques. Often times, this is due to 1) the ever

increasing resource requirements for these models, and 2) the cost of handling mispredictions.

In time-sensitive operations in a system (such as making a scheduling decision, or making

a memory placement decision) “small” models such as an LSTM are often already too expen-

sive to use at runtime. This is because the milliseconds needed to run an inference are more

expensive than the potential time savings from a smarter placement decision. Furthermore,

any mispredictions would undermine any performance improvements that would be seen.

This dissertation takes a step towards fixing these problems. In chapter 2, we show

that if we could accurately capture the behavior of most objects, we can find performance

optimizations in these systems, even if we are sometimes wrong. This idea appears in the

rest of the dissertation as well – if we design a system to be “mostly” right (with fallbacks

when it is not), we can find more opportunities. In chapter 3, we show a framework for

making system optimization predictions using code embedding models. While we present a

particular instantiation of this framework, newer and more powerful models could be swapped

in. In chapter 4, we show a way to make predictions about a system, other than performance

optimizations, in an offline context. Here, we show an example of using these models offline,
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and another way to make progress, in spite of mispredictions.

Moving forward, as models continue to become larger and more complex, systems should

be built to accept and enable these ever-improving models to be used within them. We

discuss potential future directions related to this idea.

Offline Predictions for Online Optimizations While chapter 3 touches on this idea,

it has potential to be expanded. As models grow larger and more resource-intensive, it

becomes harder and harder to run them online, i.e., on the critical path during execution.

Even simple linear models or lightweight neural networks are troublesome to use online,

and larger models have too much runtime overhead. However, modern systems face highly

diverse workloads and are thus in need of constant adaption to handle different (seen and

unseen) situations. In order to do this, we need the large and powerful models of today –

but these are too slow to run online.

One way to solve this dilemma is by moving the prediction to be fully offline. However

this poses some key challenges, namely: how can we make such predictions offline, and

how can the predictions be used online? As we saw in chapter 3 and related works, source

code enables predictions about online behavior, but is accessible offline. This enables offline

predictions – so long as the predictions are accurate enough. However, the large explosion

of Large Language Models offer a great way to expand this research direction. While much

of the publicity is around natural language problems, the same techniques can be applied to

source code understanding, and achieve even better code predictions. Second, one way to use

these predictions is in the form of annotations. We could, for example, generate annotations

based on offline predictions about which objects are used together. Then, online, the system

could allocate them together. We could take this one step further and construct a knowledge

graph about our source code predictions, and embed this entire graph into a program, in

such a way that the information could be quickly accessed. For example, if we take this code

path, it corresponds to this node or edge in the knowledge graph.

One other practical challenge in this area is collecting the data needed to train the model.
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In our ISMM work, we experienced first-hand how difficult it is to instrument a production

JVM and collect the data. Some frameworks or APIs should be developed to more easily

enable collection of this training data. Projects such as MMTk [21] could be a great start

for trying this for machine learning garbage collector optimizations.

AI Governance and Compliance Considerations While it has always been a concern,

recent attention on Large Language Models helps to show that we should also be cognizant

of how these models are being trained and how they are being used. For example, when

creating datasets over our Big Data systems workloads, are we carefully considering what we

sensitive customer data we are working with and training the model on? Importantly, are

our large machine learning pipelines all compliant with the regulations in our municipality

or state? It has become increasingly important, for both individuals and companies, to be

mindful of these problems in this space. As we continue to improve our machine learning

models, we should also develop new methods and tools for governance and compliance.
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